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Abstract 

Terrestrial LiDAR has been used to make detailed assessments of forest structural parameters that are 
crucial to forest resource management, research of forest ecosystems and wildlife habitat. To estimate these 
parameters accurately by terrestrial LiDAR needs full views of trees. It requires registration to combine multi-
scan terrestrial LiDAR data. However automatic registration methods suitable for forests are rarely seen but 
they are needed to improve the efficiency of applying terrestrial LiDAR in forests. This paper describes an 
automatic method to align multiple scans with stem features. Neither the placing of artificial reflectors nor the 
measurement of scanners’ orientations is required by this method. First, stem centres near the ground 
namely tree locations were extracted as feature points by separating trees, estimating stem profiles and 
modeling stems as lines. Secondly, an iterative match algorithm based on the invariance of spatial 
distributions of points was introduced to search matched feature points. Thereafter these matched feature 
points were used to align scans together in sequence. We applied this method to 20 scans of forests 
collected by Riegl LMS-360i in Culai Mountain National Forest, Shandong Province, China. The results 
showed that the method extracted tree locations with lower vertical positions than the actual ones. The 
iterative match algorithm matched corresponding feature points correctly. Extracted tree locations and their 
correct match could give coarse alignments of scans that was acceptable as an initial input for further fine 
registration. 

1. Introduction 
Forest structural parameters, such as tree height, crown width and DBH (diameter at breast height), are 
essential data in forest inventory and they provide critical information for the study of forest ecosystems. 
Accurate forest inventory data are also crucial to forest resource management and wildlife habitat 
assessment (Gong et al. 1999). Recently, terrestrial LiDAR has been used to make highly efficient, accurate 
and detailed assessments of forest structural parameters (Watt and Donoghue 2005, Henning and Radtke 
2006, Bienert et al. 2007, Maas et al. 2008, Huang et al. 2010). 

The accurate extraction of forest structural parameters with terrestrial LiDAR needs full views of trees without 
shading zones. It requires registration to combine multiple scans of forests. Registration methods are broadly 
categorized as user-guided and automated (Henning and Radtke 2008). User-guided methods require 
manual selection and match of common feature points in overlapping scans. Such feature points are 
sometimes created by using artificial reflectors (Simonse et al. 2003, Huang 2008). However, placing artificial 
reflectors in forests is time-consuming and troublesome (Huang 2008), and sometimes even impractical 
(Henning and Radtke 2006) due to the complex natural environment. Automated methods rely on computers 
to detect and select features (points or other geometric representations) and then match them automatically. 
The most commonly used automated method is the iterative closest points (ICP) algorithm (Chen and 
Medioni 1991, Besl and McKay 1992) and its variants (Rusinkiewicz and Levoy 2001). The ICP algorithm 
and its variants do not cover the detection of features but match them according to their distances apart in 
Euclidian space (Besl and McKay 1992) or other characteristics such as points’ normal distances from a 
destination surface, angles between normals and so on (Rusinkiewicz and Levoy 2001). ICP-based methods 
could give registrations with high accuracy but tend to fail if they are used without the detection and matching 
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of sufficiently reliable features to perform coarse registration beforehand. Many studies seek to fulfill coarse 
registration automatically before further fine registrations with ICP based algorithms. Mian et al. (2004) 
represent a surface of objects by fourth order tensors and use a correlation and verification technique to 
establish correspondences between surfaces that are used for coarse registration. Bae and Lichti (2008) 
propose a method using changes of geometric curvature and approximate normal vector of the surface 
formed by a point and its neighborhood to search for possible matched points. In addition some studies 
propose registration methods without ICP. He et al. (2005) introduced complete plane patches as features 
that were matched by searching an interpretation tree generated from features and then performed 
registration with matched features directly. Dold and Brenner (2006) extracted planar patches textured with 
image data and matched patches by correlations. However, most of these automated methods are 
developed based on buildings and engineered objects. Their applications in forests are limited due to more 
surface irregularity, spatial variability and occlusion than buildings and engineered objects. Recently a few 
studies have tried to develop automated registration methods suitable for forests. Bienert and Maas (2009) 
introduced an automatic method to align scans in forests via tree axes and only one artificial reflector. And 
the scanner has to be leveled when scanning. Henning and Radtke (2008) fulfilled registration in a forest 
with feature points extracted from the ground surface and estimated stem centres that have to be matched 
manually by visual analysis. Moreover the scanner’s positions and orientations need be measured in the field 
for initial registration. However, manual visual analysis on forest scenes is still time-consuming and 
measurements of scanners’ orientations may be hard to carry on in forests or sometimes not accurate 
enough even for coarse registration. Thus an automatic registration method based on features of forests 
without other manual intervention is desirable for applications of terrestrial LiDAR in forests.  

In this paper, we develop a method to perform coarse registration automatically suitable for forests where 
artificial reflectors are not used and initial scanner positions are not known. Our objective is to detect and 
select feature points from scan data of forests and then match them automatically to align multi-scan 
terrestrial LiDAR data. 

 

Study area and data 

Study Area 

We selected the Culai Mountain National Forest in Shandong Province of China (117°16′~117°20′E, 
36°02′~36°17′N) as our study area. This site is about 7,164 hectares and covers nine forest management 
units, see Figure 1. 

 
Figure 1. Location of Culai Mountain in Shandong Province, China. 

A 200m by 40m subset area in Taipingding was chosen to acquire LiDAR data due to the relative flat terrain 
with low relief and there are only a few short slopes around it. The high resolution image of this subset area 
is shown in Figure 2(a) with sixteen scan stations marked with black dots. As shown in Figure 2 (b), at this 
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plot most trees had approximate straight stem. Few tree stems bent. The understory vegetation is sparse 
weed less than 30 cm in heights. 

Terrestrial LiDAR data 

We collected terrestrial LiDAR data in October 2007 using a Riegl LMS-360i with a data acquisition rate of 
24,000Hz. The scanner measured the distance based on time-of-fight measurement with a 360° horizontal 
scanning range and 90° vertical scanning range. Its range of distance measurement is 1~200m. Four scan 
stations were chosen to acquire a full view of a 30m by 30m plot (red box in Figure 2(a)). Vertical and tilted 
with 90° scans as illustrated in Figure 2 (c) & (d) respectively were combined to obtain the complete vertical 
information of trees. The tilted scan was done four times at a 60° angular interval to achieve a complete 
circular scan at each station. Totally we collected 20 scans at this plot, including 4 vertical scans and 16 tilted 
scans. These scans were marked with scan ID as shown in Table 1. For example, “11V” denotes the vertical 
scan at the 11th station and “6T2” denotes the 2nd tilted scan with 90° at the 6th station. The angular scan 
resolution of the scanner was set 0.1°. The geographical positions of scan stations were recorded by 
differential GPS. 

 

 
Figure 2. (a) Positions of scan stations. Black dots represent the scan positions of terrestrial LiDAR scanner. Four 

stations used in this study are within the red box. (b) Illustration of part of point clouds. 
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2. Methods 

Outline of multi-scan registration 

We align all scan data by in-station and between-station registration methods given by Huang et al. (2010). 
First, tilted scans are aligned to the vertical scan within a station which is called in-station registration. 
Second, adjacent in-station scans are aligned to one another, which is called between-station registration. 
This registration method is used to align every two scans with an overlapping area and then to link them 
together in sequence. 

In a pair of two scans, one has to be transformed into the coordinate system of the other and in this study we 
call the former one the source and the latter the destination. Feature points from the overlapping area are 
used to calculate transformations. Let , , ,( , , )s i s i s ix y z  and , , ,( , , )d i d i d ix y z  denote point i, in the source and 
destination, respectively. This transformation in 3-D space is described as following: 

, ,

, ,

, ,

( )
( )

,
0 1 ( ) 0 1

1 1

s i s i

s i s i

s i s i

x t x
R T y t y R T

TM
z t z

⎡ ⎤ ⎡ ⎤
⎢ ⎥ ⎢ ⎥⎡ ⎤ ⎡ ⎤⎢ ⎥ ⎢ ⎥× = =⎢ ⎥ ⎢ ⎥⎢ ⎥ ⎢ ⎥⎣ ⎦ ⎣ ⎦
⎢ ⎥ ⎢ ⎥
⎣ ⎦ ⎣ ⎦

v v  (1) 

where ( ), , ,( ), ( ), ( )s i s i s it x t y t z  are the transformed coordinates, R  is a 3 by 3 matrix that is defined by three 

angles of rotation, T  is a vector that relates origins of the two coordinate systems, 0
v

 is a zero vector in 
three dimensions, TM  is called a transformation matrix. We estimate TM  by minimizing the error function 
as following: 

 

( ) ( ) ( )2 2 2

, , , , , ,
1

1 ( ) ( ) ( )
N

d i s i d i s i d i s i
i

MSS x t x y t y z t z
N =

⎡ ⎤= − + − + −
⎣ ⎦∑         (2) 

 

where i  stands for ith points, MSS  is the mean of squares of Euclidean distances between transformed 
points and their counterparts in the destination. To solve the minimization problem described by equation (2), 
we use the active-set optimization algorithm (MATLAB, 2010). For robustness of estimation, we empirically 
choose at least four pairs of matched feature points to estimate TM . 

 

Extraction of feature points in a single scan 

We extract tree locations defined by the centres of stems near the ground as feature points from each single 
scan with three steps as following:  

1) Preprocessing scan data. We rotate the tilted scan about y axis to align stems so that they become 
perpendicular to XY plane in the transformed coordinate system. It is done by transforming the tilted 
scan via tilted verticalTM →  as following: 

 

0 0 1 0
0 1 0 0
1 0 0 0

0 0 0 1

tilted verticalTM →

⎡ ⎤
⎢ ⎥
⎢ ⎥=
⎢ ⎥−
⎢ ⎥
⎣ ⎦

 (3) 
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Figure 3 (a) illustrates the 16 tilted scans in their original scanner’s coordinate systems. Figure 3 (b) 
illustrates them after transformed by tilted verticalTM →  with showing vertical scans as well. 

 
Figure 3. (a) 16 tilted scans in their original scanner’s coordinate systems. (b) All 20 scans after tilted scans 

are transformed by 

2) Detection and classification of individual tree stem. A method given by Huang et al. (2010) is used to 
identify points from stems and to mark each point with an ID number indicating the tree to which it 
belongs. 

3) Determination of tree locations. With points of each classified individual tree, horizontal slices are 
intercepted with a predefined 0.1m thickness at a 0.1m height interval from the bottom point to the 
top. With the points of slices at different heights of each stem, we use a method given by Huang et 
al. (2010) to estimate centres of each stem. Thereafter we fit a line in 3D space with all the stem 
centres of a given stem by minimizing the sum of squares of distances from centres to the fitted line. 
During the fitting process, stem centres with distances to the fitted line greater than a given threshold 
(0.05m in this study) are removed as unreliable ones and then a new line is fitted again with the 
remaining stem centres. This fitting process is repeated until all the distances of the remaining stem 
centres to the fitted line are less than the threshold (0.05m). In addition no line is fitted if less than six 
stem centres remain. Each fitted line’s intersection with the ground is used as the tree location. The 
ground is represented by a coarse DEM derived from scan data. First a grid is created to find the 
lowest point in each cell. The cell is 10m by 10m and big enough to eliminate non-ground objects 
such as trees and understory. Then a DEM of 1m by 1m resolution is generated by interpolation with 
these lowest points using the ordinary spherical Kriging method. This method for generating the 
DEM here is very simple and the generated DEM will be quite coarse. 

Automatic matching of feature points 

The automatic matching of feature points, i.e. tree locations in the source and destination, makes use of the 
similarity between spatial distributions of matched feature points based on the method of Bienert and Maas 
(2009). We describe the spatial distribution of feature points with a so-called “distance pattern matrix”, for 
instance the matrices in Figure 4. 
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Figure 4. Automatic match of feature points. (a1, a2, a3) Feature points in S and corresponding SDPM  in 

1st , 2nd and last (5th) iteration respectively. (b1, b2, b3) Feature points in D and corresponding DDPM  in 
1st , 2nd and last (5th) iteration respectively. (c, f) All feature points are superposed with matched ones in S  
and D  respectively. (d, e) Projections of matched feature points on the XY plane in S  and D  respectively, 

to view distance pattern of each feature point clearly.  
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The value in ith row, jth column represents the distance between ith and jth points in a point set. The ith row 
represents the distance pattern of ith point. Let S  and D  denote the feature point sets of source and 
destination respectively. SDPM  and DDPM  denote distance pattern matrices of S  and D  respectively. 

Ideally, the distance patterns of matched feature points in S  and D  are identical because the distance 
between two points is invariant when they are rotated and translated (Figure 4 (d) & (e); points are plotted on 
a plane to view clearly). However in practice, it is impossible for the distance between two points in S  to be 
exactly the same as that of their matched points in D  due to location errors. Consequently we treat two 
distances as ‘identical’ so long as their difference is less than a given threshold disΔ  and call them ‘matched’ 
distances. 

 

It is nearly impossible to ensure that there are equal numbers of tree locations in S  and in D , for instance, 
there are 65 tree locations in S  (Figure 4  

Figure 4. Automatic match of feature points. (a1, a2, a3) Feature points in S and corresponding SDPM  in 

1st , 2nd and last (5th) iteration respectively. (b1, b2, b3) Feature points in D and corresponding DDPM  in 
1st , 2nd and last (5th) iteration respectively. (c, f) All feature points are superposed with matched ones in S  
and D  respectively. (d, e) Projections of matched feature points on the XY plane in S  and D  respectively, 

to view distance pattern of each feature point clearly.(a1)) but 60 in D  (Figure 4  

Figure 4. Automatic match of feature points. (a1, a2, a3) Feature points in S and corresponding SDPM  in 

1st , 2nd and last (5th) iteration respectively. (b1, b2, b3) Feature points in D and corresponding DDPM  in 
1st , 2nd and last (5th) iteration respectively. (c, f) All feature points are superposed with matched ones in S  
and D  respectively. (d, e) Projections of matched feature points on the XY plane in S  and D  respectively, 
to view distance pattern of each feature point clearly.(b1)). Some of the tree locations in S  have no 
counterparts in D  at all. Moreover, some tree locations may be false due to possible inaccuracy of 
extraction using the method described in section 3.2. Hence, we have to remove tree locations without 
counterparts or false tree locations and match correct feature points accurately. We achieve this goal by an 
iterative method as following. 

 

Calculate SDPM  and DDPM  using tree locations in the inputs S  and D  respectively. The number of 

points in S  and D  are denoted as SNumber  and DNumber  and m , n  represent two points 

( ,m S n D∈ ∈ ).  

Calculate ,m nC  and ,m nMDD  by equation (4) and (5). 
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,where ,m nC  and ,m nMDD  represent the count of matched distances under disΔ  and the average difference 

of matched distances between the mth row of SDPM  and the nth row of DDPM . For the same m , 

calculate ,m nC  and ,m nMDD  with all points in D , i.e. 1,2 Dn Number= L . A high level of similarity 

between distance patterns of point m  and point n  leads to a high value of ,m nC  and a low value of 

,m nMDD  for the same inputs S  and D . So we find point mN  in D  such that , mm NC is the maximum of 

, ( )m nC n D∈ . If more than one point is found, we choose the one with the lowest value of , mm NMDD . If 

there is still more than one point remaining, we remove point m  from S . Otherwise, point m  and point mN  

are matched. After finding the matched points mN  from D  for all points in S , i.e. 1,2 Sm Number= L , we 

obtain the set of matched feature point pairs denoted by ( ){ }, ,m mm N m S N D∈ ∈ . 

If some matched point pairs in ( ){ }, ,m mm N m S N D∈ ∈  have duplicate mN , it indicates that multiple 

points in S  corresponds to the same point in D  which is unexpected. Thus we remove these point pairs 

from ( ){ }, ,m mm N m S N D∈ ∈  and also remove relevant points m  and mN  from S  and D  respectively. 

If less than four point pairs are left, we relax the threshold of distance difference to 2 disΔ  and go back to 
redo step 1 to step 3. 

 

If the number of matched point pairs in ( ){ }, ,m mm N m S N D∈ ∈  is less than eight but no less than four 

and no point pair is removed in step 3, ( ){ }, ,m mm N m S N D∈ ∈  is output as the final matched tie points. 

If not, we generate new inputs S  and D  with points m  (constituting S ) and mN  (constituting D ) 

respectively from half of the point pairs in ( ){ }, ,m mm N m S N D∈ ∈  with highest , mm NC . Then we update 

the threshold of distance difference to 2disΔ . Using the new feature points and threshold, we repeat step 1 
to step 4. If the condition of termination is not achieved when the count of iterations reaches a given 
maximum, no matched feature points are found. 

Figure 4 illustrates this iterative process by giving changes of SDPM , DDPM  and disΔ  in 1st, 2nd and last 
(5th in this case) iteration. 

 

Registration with matched feature points 

Matched feature point pairs which are identified by the method of section 3.3 are used to calculate 
transformation matrix TM  via the algorithm of section 3.1. 

On the other hand, considering that the DEM is quite coarse, the Z values of these feature points are 
possibly inaccurate. In addition, stems in our study plot are generally perpendicular to XY plane. Hence we 
try performing registration with projections of feature points on the XY plane. That is to say we use 

{ }, , , ,( , ,0) ( , ,0)s i s i d i d ix y x y↔  denoted by ‘Prj’ instead of { }, , , , , ,( , , ) ( , , )s i s i s i d i d i d ix y z x y z↔  denoted by 

‘NoPrj’ in registration. After doing in-station and between-station registrations, we align all scans to the 
coordinate system of scan 6V in a sequential manner. For example, 7 1 6T VTM →  denoting transformation 
matrix used to align scan 7T1 to scan 6V is calculated as the following: 

7 1 6 7 6 7 1 7T V V V T VTM TM TM→ → →= ×                                    (6) 
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3. Results and Discussion 

Extraction of feature points in single scan 

Table 1. Number of feature points in each scan, iteration counts, initial and final disΔ  of automatic match 

registration, number of matched feature point pairs, square root of MSS  

 
 

Table 1 lists the number of tree locations (feature points) extracted from each scan. A typical part of point 
cloud in the scan 6V (orthogonal view in Figure 5 (a), perspective view in Figure 5 (b)) is shown in Figure 5 
(c) (orthogonal view) and Figure 5 (d) (perspective view). Most points of stems (showed with non-grey colors) 
were identified by the method of section 3.2. False stem centres are removed as unreliable (black squares in 
Figure 5 (d)) by the line fitting method of section 3.2. 
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Figure 5. Extraction of feature points. (a) Orthogonal view of the scan 6V. (b) Perspective view of the scan 

6V. (c) Orthogonal view of a part of the scan 6V marked by red box in (a). Different colors of points represent 
classified different stems. The numbers next to stems are the ID of stems. (d) Perspective view of part of the 

scan 6V. Different colors of points represent classified stems. The numbers next to stems are the ID of 
stems. The gray represent points classified as non-stem. The colorful surface under the point cloud is the 

DEM. Red and black cubes respectively represent reliable and unreliable stem centres. Dark green lines are 
the fitted lines. Black tetrahedrons represent tree locations estimated by the method of section 3.2 

Tree locations determined by the intersections between fitted lines (dark green lines in Figure 5 (d)) and the 
DEM (colorful surface in Figure 5 (d)) were lower in vertical positions than the true locations due to the 
inaccurate DEM being lower than the actual ground (Figure 5 (d)). Selection of lowest points simply in each 
10m by 10m cell as positions of the ground led to a lower DEM than the actual. A more accurate DEM was 
needed to give more accurate tree locations. 
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Automatic matching of feature points 

We did 19 experiments of automatic match as listed inTable 1. Iteration counts were at most 5. Changes of 
eight parameters during iterations for all 19 experiments were analyzed to see how our algorithm works 
(Figure 6). The eight parameters were defined as following: 

a) SNumber , number of input feature points in source. 

b) DNumber , number of input feature points in destination. 

c) ( ){ }( ), ,MFPP m mNumber card m N m S N D= ∈ ∈ , number of matched feature point pairs.  

d) ( ) ( ) ( ){ },,
, , , , ,mm

m

m Nm N
m N m m m

MFPP

C
MeanC m N m N m S N D

Number
= ∈ ∈ ∈
∑

, average count of matched 

distances between distance patterns of points in S  and D . 

e) disΔ , threshold to determine matched distances. 

f) ( ) ( ) ( ){ },,
, , , , ,mm

m

m Nm N
m N m m m

MFPP

MDD
MeanMDD m N m N m S N D

Number
= ∈ ∈ ∈
∑

, average distance 

differences between distance patterns of points in S  and D .  

g) MFPP
MFPP

S

NumberRatio
Number

= .  

h) , mm N
C

MFPP

MeanC
Ratio

Number
= . 

 

 
Figure 6. Parameters in each iteration of 19 experiments of automatic match. Black bars represent no iteration. Empty 

bars in (d), (f) and (h) represent no value due to no matched point pair at that iteration. (a) SNumber
. (b) DNumber

. 

(c) MFPPNumber
. (d) , mm NMeanC

. (e) disΔ
. (f) , mm NMeanMDD

. (g) MFPPRatio
. (h) CRatio

. (i) Color bar of 
count, for (a), (b), (c) and (d). (j) Color bar of distance, for (e) and (f). (k) Color bar of ratio, for (g) and (h). 
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Although SNumber , DNumber  and MFPPNumber  (Figure 6 (a), (b) & (c)) decreased with iterations, 

MFPPRatio  (Figure 6 (g)) generally increased to one (bright red bar) in the last iteration for all 19 

experiments. MFPPRatio  told us whether there existed false feature points without counterparts. 

1MFPPRatio =  meant an expected result that false feature points without counterparts were removed and all 

points in the input S  found correct matched points in D . Note that MFPPRatio  was much less than one in 

the 3rd iteration of No. 3, 8, 10, 15 and 19 experiments with 0.025mdisΔ =  while MFPPRatio  increased to 

one in next iteration with 0.05mdisΔ = . And the matched point pairs in the last iteration for these five 
experiments were found to be correct (not shown here). We inferred that 0.025m was too strict for these 
inputs to give enough matched point pairs and our algorithm adjusted disΔ  to a larger value. 

 

, mm NMeanC  and , mm NMeanMDD  described the mean level of similarity between distance patterns of 

matched feature points in S  and D . A value of , mm NMeanC  closer to MFPPNumber , i.e. CRatio  closer to 

one and smaller , mm NMeanMDD , indicated a higher level of similarity and thus a better match of feature 

points. CRatio  mostly came to 0.75 in the last iterations (Figure 6 (h)). It indicated that distance patterns of 

points in S  and D  did not match with each other completely due to errors of point positions. Figure 6 (h) 
showed some values even greater than one (dark red bar) because a larger value of disΔ  in those iterations 
led to too many matched distances, some of which were falsely matched by our algorithm. Consequently this 
caused abnormally larger , mm NMeanC  than MFPPNumber . In addition, too small disΔ  led to not enough 

matched point pairs, i.e. too small MFPPNumber  that also caused an CRatio  abnormally greater than one, 
such in No. 10, 15 and 18 experiments. The two situations both indicated possibly incorrect matches of 
feature points in S  and D . On the other hand, , mm NMeanMDD  generally decreased with more iterations, 
which indicates that differences of matched distances became smaller. It implied more accurate positions of 
matched feature points.  

disΔ  was adjusted during iterations automatically by the matching algorithm. The algorithm should select as 

low disΔ  as possible so long as it could give enough matched feature points pairs with this low disΔ  and 

found those pairs with as low , mm NMeanMDD  as possible. 

 

Registration with matched feature points 

We did 19 experiments of registrations, including in-station registrations of the four scan stations (No.1 ~ 
No.16 in Table 1) and between-station registrations (No.17 ~ No.19 in Table 1) using the matched feature 
point pairs found by the automatic match algorithm. Two manners of using feature points i.e.   denoted by 
‘Prj’ and   denoted by ‘NoPrj’, gave different results of registrations illustrated in Figure 7 (a) and (b). Square 
root of   calculated by equation (2) were listed in Table 1 and shown in Figure 8 with final   and   in last 
iterations for 19 experiments. As we could see from Figure 7, registration result by Prj was better than by 
NoPrj and root of   by Prj were smaller than that by NoPrj (Table 1, Figure 8). It was because Prj did not use 
inaccurate Z values of feature points. However, the two manners of using feature points both only gave 
coarse registration result. Common stems and braches aligned together generally but not accurately (Figure 
7). The ground did not align together, especially along the Z axis. Square root of   by Prj and NoPrj were 
0.041m and 0.083m respectively that were sufficient for coarse registration but not for fine registration. 
Further fine registration either automatically or manually could be done on the basis of this result. 
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Figure 7. (a) All 20 scans after registration using feature points in the manner ‘Prj’. (b) All 20 scans after 

registration using feature points in the manner ‘NoPrj’. 

 

In addition, we compared square root of 
MSS , final disΔ  and , mm NMeanMDD  

(Figure 8) and found that low root of MSS  
such as No. 1, 7, 14 and 17 corresponded to 
low disΔ  and , mm NMeanMDD . Low disΔ  

and low , mm NMeanMDD  both implied small 
differences of matched distances between 
distance patterns of points, which indicated 
minor error of feature point positions. 
Feature points with more accurate positions 
gave better registration. 

 

Figure 8 Line chart of square root of MSS , final disΔ
 and 

, mm NMeanMDD
 in last iterations for 19 experiments. 

4. Conclusion 
An automatic registration method suitable for forests is described in this paper. It is shown that stem centres 
near ground, namely tree locations could be extracted and used as reliable feature points for forests. An 
iterative match algorithm with varying threshold is used to search matched feature points automatically 
based on their spatial distribution described by distance pattern matrix. It can be used to align scans without 
using artificial reflectors or measuring scanners’ orientations. This will improve the efficiency of applying 
terrestrial LiDAR in forests. 

 

It should be noted that the use of inaccurate DEM created from point clouds limits the accuracy of tree 
locations and registration results. A DEM with high accuracy would be helpful to improve registration. 
Although the automatic method here gives a coarse registration, it is acceptable to be the initial input for 
further fine registration. Completely automatic methods for further fine registration of scans in forests should 
be sought in future. 
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Abstract 
Terrestrial laser scanning is an efficient tool for collecting metric data even in forests. While numerous 
papers are about to derive classical forestry and single tree parameters, such as DBH, tree height, etc, the 
method records much more information, it records the actual state of the forest. We would like to exploit the 
possibilities better and compare the different methods through volume calculations of single trees. 

An overview on the stem metrics can be derived from terrestrial laser scanning is presented and discussed. 
The most common volume calculation formulas, from the single cylinder through truncated cones and 
tapering numbers and functions to the more complex free-form polygons, correlating to the metric 
parameters are presented. 

This research was carried out on a near natural complex and uneven aged forests. The following tree 
parameters were determined for group of species: DBH, diameter at crown base, height of crown base, 
tapering, diameter of slices, free-form polygons of slices. The different volume calculations are presented 
and evaluated afterwards. The accuracy and the complexity of the models are discussed in detail. The 
visualisations of the different models are also presented, and give a very demonstrative way to compare 
them easily.  

The results can help to choose the right method for volume calculations, assortments on standing trees, and 
visualisation purposes. 

1. Introduction 
Terrestrial laser scanning (TLS) has widely enlarged the possibilities on forest mensuration. Some 
researches utilises the more accurate determination of the classical parameters, such as diameter at breast 
height (DBH), tree and stand height, etc.; and some others define some novel parameters which were 
unavailable before. The volume calculations are one of the very classical determinations, and primarily 
based on the DBH and the height of the single tree. There are several studies on (semi-) automatic 
estimations of DBH. Hopkinson et al. (2004) demonstrated the potential of TLS in semi-automatic circle-
based DBH estimations. Aschoff and Spieker (2004) used a pattern recognition based on Hough-
transformation, and calculated a lot of important parameters on stems’ shape. Pfeifer and Winterhalder 
(2004) applied free-form curves, Wezyk et al. used polygons for modelling of the cross section of the trees. 
There have been also several researches on the tree height as well, but hardly any research deal with 
complex volume calculation based on TLS. 

The methods are presented here, try to define the crucial parameters for the volume calculation such as 
the DBH, the height of the monopodial trunk and the form number of it, with more reliability and accuracies 
and combining the results into volume calculations. 

Stem metrics 

Defining the volume of a stem requires horizontal and vertical measures of it. The most important horizontal 
measures of a stem are: 1) diameter (d), 2) perimeter or circumference (c) and 3) basal area (g). The most 
important vertical measure is the length of the tree or height (h). 

Modelling is essential for volume calculation of a standing tree. The horizontal extension, the cross 
section of a stem can be modelled by several ways. The circle is the most commonly used model. The 
ellipse is also common, but usually does not give much more accuracy against the extra parameter. The real 
cross section of a tree can be very far from the circular or even from the elliptical one, which can be 
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described by a free form polygon (FFP hereafter) easily (Figure 1Figure 1), can be defined by 1) polar or by 
2) Cartesian coordinates (Figure 1). 
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Figure 1: The Free Form Polygon and its possible descriptions 

The area of the cross section is the most important horizontal measure for volume calculations, which is 
usually referred as basal area (g). Calculation of the basal area in any of the above mentioned models is well 
known  
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The area of a free form polygon can be calculated from the Cartesian coordinates, too. This kind of area 

calculation is the most common in GIS software (equation (
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The most common group for trunk modelling is the conoids. Accepting the circular symmetry of the trunk, a 
conoid is a kind of body of revolution, where the relative area of cross section can be expressed by a power 

function of the relative length measured from the top (equation 
r
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The most common conoids applied for trunk modelling according to index r are follows: 
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Table 1: The overview of the conoids 

The applications of the form 
numbers (f) are very common in 
volume calculations. We used the 
special form number for breast 
height (f1.3), which expresses the 
ratio of the trunks’ volume to the 
volume of the base cylinder, which 
is a cylinder with the diameter of 
DBH and with the length of the 
height in this case. The form 
numbers of the conoids are also 
indicated in Table 1. 

 

2. Materials and methods 

The study area and its surveying 

The study area is situated in the Pilis Mountains, Hungary. The forest has been treated based on the Pro 
Silva rules here since 1999. This was the first of this kind area in the country, which was certified as 
demonstrational area (category ‘B’ – PSB) by the Pro Silva Hungary in 2001. 

The laser scanning campaign was performed in April, 2009. The point cloud was surveyed from 38 scanning 
position by a Riegl LMS-Z420i terrestrial laser scanner with two different tilt angle, resulted approximately 
360 million points. The co-registration and transformation of the points were done by the surveying company 
with the utilisation of a diploma work (Kiss 2009), which founded the geometric base for the laser scanning. 
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Figure 2: The study area with the scanning positions and the subsample area 
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The pre-processing 

The digital terrain model of the study area was calculated according to Király and Brolly (2007), 
supplemented by manual filtering. The points at breast height (1.25-1.35 m) were queried for the stem’s 
location. Our previous ‘crescent moon’ method (Király and Brolly 2007) has been developed further for 
creating a semi-automatic stem map. The areas without understory vegetation have to be delineated first, 
where the stems were identified automatically, and the best scanning position was determined, too, in the 
case multiply scans. The trees within the understory were identified manually approximately, and the 
algorithm determined the exact location and calculated the diameter. 

Determination of the basal area 

The basal areas were calculated for the whole area (9.5 ha) at breast height (1.3 m) in four different ways: 

1. crescent moon 

2. free form polygon determination 

3. least squares circle fitting 

4. least squares cylinder fitting 

The first one was circles fitted by the semi-automatic crescent moon method. 

 

A new method was developed for determination of the free form 
polygons. The circle – which was determined by crescent moon 
method first – was the starting point for the FFP. The points 
within a certain tolerance were selected, counted and sorted by 
the azimuth from the centre. The tolerances for azimuth-step 
and averaging were calculated based upon the number and 
angular distribution of the points. The radial distance of a group 
of points is continuously recalculated and smoothed, resulting 
an incessant and event polygon (see Figure 3. 

The DBH were calculated from the area of the polygon 
backwards here. The centroid of the FFP were taken as the 
improved location of the tree. 

The third one was a least squares circle fitting based on the 
locations and starting DBH from the results of the FFP method 
on the points above breast height (1.25-1.35 m). The cylinders 
were fitted to the points from 0.8 m to 1.8 m by least squares 
according to Brolly and Király (2009). The points were selected 
by the results of the FFP in this fourth method, too. 

Figure 3: The mechanism of the FFP 
algorithm 

Determination of the heights 

The lengths of the monopodial trunk were calculated for the subsample area (see Figure 2), which is 100 m 
by 80 m large with exactly 100 trees and nicely representing the whole area. 

A tracing algorithm based on the FFP method was developed to trace the trunk from the root up to the first or 
second significant arm. The basic idea was very similar to our previous method (Király and Brolly 2007), to 
slice the trunk, but we used the free form polygons here and watched the shape of it, to determine the 
junctions. The changes of the polygons’ area and its shape factor were the essential parameters to control 
here. The form number (f) was also continuously monitored to separate the trunk to parts with different 
properties. The current section was signed by the f, which was derived from the nearest integer of r. 
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Modelling the trunks and calculating the volumes 

Constructing the timber tree from the slices requires modelling. Modelling is the way to create the model of 
the trunk from the components previously generated and this makes the volume calculation available. The 
volumes have been calculated based on all four types of conoid (see Table 1) and all four types of basal 
area calculations (see Chapter 3.3). The volume calculations were referenced based upon the previously 
determined form number (f) of the current section, and the free from polygon area determinations and the 
appropriate functions, can be seen in Table 1. 

 

3. Results and discussions 

The basal area 

There were 1669 trees identified in the whole compartment, which means an 176 trees/ha average. The 
basal areas – calculated with all four methods – of the compartment can be seen in table 2 

 

Table 1: The comparison of the basal area calculations 

G (m2) CM FFP Circle Cylinder
Count 118 118 118 118
Average 0.2365 0.2091 0.2066 0.2092
Sum 25.0732 24.6718 24.3788 24.6909
Minimum 0.00769769 0.00781201 0.01056832 0.00723823
Maximum 0.55022561 0.52129926 0.48274969 0.46566257
Std 0.1043 0.0931 0.0933 0.0976
var 0.0109 0.0087 0.0087 0.0095  

 

The areas of the FFPs were used as reference. A very typical example for the deviations is presented on 
Figure 4. 
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Figure 4: The different determinations of the basal area 
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The distributions of the points along the perimeter of the tree are rarely even. The most extreme case when 
only a part was measured from one scanning positions, but 1/3 dense, 1/3 sparse and 1/3 no points is a very 
typical case in multi-scanning situations. 

The further developed CM method choose the scan position with the highest number of points and/or closest 
scanning distance, nevertheless the DBH and the basal area is the worst here. The determined positions and 
diameters are still very good as starting points for the other methods, which requires some input parameters. 

The free form polygons have not given much more accurate results then, e.g. the traditional least square 
adjustment circle fitting, but the recalculated centroid and the shape of the polygon is very precious for 
querying and selecting points are belonging to a trunk. 

The cylinder fitting usually gives a very similar results as the circle fitting, but this method is much more 
reliable in the case of low point numbers. 

The height of the monopodial trunk 

The automatic determination of the junctions based on free form polygons is far from perfect. It determined 
the junction and its height in 57% correctly. There were 11 trees (11%) where the determination produced a 
false positive. Most of these were understory vegetation in the neighbourhood, which bewildered the 
algorithm. Four trees were only with junction without recognition. The free form polygon method can trace the 
trunk much better, then the ‘traditional’ CM method, because it is less sensitive to noise and much more 
robust. The determination of the accurate height of the junction is ambiguous. The most promising way was 
the tracing back and force several times with different parameters, but it does not work automatically 
currently (see Figure 5). 
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Figure 5: The comparison between tracing up- and downwards 
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The volumes 

The volumes of the single trees are almost the same with the different modelling approach. The 
discrepancies between the different kinds of conoid’s modelling approach were always under 0.1%. This 
result was very surprising at first sight, but if we consider the isotropy of the model – the vertical dimension is 
usually 20 times bigger than the horizontal one –, and the fine vertical samplings (usually we applied 10 cm , 
or sometimes 5 cm saplings), then there is not any astonishing in it. The application of the FFP resulted 
much more realistic root (see Figure 6) 

 

 

 

 

Figure 6: 3D model of a trunk by FFPs, and details. 

 

4. Conclusions 
The calculation of the volume of single trees requires some horizontal and vertical measures. The basal area 
(g) and the height (h) were the most important horizontal and vertical parameter in this study. The improved 
crescent moon method served as a semiautomatic tool for the stem map and for the initial value of the basal 
area. A newly developed algorithm for free form polygon creation was applied for more accurate basal area 
calculation and more realistic basal area shape for 3D visualisation. The FFP algorithm was implemented for 
the determination of the first junctions and its height. The form factor of the 2D shape was monitoring to 
detect the junctions, and the 3D form number (f) was continuously calculated and the volumes were 
calculated according to the form. 
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The improvement of the DBH or the height was not very significant, but with the application of the free form 
polygons, the robustness and flexibility of the algorithm are much better. This portends the possible direction 
of the further improvements: the real automatic tracing of the trunks. 
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Abstract 

The Kyoto Protocol recognizes afforestation, reforestation, and forest management as forest sink activities. 
There has been, however, no standard and accurate certification method established for carbon credit. Lidar 
(Light Detection and Ranging) can be a good certification tool to prove the amount of carbon stock of forest, 
because lidar measurement is the most accurate to detect carbon change among remotely sensed data. The 
certification of forest carbon stock needs to monitor the change of stem volume and forest management 
activities such as thinning and pruning. Airborne lidar can provide the accurate tree parameters as well as 
forest management activities. Our study area is located at Sanmu city in Chiba Prefecture, Japan. The 
research area is used to be a good timber production place of Japanese cedar (Cryptomeria japonica). But 
most area is abandoned for a long time and is infected by tree disease, because timber production is not 
profitable and stands are not managed well. The infected trees have cracks on the stem causes the 
degradation of timber quality and prevent the normal growth of stem volume. To certify the carbon credit in 
this region, identification of damaged trees is required. Previous research shows the crown properties are 
significant variables to estimate stem volume. In this study crown volume is quantified by airborne lidar and 
used to get the relationship with stem volume. The healthy trees are better suited for generating carbon 
credit more. Then monitoring the tree health condition is desirable from airborne lidar analysis. The 
estimation of crown volume in this study is given by a computer graphic technique using radial basis function 
and isosurface. As the result, there is high correlation between field and airborne lidar measurement to get 
R2 of 0.91 and R2 of 0.75 for tree height and crown base respectively. Crown volume estimated by the 
wrapped surface is compared with stem volume derived from field measured tree height and stem diameter. 
The result shows that crown size is diminished after the crack appears on the stem surface f infected trees. 
Crown volume estimation derived by lidar has a good potential for identifying tree disease infection. 
 

1. Introduction 

Forest sink activities recognized by the Kyoto Protocol are afforestation, reforestation, and forest 
management. These activities are accounted as carbon credit. The carbon stock from forest is becoming a 
major credit for emission trading in the future framework. Moreover, United Nation has the collaborative 
program named Reducing Emissions from Deforestation and Forest Degradation (REDD) in developing 
countries. Monitoring forest activities are required for generating carbon credits. Active remote sensing 
technologies are expected to quantify and monitor carbon stocks and change. 

 

The country which set the target of carbon reduction under the Protocol is expected to reduce the carbon 
emission during the period. Japanese target is 6% and 3.8 % of it is allowed to count from forest carbon sink 
(around 13 million CO2 tons). Since 69% of the total Japanese land is classified as forest and the lands are 
limited to create a new space for afforestation and reforestation, the forest management of the natural and 
commercial plantation forest is considered to achieve the target. Furthermore, Japanese government set the 
target of 25% carbon reduction by 2020. To accomplish such a high percentage of the carbon reduction, 
domestic carbon trading should be introduced to trade the carbon credits among industries. And the carbon 
credit should be supplied well to fit the increasing demand from big emitter such as utilities. Forest carbon 
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sink will play a more important role in the carbon trading. Monitoring these forest change activities are, 
therefore, required for generating carbon credit. 

 

Single tree based parameters have been derived from airborne Light Detection and Ranging (lidar) as the 
followings: tree height (Andersen et al., 2006, Yu et al., 2004), crown width (Persson et al., 2002, Popescu 
and Zho, 2007), crown base height (Næsset & Økrand, 2002, Holmgren & Persson, 2004, Popescu & Zhao, 
2007), and crown volume (Kato et al., 2009). Patenaude et al (2003) compared approaches to quantify the 
forest carbon sink among several remotely sensed data include the both passive and active sensors. They 
concluded that lidar is the most accurate and appropriate tool for the estimation of forest carbon stock. 
Forest carbon stock is calculated by the multiplication among expansion factors (for branches, leaves, and 
roots), density factor (depends on species), conversion factor from cellulose to carbon (0.5), and stem 
volume given by an allometric equation using stem diameter and tree height. The allometric equations have 
been established using field measured stem diameter and tree height. Technically, tree height and stem 
diameter are only required to calculate carbon stock. Eventually, the certification of forest carbon stock 
needs to monitor the change of stem volume and forest management activities such as thinning and pruning. 
Airborne lidar can provide the accurate tree parameters as well as forest management activities. 

 

While the general algorithm and methodology to analyze lidar has been developed, Japanese local problems 
using airborne lidar have been raised by previous research (Hirata.2004, Omasa et al., 2003, Takahashi et 
al., 2005a, 2005b, 2006, Yone et al., 2002). Hirata (2004) and Takahashi et al (2005a) found the terrain 
slope effect to identify trees and measure tree height. And Takahashi et al (2006) discussed the penetration 
rate of closed-canopy and middle-aged (40–50 years old) hinoki cypress (Chamaecyparis obtuse) and 
Japanese cedar (Cryptomeria japonica) plantations. Takahashi et al (2005b) made various regression 
models for stem volume based on different slope condition. They found crown properties such as crown area 
and sunny crown mantle volume as a significant predictor variable for stem volume. Omasa et al. (2003) and 
Yone et al. (2002) made Lidar derived model to fit the field based allometric equations to estimate carbon 
stocks from densely planned Japanese cedar and pine (Larix letolepis Gordon & Picea jezoensis Carr.) 
forest.  

All of these previous approaches and techniques were required to solve Japanese local situation. There is 
another problem besides these conditions of Japanese forest. Most Japanese natural and commercial forest 
is located in rural mountainous area and the trees have been densely planted and have not been managed 
well so that tree disease is spread out for the wide area in our study site. We chose our study site over the 
moderate slope area to mainly focus on the tree disease issue in this region. 

 

 Since Takahashi et al. (2005b) shows the crown properties are significant variables to estimate stem 
volume, in this study crown volume is quantified by airborne lidar and used to get the relationship with stem 
volume. Certified carbon credit should be generated from good stand accumulates carbon stock well. The 
healthy trees are better suited for generating carbon credit more. Then the tree health condition is 
anticipated from airborne lidar analysis. 

 

Crown volume is also a good indicator for forest management activities such as pruning branches. To certify 
the forest carbon credit, crown volume can be a key predictor variable. The estimation of crown volume in 
this study is given by a computer graphic technique to quantify the crown volume of any irregular shape of 
trees. In this study Japanese cedar trees are only used to assess because of the influence of tree disease. 
The purpose of this paper, therefore, covers the following two topics; 

1) relationship between crown volume and stem volume. 

2) stem volume estimation influenced by the damage of tree disease in this region. 

Research site and field data 

The research area is located in Sanmu City, Chiba prefecture at the east of Chiba city, Japan (figure 1). The 
total area is around 9 km2. The area is a secondary forest and is used to be a good production area of 
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Japanese cedar. But the most area has been abandoned for a long time, since the forest operation was not 
economically feasible. The main coniferous species of our study is the most common species in Japan; 
Japanese cedar and hinoki cypress. The terrain of our study area is moderate in slope. Stands are mostly 
homogenous and partially heterogeneous, multi-layered stand age and mixtures of tree species. Summary 
of field measurement is shown in Table 1. Most Japanese cedar trees in this region are infected by the fungi 
(Cercospora sequoiae). The fungi are carried by wind and specially infect Japanese cedar trees. When trees 
are infected by the fungi, the stem has a crack which degrades the quality of timber and interrupts the 
normal and healthy growth of trees. Height of trees is influenced by the damage level of the infection. Two 
categories (damage or no damage) were, therefore, observed during the field work. The deeply cracked tree 
is shown in figure 2 to show the visual influence of the infection of the tree disease. 
 

 
Figure 1. Study site located at Sanmu city, Chiba Prefecture in Japan. The red boundary area was taken by 

airborne lidar data. 

 

Table 1. Summary of field measurement (n = 154) 

No damage Damage 
DBH (cm) 12.2～61 15.7～58.3 

Tree height (m) 16.6～32.4 18.3～31.6 

Crown base height (m) 10.1～26.6 11.6～25.6 
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Figure 2. The damage of crack on the stem due to the infection of the fungi (Cercospora sequoiae) 

 

We used subjective random sampling to collect data for the total 154 trees to measure tree height and crown 
base height using the clinometers Vertex Ⅲ(Haglöf Inc., USA). The tree species name and the damage were 
observed for all trees. The field-measured tree stem location was captured by the compact total station 
(Ushikata TEO Ray-130). In closed canopy, GPS location was not accurately collected. The vantage points 
under the open sky area were set using Trimble GeoXT handy GPS unit (Nikon-Trimble Inc., USA). All trees 
were georeferenced based on the location of vantage points. Stem volume equation of Japanese cedar tree 
is given by locally available allometric equation as follows; 

 

DBH between 6 cm to 10 cm: Log10V = 1.810505 log10 D + 1.041345log10 H – 4.205648 (1) 

DBH between 11 cm to 20 cm: Log10V = 1.787554log10 D + 1.164989log10 H – 4.288017 (2) 

DBH between 21 cm to 30 cm: Log10V = 1.564747log10 D + 1.103501log10 H – 3.907737 (3) 

DBH above 31 cm: Log10V = 1.741999log10 D + 0.981423log10 H – 3.995470 (4) 

where V = stem volume (m3), D = stem diameter and diameter at breadth height (DBH ) (cm),  

and H = tree height (m). 

In this study, Japanese cedar tree samples are only used to get the relationship between crown volume and 
the damage of tree disease infection. 

 

Lidar Data 

A small-footprint waveform airborne lidar dataset was acquired over this research site in August 2009 by 
Nakanihon Air Service, Japan. A small-footprint full waveform sensor is a new sensor and more points 
reflected from the inside of canopy can be received by this sensor. Figure 3 shows the effect of penetration. 
It is clear to see more points are collected relative to conventional sensor. The lidar sensor setting is shown 
on Table 2. The coordinate system of data associated with this lidar system is Japanese local coordinate, 9 
zones of rectangular plane coordinate. The flight campaign was conducted during leaf on season with 
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average altitude 450 m and 30 degrees scan angle. It is the same season of the fieldwork. Average point 
density is 20 points per square meter.  
 

 
Figure 3. More penetration of the inside of tree canopy using a small footprint full waveform sensor.The right 
figure is a new sensor data and the left figure is the data taken during leaf-off condition using airborne Optec 
ALTM 1223 sensor. The data was taken with average point density of 8 points per square meter at the same 

year of the new sensor. The points are colored by height. 

 

Table 2. A new airborne sensor setting 

Acquisition date  August 14th, 2009  

Laser sensor  Riegl LMS-Q560  

Laser wavelength  1,550 nm (Near infrared red )  

Average laser point  20 points/m2  

 

2. Methodology 
The detail algorithm used for lidar processing is described by Kato et al (2009). Firstly, Digital Canopy Model 
(DCM) is generated to identify tree location and measure tree height Secondly watershed segmentation 
algorithm (Sollie. 2003, Chen et al. 2006, Yone et al., 2002) is applied to DSM. Based on the segmented 
region, lidar points are classified horizontally. Lastly, a median filter (Holmgren & Persson., 2004) is applied 
to separate lidar points vertically between upper and lower canopy or understory vegetation. Classified point 
clusters are used for the following wrapped surface reconstruction to calculate crown volume. 
 

DCM generation 

Creating a Digital Canopy Model (DCM) comes from the difference between Digital Terrain Model (DTM) 
and Digital Surface Model (DSM). To create DTM, ground returns were classified from all returns by the 
vendor. Triangulated Irregular Network (TIN) is utilized to interpolate linearly among classified ground 
returns. TIN surface is smoothed by the natural neighborhood algorithm provided by ArcGIS ver 9.3 (ESRI 
Inc.) to create 50 cm by 50 cm DTM. Average point density (20 points per square meter) used in this study is 
high enough to generate 50 cm resolution of DTM. To fill the holes created by no returns on DTM, mean 
spatial filter was applied to DTM and to make a continuous DTM. DSM is also created by local maximum 
points within 50 cm by 50 cm grids. A 3 x 3 Gaussian filter (Hyyppä, et. al. 2001) was convolved over the 
DCM. DCM is used for segmentation labeling for lidar points in the following procedure. Elevation value of 
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each lidar point was subtracted by the elevation values of DTM to remove the slope effect for the following 
process. 

Watershed algorithm 

In order to segment lidar points, a marker controlled watershed algorithm (Chen et al. 2006) is used. In this 
study, a level set method is used to identify the local peaks of the smoothed DCM surface. In this approach, 
the plane continued progressively through DCM from top to bottom and ‘slices’ the DCM by 20 cm interval. 
For each sliced plane, a value of 0 is assigned for pixels whose height was less than the height of plane and 
1 for all others to create a binary image. For each binary image, a connected component labeling is 
implemented to label and classify the pixels. To identify the peaks, one sliced image at a certain height is 
compared with the other sliced image of the next height to see the difference between them. If the total 
number of labels increased from one image to the other, the marching sliced plane passed some local peaks 
of the surface and the locations of the missed local peaks are collected as treetops. 
 
At the same time, local peaks are set as markers and the marker-controlled segmentation (Chen et al., 
2006; Sollie, 2003) and a gradient flow analysis in eight neighboring pixels is used to determine which peak 
the surrounding pixels belonged to. All pixels are classified based on the number labeled on the local peak. 
From the classified image, the georeferenced pixels are used to assign all discrete lidar points into point 
clusters.  

Vertical separation of lidar points 

To separate between lower and upper canopy laser returns, we adapted a similar technique used by 
Holmgren & Persson (2004). The vertical height bin is generated to the maximum height. For each bin, zero 
is assigned to the bin which has less than 1% of the total point density and one is assigned for the others. 
Over the resulting binary bin, a one-dimensional 3 by 3 median filter (Holmgren and Persson 2004) is applied 
on the array of vertical height bin. The height of bin is generated from 0.1 to 1m by 0.1 m interval. 
Appropriate height of bin is influenced by the vertical profile of point distribution. If the profile is clear bimodal 
between lower and upper vegetation, any height of bin is acceptable. But if it is not clear and skewed 
towards upper height, smaller bin size is applied. As smaller bin is used, higher the height of separation is. 
The appropriate height of the bin is determined by the field measured crown based height. It is a semi-
automatic approach.  

Wrapping process and crown volume estimation 

Wrapped surface is the fitted surface over discrete Lidar points. Kato et al. (2009) used this technique for 
isolated trees to get R2 of 0.84 and 0.89 for coniferous and deciduous trees respectively. In this research, the 
same technique is applied to various stand conditions. 
 
The process of wrapping uses convex hull algorithm to extract crown surface points only, radial basis 
function to calculate 4th dimensional attribution using the normal vector of each point, and isosurface is 
applied to create three dimensional contour represents wrapped surface over points. The detail description is 
shown on Kato et al. (2009). And crown volume is calculated by calculus divergence theorem. Tree height is 
measured by the maximum height of lidar points within the segmented point cluster. And crown base height 
is measured at the bottom of the wrapped surface around the stem location (the mean coordinates of the 
wrapped surface). 
 

3. Result  
Out of all sampled trees, co-dominant tree segments are excluded due to poor segmentation result from 
watershed segmentation. Tree height and crown base height measurement are validated by field 
measurement, because the both variable is a significant variable to calculate stem volume and crown base 
height is also a significant value to estimate crown volume. And the relationship between the crown volume 
derived by the wrapped surface and stem volume given by the field based allometric equation is obtained. 
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The relationship with stem volume is classified by damage or no damage. Visualization of the wrapped 
surface is shown in figure 3. 

 
Figure 3. Visualization of wrapped surface reconstruction  

 

Validation of tree height and crown base height  

Tree height and crown base height derived by the wrapped surface are validated by the field measured tree 
height and crown base height (figure 4 and figure 5). Figure 4 shows R2 of 0.91 for tree height measurement, 
even tree height measurement is conducted under closed canopy site and it was difficult to see the tips of 
treetops. Figure 5 shows high R2 of 0.75 for crown base measurement.  
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Figure 4. Correlation of tree height between Lidar and field measurement. p-value is 0.00 (p < 0.01). 

 
Figure 5. Correlation of crown base height between Lidar and field measurement. p-value is 0.00 (p < 0.01). 

 

The relationship between crown volume and stem volume 

Crown volume estimated by the wrapped surface is compared with stem volume (figure 6). Tthe left side of 
figure 6 shows no damage samples and the right side of figure 6 shows samples has at least one crack on 
the stem.  

 
Figure 6. Crown volume estimation based on the damage of tree disease. 

 

4. Discussion 

Validation of tree height and crown base height  

Correlation coefficient (R2) of tree height and crown base height is high enough to derive these parameters 
from airborne lidar data in this research. From figure 5, R2 of 0.75 of crown base height shows that various 
height of bin appropriately separate between upper and lower canopy of vertically overlapped segments. 
Holmgren and Persson (2004) also got R2 of 0.71 using the same technique and Popesucu and Zhao (2007) 
used a voxel-based segmentation to get R2 from 0.73 to 0.78. R2 of 0.75 in this study is reasonable accuracy 
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compared with previous studies. Over homogeneous stands, the co-dominant trees cannot be segmented 
well enough to separate lidar points horizontally. If convex shapes of tree are not distinct due to high tree 
density, there is some limitation to segment lidar points. 

The relationship between crown volume and stem volume 

Since the new sensor (a small footprint waveform lidar) can receive laser returns reflected from the inside of 
canopy more, the wrapped surface reconstructed using the segmented lidar points can provide better crown 
shape. The crown base height was accurately obtained by airborne lidar. It indicates that airborne laser can 
reach the degree of crown base height. 

It is difficult to observe crown edge in densely planted area. In this study, the field measurement of crown 
volume was not feasible to validate the lidar derived crown volume estimation. Then crown volume 
estimation between no damage and damage trees is relatively compared in this study. Figure 6 shows the 
two different A and B region for the both no damage (left) and damage (right) figures. The figures show the 
change in A region when two figures are compared. The x axis shows the stem volume and y axis shows the 
crown volume. It is expected to have linear relationship between stem volume and crown volume like B 
region. But in A region, no damage samples have various crown size with the same stem volume. But the 
damage samples have constant smaller crown size. It means that the crown size is diminished after the 
crack appears on the stem. And it is reasonable to say that the damage of this tree disease causes to 
diminish the size of tree crown. It takes some time interval between the infection and the appearance of 
crack on the stem. There is an enough time interval between them to change tree crown size. Airborne lidar 
has a good application to detect the change caused by tree disease infection. 

This region is abandoned for a long time so that the pruning activities have not been conducted. The change 
shown in this study is, therefore, not related with forest management activities and more related with natural 
change of crown shape. But the tree crown shape is also influenced by tree density. In dense forest, trees 
stand close each other to interrupt the expansion of branches. In order to identify the influence of tree 
density, more samples are required to separate between the changes caused by tree density and by tree 
disease. 

The stem volume equations were established around 1960. The equation is too old to fit the current stand 
condition of this region. The spread of tree disease was not considered when the equations were made. 
Update of these equations is needed, because carbon sink from the growth of the infected trees is low. In 
monitoring the location of the poor growth of stem, the change of crown volume from multi-temporal data can 
provide better estimates. As the next step of this research, lidar oriented stem volume equation is 
established to monitor the carbon change for the certification of carbon credit. 

5. Conclusion 
A small footprint waveform sensor is used to estimate crown volume over densely planted area. The new 
sensor can receive more laser returns from the inside of canopy than the conventional sensors can. It is a 
good accurate tool to certify carbon credit in this region. To certify carbon credit, forest management 
activities and forest carbon stock are required to monitor efficiently. Crown volume is a good indicator to 
monitor the both. Since the tree disease was spread out in this region without any treatment, the crown 
health is mainly analyzed for the certification carbon credit. Tree height and crown base height measured by 
airborne lidar have high correlation with field measurement. And crown volume shows the change caused by 
the tree health status. As the next step of this research, more samples are collected to identify the crown 
volume changes comes purely from the tree disease. Then the goal of this research is to establish an 
updated allometric equation using airborne lidar data. 
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Abstract 

Nature and scope of features collected in tree cadastres of cities and municipalities differ widely. Among the 
basic parameters of such cadastral databases are the location of each single tree and other geometric 
features like stem diameter, crown diameter, height and sometimes basal area and volume. Field methods 
are applied in collecting those parameters but strategies employing aerial photographs and airborne LiDAR 
data promise a much higher efficiency. The latter ones are often combined with field methods which then 
may focus on vitality checks and assessment of possible damages for every tree. 

In this paper airborne laser data is analyzed to determine geometric tree parameters. A major advantage of 
airborne laser scanning is that the vertical tree structure can be directly measured. The approach chosen for 
processing the laser data is to employ filtering and classification methods mainly used in airborne LIDAR 
processing. Classification distinguishes ground and tree. Three approaches are proposed for single tree 
investigation (1) filed work to measure the diameter at the breast height (DBH) and tree position (2D 
coordinates) and identify the tree species, (2) semi-automatic approach for measurement of the crown 
diameter and height of the trees, (3) automatic approach for detection of the individual tree based on the 2D 
watershed algorithm. Regression analysis is applied for estimating the DBH. Proposed formulae for DBH and 
biomass estimation which are proposed in the literature are utilized and the related coefficients are 
estimated. 

1. Introduction 
Investigations on trees in urban areas are of great interest in forestry and city planning. For describing a tree 
with respect to its 3D structure or other characteristics, geometrical features of the single trees can be 
extracted in particular from recorded laser scanning point clouds. Terrestrial and airborne laser scanning is 
nowadays playing a significant role in recording 3D information about urban vegetation. Geometrical 
parameters of the trees may serve as proxies for tree properties like biomass and leaf mass. Proposing 
methods for representing the vertical canopy structures is one of the main issues in single tree investigation. 
“The major task of vertical canopy structure analysis is to detect the number of main canopy layers and the 
higher range of each canopy layer.” (Wang et. al. 2008) The important factor of single tree investigation 
using LiDAR data is that the measurements should be based on both upper and lower part of the canopy. 

The main objective of this research is to investigate the geometrical information of the trees in the urban 
area. Tree investigation is not only focused on the rural area but also the forest. Due to the different climates 
in different countries of the world, the amount of the trees in the urban and rural area will be different. In 
Germany, because of the high percentage of the forest cover (31% of the territory of Federal Republic of 
Germany), investigation of the trees is an important issue. Thus, after agriculture, forestry is the second 
largest land use form. The forest cover in Baden-Württemberg is the 38.1 % of the whole state (Roering, 
2004). In this regard, definitely, the single tree investigation outside of the forest like in the urban area is of 
special interest. 
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LiDAR is an active remote sensing technology that determines ranges by measuring the time of flight of an 
emitted laser to travel to a target and back to the detector. Accurate positioning and attitude data of the 
LiDAR system allows for retrieving 3D positions of the target points. Major application is the production of 
DTMs, but in recent years forestry applications have become more and more important. A major advantage 
of LiDAR is the provision of detailed information on both the horizontal and vertical distribution of vegetation 
in forests. LiDAR is widely used to measure forest and tree parameters in recent years; main reasons are (1) 
measuring forest structures directly, (2) range measurements of high accuracy and (3) reliable repeatability 
of surveys. 

Discrete return LiDAR systems have smaller footprint and very good horizontal resolution but require high 
point density. They are suitable for collecting parameters on an individual-tree base, such as crown 
characteristics. Waveform LiDAR systems produce more accurate height data but usually come with a larger 
footprint. Hence, they are indicative of multiple forest elements (Lim et al., 2003). Accuracy of LiDAR derived 
attributes is comparable to field enumeration techniques (Holmgren et al., 2004). 

Individual-tree detection and segmentation include neighborhood information of point clouds and pixels of 
Digital Surface Model (DSM) to derive physical features. Extraction, modeling and analysis of individual trees 
requires modern high-rate scanning systems with pulse rates of 100 000 pulses per second or more and a 
density of at least 1 point/m 2  (Vosselman & Maas, 2010). Calibration applied with (field) reference data is 
often limited. In many cases, individual-tree based approaches have not been calibrated at all. However, it is 
recommended to calibrate the data in order to avoid systematic errors in the applied models and to improve 
the volume and diameter estimation. 

 

Trees can be segmented by detecting local maxima in the first pulse image, using watershed algorithms. 
Region growing in a gradient image has a similar effect. Overlapping of trees or under-storey trees can not 
be detected. In dense forests the discrimination of individual trees can be problematic. Point clouds of lower 
density might cause the same problems. For characterization of under-storey trees the original point clouds 
must be used instead of DSMs or CHMs. Multi-storey forest stands can be classified using the height 
distribution of multiple returns. Number and sizes of suppressed trees can be predicted with estimated 
regression models. The accuracy of this result is dependent on the density of the dominant tree layer. Using 
wave-form signals, the number of extracted points can be increased by 18% to 57%, depending on the type 
of vegetation (Persson et al., 2005). 

Wang et al., (2008) have investigated fully automatic 3D single tree modelling in forest. In their research 
procedure, individual trees are extracted in different ways: from top canopy layer and sub canopy layer. The 
authors have reconstructed the 3D shape of the extracted crowns of the trees. For modelling of single tree 
crowns, first morphological opening and closing process is utilized in a hierarchical way in order to delineate 
the tree crown regions. In the next step they have used DSM-based single tree delineation algorithms which 
are based on morphological pouring or watershed. The most important factor in this part is that the region 
growing should be stopped when the neighbouring regions touch each other. 

Rahman et al., (2008) have investigated the tree crown delineation based on the density of the high 
points(DHP). In this research they have compared DHP and CHM for tree detection. In both cases for tree 
crown delineation they have used inversed watershed segmentation. They conclude that, compared to the 
CHM based approach, the DHP based tree detection and tree crown delineation performs better. The 
exceptions are coniferous trees. For this species the CHM based approach performs on a small scale better 
than the DHP approach. It is also mentioned that post-processing of tree crown segments is essential 
particularly for CHM based method to improve the accuracy of tree detection procedure and also tree crown 
delineation. 

 

For the experiments an area called Stadtgarten is used which is located in the city of Stuttgart, Germany. 
Stadtgarten covers an area of 456m*406 m. The data which is used in this research is mainly the airborne 
laser data as irregular and interpolated data, ground truth provided by field surveys, terrestrial laser data 
which is used only for testing the result of the automatic measurements. 

2. Measurement Procedure 
The workflow encompasses three parts: 
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Field work 

Field work is carried out to get reliable ground truth data for the test area. The following tree attributes have 
been collected: The diameter at breast height (DBH) of each tree is captured with the help of a tape measure 
and the coordinates of the trunks is measured using GPS and tachometry. During this field inspection the 
species of all trees is recorded as well. 

 

Semi automatic height and crown diameter measurement 

In this part, the main focus is to detect the height and crown diameter using semi automatic methods.  

First, the position of the tree is selected. The utilized data is the difference of first and last pulse of the 
interpolated airborne laser scanning (ALS) data. The next step is to draw a circle which surrounds the tree 
(the diameter of this circle is larger than crown diameter (CD) of the tree). Finally, the last step is to draw the 
profiles of four diameters of the circle (0°, 45°, 90° and 135°) and to calculate the mean value of the length of 
the profile to estimate the crown diameter. To calculate the height, obviously, the largest value of the pixels 
inside the circle is taken into account as top height. 

 

 
Figure 1 (a). Manual selection of the middle of the crown, (b) drawing neighbouring circle around the tree. (c) 

drawing four diameter of the neighbouring circle 

Proposed workflow of automatic height and crown diameter measurement 

We have used the difference of first and last pulse of the interpolated ALS data. The following workflow 
describes the automatic measurement of height and crown diameter: 

(1) Running 2D watershed algorithm. In this case, the data will be converted to a set of segments. 

(2) Plotting position of the trunks on the dataset (segmented image). 

(3) Labelling the trunk position and the segments.  

(4) Searching for the segments in which more than 1 trunk are located.  

(5) Subdividing these segments into more parts in which only one trunk is located into every sub-segment.  

(6) Associating segments in the neighbourhood of the individual trunks which have no segments.  

(7) The next step is grouping of the segments which are associated with the individual trunk positions. 

(8) Finally, the crown diameter and height of each tree will be calculated based on the segment(s) which 
is/are associated with the trunk. 

Experimental Investigation 

For the experiments an area called Stadtgarten is used which is located in the city of Stuttgart, Germany. 
The size of the rectangular test area is 456*406 m2. The diameter at breast height (DBH) of 116 trees was 
recorded manually in the field, together with the tree species. Aesculus hippocastanum (chestnut) is most 
prevalent with 57 individual trees, followed by Acer (10), Betula (7) and Taxus (6). 

 

Another field work was to measure the 2D position of the trunks. There are always some challenges in order 
to estimate the correct coordinates of the stem using only DGPS, because it is difficult to measure the trunk 
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coordinate under branches of leaves. Thus, apart from DGPS, laser range finder device is utilized. The rover 
of DGPS is Trimble Geo XH and the master can be connected to this hand-help GPS via receiver called Geo 
beacon (Trimble website, 2010). The laser range finder called TruPulse 360° B, sends the laser pulse and 
using the internal compass calculates the bearing (Lasertech website, 2010). The first result of the measured 
points is the polar coordinates of the target from the rover station. The coordinates of each target is 
transferred to the UTM with a reasonable accuracy (0.3 to 1 m). 

 

In semi-automatic measurement of the CD and height (H), as discussed, after selecting the point in the 
middle of the tree and drawing the profiles on the diameters of the circles, length of the profiles (red lines) is 
measured and the mean values of these lengths is assign as the CD of each tree. Table 1, shows some 
samples of measured CD based on the semi automatic approach. 

 

 
Figure 2. Example of four profiles over the tree, mean value of the horizontal length is assigned as CD[m]. 

In automatic measurement, vegetation area is extracted from the difference of the interpolated raster data 
sets of first and last return. Gray scale dilation of the last return data is applied to remove locations along 
building edges. Only points more than 1 m above ground are considered in the last step for removing small 
objects. The segmentation with a watershed algorithm produces tree outlines, which are displayed in Figure 
3(b). Some trees are over segmented, few are not detected as trees. 

 

  
Figure 3. Single tree segmentation before running (a) and after running (b) watershed algorithm, 

The segmentation is based on binary image. It means after producing the raster image, there should be a 
threshold taken into account to extract off-terrain binary image of vegetation. The pixel value of ground is 
assigned as 0 and the vegetation area is classified into1. By using this binary image, we have applied the 
distance transform to produce the catchment basin based on the distance from every pixel to the nearest 
nonzero pixel. Then watershed algorithm was applied to segment the trees in order to estimate the crown 
diameter (CD). As we see in the figure 3(b), the segments are more separable than the figure 3(a). But, there 
are automatically segmented and due to be sure if each segment is a single tree, more investigation is 
necessary. We may face some problems. There are either some segments which together show a single 
tree, or on the other side some segments are individually composed of more than a single tree. That is the 
reason of measuring position of the trunks. Figure 4(b) shows some sample position of the trunks (red dots) 
measured by the GPS and the segmented vegetation area. 
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Figure 4 (a, b). Seven samples of the trunk coordinate on the segments. 

There are seven samples of the trunks coordinates on the segments. The figure shows that the 
segmentation for most of the trees is appropriate. There is one exception in this figure belonging to the trunk 
in the middle of the samples points (displayed inside the cyan rectangle). The appropriate segment of this 
point cannot be identified because the point is outside of the segments. 

 

 
Figure5 a. Position of two trunks on the segmented area, b. top view of two trees, c. cross section of two 

trees 

In this case, there is more than one segment which can be associated with the trunk position because of the 
smallest distance of the trunk to the segments (figure 5(a)). The biggest neighboring segment is associated 
with one of the trunks, therefore, it is not taken into account. The remaining segments are appropriate to the 
distance threshold and will be associated with the isolated trunk. As it is shown by figure 5(b and c), more 
investigation on the irregular point cloud shows that the trunk should be associated with more than one 
segment. The point is surrounded by three small segments and by applying a certain distance from the point, 
these three segments will be assigned to the isolated trunk. 

 

 
Figure 6. Classified three segments as one segment 
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Regression Analysis 

The single tree attributes measured in the field as ground truth were used for fitting a regression equation to 
predict DBH with ALS-derived variables as predictors. The variable crown diameter (CD) was derived from 
ALS data by drawing profiles, height (H) were measured as the highest pixel value within the individual tree 
area in the ALS data. 

Table 2: Measured values of Aesculus 
hippocastanum trees 

Table 3: Estimates of regression coefficients for 
DBH 

 

Tree Species 
DBH 
[cm] CD [m] H [m] 

1 Aesculus 56,7 8,4 14,2 
2 Aesculus 55,1 8,47 13 
 3 Aesculus 41,4 8,27 13 
4 Aesculus 46,8 7 16 
5 Aesculus 50,0 7,3 16 
.... .... ... ... ... 
57 Aesculus 46.8 12.3 10.9 

Estimated parameters a0 a1 a2 
Aesculus 22.65 1.16 1.35 
Acer 9.07 0.55 1.79 
Betula 8.46 0.24 1.88 

In order to gain insight into the dependency of the diameter at breast height from the crown diameter and the 
tree height the linear model proposed by Popescu (2007) is used. 

 

HaCDaaDBH 210 ++=    (2) 

The data are the CD derived from ALS data by employing profile views, the H measured as the highest value 
within the individual tree area in the ALS data. Aesculus hippocastanum is used in this regression as most of 
the trees in the test field are from this species. The results for Aesculus hippocastanum are given in Tabble 1 
and 2. The standard deviations of the DBH (σ0) are 10.3 cm, 9.8 cm and 6.6 cm for Aesculus 
hippocastanum, Acer and Betula, respectively. However, only the results for Aesculus hippocastanum are 
based on a sufficient number of observations (57 trees), whereas the others are only indicative. 

 

 
Figure 7. Fitting a surface on the DBH[cm] values with respect to the CD[m] and H[m] 
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Figure8 . Linear regression of DBH[cm] with respect to the CD[m] (a) and H[m] (b) for Aesculus 

hippocastanum. 

Biomass estimation 

Biomass estimation using the ALS data is one of the most important aspects of forestry. There are quite a lot 
of formulas in this regards. The formula which we have used in this research for above ground biomass (dry 
weight in kg) is as follows: 

21
3.10

bb hdbB =     (3) 

where 0b , 1b  and 2b are the coefficients, d1.3 is the DBH (1.3 m above ground) and h is the height of the 
trees (H). The function was basically calibrated for the trees in the city of Karlsruhe. The trees were sampled 
using randomized branch sampling (Gregoire & Valentine., 2008). Based on the measurements, the entire 
above-ground tree volume was measured. The biomass equation was fitted as a multi-level model with tree 
species as grouping effect which acts only on the coefficient b2. In addition, the residual variance was 
modeled as a power function of the fitted values. Because of the large number of Aesculus hippocastanum 
trees, we used the species-specific coefficients as shown in Table 3. 

 

Table3. Coefficients of the allometric biomass functions 

  b0 b1 b2 
Fixed effects 0.08313406 1.80334833 0.98060397 
Specific coefficients for Aesculus 0.08313406 1.80830354 0.98060397 

 

  
Figure 9 (a,b). Scatter plot of calibrated biomass[kg] with respect to the H[m] (a) and DBH (b) for Aesculus 



Silvilaser 14th - 17th September 2010, Freiburg - Session 1  40 

3. Conclusion  
Trees in urban areas have a significant impact on human health and the environment. Comprehensive 
modeling assists planning and management of natural resources. The studies to be carried out focus on 
collecting 3D data by airborne laser scanning to derive detailed estimates of important tree parameters 
(DBH, CD, H and biomass).In general, the LiDAR-derived estimates of canopy variables are of the order of 
10 times more precise than those used in conventional forest models to date (Roth et al., 2007). 

The proposed method of semi- automatic measurement is simple and straight forward. The only challenge is 
to detect the central part of the tree in order to make a circular buffer with a special diameter. There might be 
some mismeasurement due to have close trees whose crowns are connected to each other.  

The automatic procedure is relatively faster than the previous method. Segmentation is more than 
necessary. Some are over – segmented. In this case, using the trunk position with respect to the proposed 
method is useful for grouping the segments which belong to an individual tree.  
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Abstract 

The objective of this paper is to evaluate a new approach for the automatic delineation of forested areas 
based on airborne laser scanning (ALS) and national forest inventory (NFI) data. In the Austrian NFI a forest 
area is mainly defined with four fundamental criteria. One of these criteria, the so called “crown coverage”, is 
the most complex variable and therefore the main focus of this paper is on defining and implementing this 
criterion in an automatic process to delineate forested areas. Based on Austrian NFI data functions were 
determined for two different test sites in Austria, describing the criterion crown coverage as a relation 
between tree height and the distance between trees. Based on the ALS data an automatic method on the 
basis of adapting �-shapes was developed to link these functions to the ALS data. The approach was tested 
for two different test sites in Austria. For the first test site a tree species independent function was applied. 
The results of the delineated forest mask are validated with a reference forest mask which was manually 
delineated based on orthophotos. The derived forest mask differ less than 1.6% from the reference forest 
mask and shows a very high accuracy. For the second test site tree species dependent functions were 
applied for the assessment of the crown coverage. The presented approach shows promising results and 
shows the high potential for the automatic forest area delineation based on ALS data. 

 

1. Introduction 
Acquiring topographic data of the Earth's surface is widely realized with airborne laser scanning (ALS). 
Especially for forestry applications height information is a fundamental input to derive different forest 
parameters (Means et al., 2000). There are several economical and ecological applications like e.g. the 
estimation of tree heights (Næsset and Bjerknes, 2001), growing stock estimations (e.g. Hollaus et al., 
2009b) or forest condition monitoring (Rutters et al., 1992). The determined results of these applications are 
highly correlated with the fundamental input parameters size and position of the delineated forest areas. 
Related to forest condition monitoring, the increasing need of a regional and global monitoring of e.g. 
deforestation requires an automatic determination of forested areas by means of remote sensing data since 
a manual delineation is a very time- and cost-intensive task. 

 

In the past mainly aerial images were used for manual or semi-automated extraction of forested areas. 
Shadowing effects limit this task especially for the detection of small forest clearings and the exact 
delineation of forest borders. Additionally the quality of the results of a manual delineation is highly correlated 
with the experience of the human analyzer and may lead to inhomogeneous, maybe even incorrect datasets. 
However, an automated method for forest delineation based on ALS data can overcome these limitations in 
most instances and shows objective and reproducible results at short evaluation times. Both, manual and 
automated methods to delineate forested areas require an exact geometric forest definition. Depending on 
the different locations worldwide many different national forest definitions are available (Lund, 2010) beside a 
global definition of Food an Agriculture Organization of the United Nations (FAO) (Zhu and Waller, 2003). 
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The forest definition of the Austrian national forest inventory (NFI) is mainly based on the four criteria (1) 
minimum height depending on an in situ reachable tree height, (2) minimum crown coverage, (3) minimum 
area size and (4) minimum area width (Gabler and Schadauer, 2006). Additionally the criterion of land use 
has to be considered. The criteria of minimum area and minimum tree height can easily be considered, 
whereas the parameter crown coverage is not clearly defined in the NFI. Therefore, this study aims at 
developing a generic, automated approach for delineating forested areas from ALS data using these three 
criteria with the focus on defining and implementing the crown coverage. The remaining parts of this paper 
are organized as follows: Section 2 describes the selected study areas and the used data. Section 3 
describes the methodology and implementation whereas Section 4 shows results and their discussions. 
Finally, concluding remarks are given in Section 5. 

 

 

Study area and data set 

In this contribution the approach for an automated delineation of forested areas is applied for two different 
study areas in Austria. For the first study area Ötscher an approach depending on tree species (coniferous 
and deciduous trees) is applied. The tree species are automatically extracted from full-waveform ALS data. 
For the second study area Zillertal a tree species independent approach is applied to discrete ALS data. A 
manual delineated forest mask is used for validation purposes within the study area Zillertal. 

 

Study area Ötscher 

The study area Ötscher covers an area of 2.2 x 1.5 km and is located in the southern part of the federal state 
of Lower Austria (Figure 1b). The predominant tree species are red beech (Fagus sylvatica), spruce (Picea 
abies) and larch (larix decidua) and cover about 80% of the trees in this area. For a previous study the BFW 
has installed a local forest inventory (FI) for this region. The tree species information from the sampled trees 
is used as reference for the validation of the derived tree species map. Further information about this study 
area can be found in (Hollaus et al., 2009a). The used full-waveform ALS data was acquired using a RIEGL 
LMS-Q560 full-waveform laser scanner during a flight campaign in January 2007 under leaf-off conditions. 
The mean flying height above ground was 620 m. The mean point density is about 30 echoes/m². For a 
knowledge-based classification of coniferous and deciduous trees the 3D point cloud with their observables 
echo width and the calibrated quantity backscatter cross section (Briese et al., 2008) as well as the 
distribution of the echoes in vertical direction were used. The achieved overall accuracy was 83% (Hollaus et 
al., 2009a). 

 

Study area Zillertal 

The study area Zillertal is located in the eastern part of the federal state of Tyrol and covers an area of 2.5 x 
2.5 km (Figure 1a). The lowest elevation of the study area is 620 m above sea level up to 1500 m above sea 
level at the highest point. The dominant tree species is spruce (Picea abies). Beside the forested areas 
buildings, cable cars and power lines can be found in the study area. The used ALS data was acquired using 
an Optech Inc. ALTM 3100 laser scanner during multiple flight campaigns in 2008 under leaf-off and leaf-on 
canopy conditions. The mean flying height above ground was 1200 m. The mean point density is about 5 
echoes/m². For the validation of the delineated forest areas a forest mask, which was manually derived from 
orthophoto interpretations, is used as reference. This forest mask was provided by the Amt der Tiroler 
Landesregierung, Abteilung Forstplanung. 
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Figure 1: Observed study areas (a) orthophoto of the study area Zillertal (b) orthophoto of the study area 

Ötscher (sources: Bing maps). 

Derived base products 

For both study areas the ALS data has been processed and filtered using the hierarchic robust filtering 
approach (Kraus and Pfeifer, 1998). As a digital terrain model (DTM) and a digital surface model (DSM) was 
derived. By subtracting the DSM from the DTM a normalized digital surface model (nDSM) was created as a 
fundamental base product for delineating forested areas. Additionally a slope adaptive echo ratio (sER) map, 
as a measure for local transparency and roughness, was derived (section 3.1). The derived products have a 
spatial resolution of 1 x 1 m. 

2. Methodology and Implementation 
As described in section 1 the criteria of the Austrian NFI (area, height and crown coverage) are used for the 
delineation of forested areas in this study. Based on the NFI the minimum area is defined with 500 m² and is 
applied by using GIS tools. The minimum height was set to 3.0 m and is considered by applying a height 
threshold on the nDSM heights. Artificial objects i.e. buildings, power lines and cable cars, which have similar 
objects heights as forests, are removed from the nDSM in a pre-processing step (section 3.1). The 
parameter crown coverage defines the projected crown area of trees within a reference area. Current 
automatic methods calculating crown coverage maps are commonly based on a moving window approach. 
The kernel size of the moving window, which defines the reference area, is a fundamental parameter. Since 
there is no exact definition of the size and the shape of the reference area available in the NFI, different 
results are derived if different kernel sizes and shapes (square, circle, and irregular polygons e.g. forest 
stands) are applied. Another limitation of the moving window approach is, that especially with circle- or 
square-shaped kernels smoothing effects occur at the border of a forest and at small clearings. To overcome 
these problems a method is investigated, which is currently used for the manual delineation of forested areas 
at the BFW. This method describes the crown coverage by the relation between the tree crown size and the 
distance between trees (section 3.2) and is originally based on the work of (Hasenauer, 1997). The transfer 
of this approach to the ALS data is described in section 3.3. For the derivation of the final forest mask all 
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previously describe processing steps are combined, the minimum area criterion is applied and a final check 
of the crown coverage within each delineated forest polygon is done (section 3.4). 

Removing artificial objects 

As all elevated objects e.g. buildings, forests, power lines and cable cars are present in the nDSM a pre-
processing step is required to extract a vegetation mask that represents the potential forested area. As 
shown in previous studies (Höfle et al., 2009; Hollaus et al., 2009a) the slope adaptive echo ratio (sER) can 
be used to differentiate between buildings and forested areas. The sER is defined as the ratio between the 
number of neighboring echoes in a fixed search distance of 1.0 m measured in 3D (a sphere) and all echoes 
located within the same search distance in 2D (a cylinder) (Höfle et al., 2009; Rutzinger et al., 2008). An sER 
value of 100% means, that the echoes within the 2D search radius describe a planar surface (e.g. roofs), 
whereas a sER value <100% means that the echoes are vertically distributed within the 2D search area and 
thus indicating transparent objects i.e. forests, building borders and power lines. An empirically determined 
sER threshold of sER less than 85% is used to extract the vegetation mask. Finally, morphological 
operations (open, close) are applied to remove the remaining building borders and power lines from the 
vegetation mask. 

Crown coverage calculation based on NFI data 

Based on the defined minimum crown coverage the maximum distances between trees are calculated, which 
are used as weights for the adapting α-shapes (see section 3.3). To derive the maximum distance the 
following two steps are necessary: 

• A statistical relationship between tree height and crown radius and  
• a mathematical relation between crown radii and the maximum distance between two neighboring 

trees to fulfill the crown coverage threshold. 

For the first step measurements of crown radii from the Austrian NFI were used. A subsample of measured 
trees was chosen for describing the crown radii for trees with low competition according to a border situation. 
Thus dense stands and trees of lower social classes according to (Kraft, 1884) were excluded. A short 
description of the data used is given in table 1. 

Table 1: NFI data description used for the statistical models between crown radius, tree height and elevation. 

  Coniferous trees Deciduous trees 
  n mean Std.dev. n mean Std.dev. 
Crown radius (m) 

1972 
3.14 0.97 

242 
4.56 1.76 

Tree height (m) 26.5 7.2 23.4 6.7 
Elevation (m) 1137 426 686 318 

For the second step a simple linear approach is chosen leading to the following model: 

Cr = a + b*H + c*E        Eq. (1) 

whereas Cr is the crown radius (m), H is the tree height (m), E is the elevation above sea level (m) and a, b, 
c are factors that are different for coniferous and deciduous trees. 

The mathematical relation between crown radii and the maximum distance between the trees to fulfill the 
crown coverage threshold of the forest definition is a complex problem. For our study a simple solution is to 
restrict the problem to two trees and define the forest area of these two trees as the area between the trees 
including the crown projections as shown in figure 2a. The mathematical derivation of the forest area is 
simplified (figure 2c) by neglecting the exact solution as shown in figure 2b. According to this approximated 
solution the relation between the maximum distance and the crown radii for variable crown coverage 
thresholds can be derived as: 

d = f*(Cr1
2 + Cr2

2 ) / (Cr1
 + Cr2

 )      Eq. (2) 

whereas f is a constant for different crown coverage thresholds. 
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Figure 2: Forest area of two neighboring trees at the borderline. d is the distance between the trees, r1, r2 are 
crown radii. (a) General solution, (b) exact solution and (c) approximated solution for the area between the 

trees. 

Crown coverage calculation based on ALS data 

The determined relation between tree height, sea level, main tree species and crown diameter as well as the 
relation between crown diameter and crown coverage, both derived from NFI data (section 3.2), are applied 
to the ALS data. 

In the first processing step the tree species specific crown diameters are assessed for the coniferous and 
deciduous trees. The input parameters are the tree height, the sea level and the tree species (see section 
3.2). For the study area Zillertal only coniferous trees and for the Ötscher test site both coniferous and 
deciduous trees are considered. The derivation of the tree species map for the Ötscher test site is described 
in section 2.1. For the extraction of the tree heights the positions of single trees have to be determined. This 
is done by using a local maxima filter based on a circular kernel with a diameter of three pixels. Furthermore, 
the criterion of the minimum tree height is considered. For each detected tree position the sea level is 
determined by the DTM and the tree height is extracted from the pre-processed nDSM (see section 3.1). 
Applying Eq. (1) the crown diameter for each tree is computed. 

In the second processing step adapting α-shapes are used to consider the maximum allowed distance 
between trees taking into account the required minimum crown coverage of 30%, which is defined in the NFI. 
In detail the distances between trees are calculated using a Delaunay triangulation of the detected tree 
positions. The Delaunay triangulation is calculated using the Open Source software CGAL. The α-shape of a 
set of 2D-points is a "shape" following the outline of the given points. Depending on the value of α, the shape 
follows cavities or displays inner holes to a larger or lesser extent (Edelsbrunner and Mücke, 1994) . In our 
case, the length of the maximum allowed distance between trees (see equation 1) defines the value α and is 
adapted for each tree pair, depending on tree species and crown diameter. Each triangle is validated if all 
edges are shorter than the maximum length calculated based on Eq. (1). If this criterion is not fulfilled the 
triangle is deleted. The remaining triangles are combined to connected areas and provide a potential forest 
mask.  

Forest area delineation 

For the delineation of the final forest mask, additional post-processing steps on the derived potential forest 
mask (section 3.3) are required. As the borderlines of the derived potential forest mask represent the tree 
stem axis, the potential forest mask is buffered by the half of the maximum available crown diameter found in 
the study area. In order to prevent an overestimation of the derived forest mask the buffered area is 
intersected with the vegetation mask (section 3.1). The expanded forest mask is vectorized and the minimum 
area criterion is applied by deleting single polygons and by filling forest gaps with an area less than 500 m². 

3. Results and discussion 
Removing artificial objects 
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The results of the method described in section 3.1 are shown in figure 3 for the study Area Zillertal. Figure 3a 
shows the original sER-map with colored markers pointing to selected artificial objects. Figure 3b shows the 
processed sER-map without the artificial objects. The method shows suitable results for the elimination of 
artificial objects and deriving a vegetation mask. Buildings, power lines, etc. are removed from the sER-map 
in most instances while vegetated areas with a sER value <85 are retained within the processing. The so 
derived vegetation mask is used to eliminate the nDSM heights from the artificial objects. 

 

 

Figure 3: Preliminary mask of vegetated areas: (a) Echo ratio map and (b) adjusted Echo ratio map with 
eliminated man-made objects of the study area Zillertal. The red arrow shows a power line, the blue arrow 

shows a building and the green arrow shows a cable car station. 

 

Crown coverage calculation based on NFI data 

Eq. (1) was calibrated for coniferous and deciduous trees, whereas the crown radii, tree heights and 
elevations were taken from NFI sample trees (see table 1). The following equations for calculating the crown 
radii were found: 

 

 

Coniferous trees: Cr = 1.02 + 0.0625*H + 0.000416*E 

Deciduous trees: Cr = 1.34 + 0.1331*H + 0.000164*E 

 

Based on Eq. (2) the constant f was calculated for coniferous and deciduous trees and is 29.8 and 8.9 for a 
crown coverage of 10% and 30% respectively. 
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Crown coverage calculation based on ALS data 

Because of the small kernelsize of 3 x 3 pixels multiple local maxima were found within the area of single 
tree crowns. Especially within dense forested areas the detected local maximums do not represent the exact 
tree stem positions. Therefore, the amount of detected local maximums is highly correlated with the 
kernelsize. In the case of multiple local maxima within one tree crown the error of the distance between trees 
could be the crown diameter at the maximum. However this limitation plays a minor role for the delineation of 
forests along the timberline or along the forests borderlines, where sparse forests and clear separable single 
trees are present. For the detected local maxima the corresponding tree crowns were calculated based on 
the calibrated formulas (see section 4.2) and serve an input for the adapting α–shape method. As shown in 
figure 4, triangles with edges larger than the maximum possible distance between trees are reliably 
eliminated from the final triangulation result. 

 

 
Figure 4: result of the tree species specific adapting α–shape method 

 

Forest area delineation 

In Figure 5 the results for the automatic delineation of the forested areas are presented for the study areas 
Zillertal (figure 5a) and Ötscher (figure 5b). Single trees at the forest’s border as well as small forest 
clearings within a sparse forest are considered as forested area if the maximum possible tree distance is not 
exceeded (figure 5b). Due to the applied area criterion small forest patches with an area less than 500 m² 
are removed and forest clearings (<500 m²) are assigned to the forest area. As the preliminary output of the 
α–shape approach represents the forests borderline along the tree axis the expanded forest area delineate 
the real forest area with high accuracy (figure 5). The final validation of the crown coverage, which is 
averaged for each forest polygon, fulfills the required threshold of 30%. 

 

For the study area Zillertal the automatically delineated forest mask was visually validated with the manual 
delineated forest mask, which is based on an orthophoto interpretation. As shown in figure 5b and 5c the 
high potential of the ALS based forest delineation is especially within shadowed areas. Based on the clearly 
defined geometric criteria the result is objective and repeatable. This can be shown in figure 5b where the 
manual delineation of single trees near the forests border is not comprehensible. Finally the areas of the 
manually and automatically detected forests were calculated and show a very good agreement. For example 
for the Zillertal study site the total forest area is 316.375 ha and 311.327 ha for the manual and the automatic 
detected forest area respectively. 
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Figure 5: Final forest mask for the study areas Zillertal (a) and Ötscher (d) overlaid over the sER-map. (b) 
and (c) show the comparison of the automatically delineated forest mask (red line) against the manually 

delineated forest mask (blue line) as an overlay of an orthophoto. 

 

4. Conclusion and Outlook 
The results of the presented approach show the high potential of an automatic delineation of forested areas 
based on ALS- and NFI-data. The presented method delivers repeatable and objective results with high 
accuracy along the forests borderline. Since fragments of artificial objects remain in the vegetation mask 
further steps on eliminating these fragments need to be done. Three critera of the NFI were used and 
therefore additionally the two criteria minimum area width and land use need to be considered in further 
investigations.  
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Abstract 

The application of terrestrial laser scanning (TLS) technology in forestry has received special attention in 
recent years for facilitating 3D data acquisition, such as individual tree geometry parameters in forest stands. 
The objective of the research presented in this paper is to investigate and validate the potential of TLS in 
monitoring forest growth by attempting to estimate individual tree parameters and plot level growth in a stand 
of Sitka spruce (Picea sitchensis (Bong.) Car.) in Ireland. The data acquisition for all the plots in the stand of 
different tree size and different slope was carried out using a terrestrial laser scanner in November 2007 and 
November 2009, using the same plot centres and measurement procedures. The point cloud data were 
processed with commercially available software (AutoStem) and the derived results were analyzed and 
compared with the actual values measured using conventional forest inventory techniques. The forest 
inventory parameters were estimated from the point cloud data with acceptable accuracy, except in the 
upper stem due to the occurrence of occlusion by branches, and in the lower stem (i.e. the first 1.5 m) due to 
interference of ground unevenness and buttressing. The preliminary results didn’t show a significance 
difference for the two approaches we used to estimate forest growth. Future work will investigate the 
potential of TLS for producing accurate data for sustainable forest management planning in stands to be 
clearfelled by calibrated harvester, and supported by additional information from aerial laser scanning. 

Keywords: Terrestrial laser scanner, LiDAR, Point cloud data, forest inventory, tree growth 

1. Introduction 
Terrestrial Laser Scanners (TLS) allow the capture of forest inventory data, such as diameter at breast height 
(DBH), tree height and stem density, which are essential for modern forestry management including timber 
harvest forecasting, growth monitoring, as well as biodiversity monitoring. Its capacity for collecting 3D data 
clouds (X, Y, Z) of several million data points within a few minutes is of special interest for forest inventory 
data collection. With the advent of terrestrial laser scanning, an active measurement technology independent 
of the sun or an artificial light source capable of providing millions of points on highly irregular surfaces, is 
now available for measuring inside forests including forest crops and their surrounding environment. The 
current forest inventory estimation process, which is subjective and time consuming, can be replaced with an 
objective and efficient industry standard with the use of this technology.  

 

Several studies have been carried out to automatically determine forest inventory parameters from point 
cloud data, and have reported on the retrieval of vegetation canopy structure data, including height, basal 
area, stem counts, and branching parameters, as well as information on standing woody and green biomass 
(Hopkinson et al., 2004, Watt and Donghne 2005, Bienert et al., 2007, Russo et al., 2007, Mass et al., 2008. 
Tansey et al., 2009). Henning and Radtke (2006) reported their findings in using ground based LiDAR 
scanning for the retrieval of stem diameters from loblolly pine (Pinus taeda L.) in central Virginia. The results 
indicated that the LiDAR derived diameter measurements and field measurements were closely in 
agreement, with an average error < 1 cm for measurements below the base of the live crown, and < 2 cm for 
heights up to 13 m. 

In this study we used tree parameters like DBH and height measured by convectional forest inventory 
methods in order to investigate and validate the potential of TLS in monitoring forest growth by attempting to 
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estimate individual tree parameters and plot level growth in a stand of Sitka spruce (Picea sitchensis (Bong.) 
Car.) in Ireland. 

2. Materials and Methods 
The data acquisition was done with the terrestrial laser scanner FARO LS 800 HE80. The scanner has a field 
of view of 360o horizontal and 320o vertical and a range up to 80 meter with a distance accuracy of +/- 3mm 
and a data rate of 120 000 points per second scan speed, and point clouds with more than a million accurate 
measured surface points can be obtained with a wave length of 785 nm. The FARO LS 800 HE80 uses 
phase based principle range determination technology where a mirror rotates and directs the laser pulses. 

 

A total of 9 plots with a radius of 15 meters were selected in the forest stand owned by Coillte, the Irish State 
Forestry Board. All trees in each plot were clearly numbered sequentially. This was necessary in order to 
reconcile scan data with manually measured data for each stem. As each tree was numbered, a line was 
painted around the stem at 1.3 m above ground level with a recognizable permanent spray before the 
scanning was carried out. The trees in each plot are scanned before and after applying a low pruning up to 6 
meters height. Two scan measurements were taken in each plot to capture the hidden trees during the first 
round scan. The initial scan was acquired from the central position of the sample plot and the second scan 
was positioned close to the first scan but in a position that enabled it to view the hidden trees. Field 
validation data, which includes DBH, number of stems per plot and total tree height were collected manually 
using conventional forest inventory methods at the same time. A total of three randomly selected trees were 
felled in each plot and their diameter was measured at half meter intervals for validation purposes. The same 
process in the same stand using the same scan positions was repeated after two years for monitoring 
growth. 

 

 
Fig 1. Intensity image of terrestrial scanner data in the sample plots of 15 meters radius 

Pre-processing 

During the acquired point cloud data pre-processing, the data were flittered and ghost points which can be 
caused by ambiguity of phase measurement technology were removed. The Autostem software clipped the 
parts of the point cloud data within 15 meters radius for further processing. The software uses a density 
allocation along the Z axis of a DTM patch for extracting the DTM without ghost points. This enables it to 
determine the ground level or the lowest point of a tree. 

The stem profile along tree height at half meter intervals was derived from the point cloud data using the 
Autostem starting from a reference point of DBH for selected tree numbers. The principle behind this 
processing was based on a least square circle fitting algorithm (Bienert et al., 2006). The reliability factor 
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introduced by Bienert et al. (2007) was implemented in this processing and the circular fitting algorithm with a 
reliability factor greater than 85 percent was used to avoid the impact of unreliable data during model fitting. 

 

3. Preliminary Result 
 A number of measurements were extracted from the point cloud data and compared with field 
measurements. The preliminary results after processing all 9 plots and the felled trees are summarized as 
follows. The removal of the lower branches up to 6 meter didn’t show a statistical significant difference in 
diameter estimation. This can be seen in Figure 2, which depicts the range of residuals of diameter from field 
measurement along the stem compared to the diameter derived from the point cloud data for the scans 
acquired before and after pruning. The smaller residual values are recorded for the pruned stands, especially 
up to the height of 10.7 m. The majority of the tree diameters between 10.7 m and 15.3 m are 
underestimated in a scanning acquired before and after pruning. This could be due to the effect of branches 
as pruning is only done up to 6 m. Overestimation of diameter in the stem profile is observed between 19.9 
m and l24.5 m. The effect of extrapolation applied to estimate the top part of the trees based on the DBH of 
individual trees might be the reason for the overestimation. 

 

 
Figure 2. Distribution of percentage diameter difference along stem profile, between actually measured 
diameter data and diameter derived from point cloud data, within 95 percent confidence interval. The 

residuals at the upper histograms are for plots after pruning and the bottom histograms show the residuals 
for plots before pruning. 

Volume is an important parameter for the price of a stem as well as for the investigation of tree growth. By 
using repeated scanning in the same plot for several periods of time, forest growth can be calculated for 
various fields of application such as ecological monitoring and carbon budgeting. 

Accordingly, diameter increment over the period of two years, from November 2007 till November 2009, was 
calculated after deriving a diameter for each and every tree in 7 plots in the forest stand. Table 1 shows the 
summary of average DBH increment observed from field measurement data using callipers and diameter 
derived from point cloud data over the two years period. An overall difference (i.e. growth) of 0.05 cm can be 
observed.  
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Table 1.Average DBH increment per plot from field measurements and from TLS data over a period of two 
years. 

4.  
 

 

 

 

 

5. Conclusions and future work 
Based on the preliminary result of the pilot study, we are able to show that terrestrial LiDAR enables the 
acquisition of forest stand parameters, such as diameter profile and diameter increment, with an acceptable 
accuracy. The multi- temporal terrestrial LiDAR data can be used for precise volume (growth) calculation if 
supported with stand and site specific field information.  

Future works will focus on cost benefit analysis of TLS for forest inventory and on the determination of cost 
effective and efficient sampling techniques by using different plot numbers and setups in stands scheduled 
for clearfelling. 
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STDEV of  
derived  

DBH 
  1.87 1.83 0.67  1.02 

2  2.10 1.90 0.74  1.17 
3  1.98 2.07 0.61  1.60 
4  2.14 2.33 1.49  0.71 
5  2.68 2.12 0.80  1.17 
6  1.92 1.98 0.74  0.88 
7  2.17 2.19 0.74  1.10 
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Abstract 

In this paper, a novel method is presented for canopy projection area extraction from terrestrial laser 
scanning (TLS) data. While merged multi-scan TLS data provides whole canopy coverage and gives an 
accurate input for canopy studies, single-scan data is of a great practical interest for its low collecting and 
processing cost. In single-scan TLS data, laser points cover precisely only the tree side facing the scanner. 
Therefore, a compensating mechanism is needed to calculate the canopy projection area for the whole tree 
in single-scan TLS data. 

Individual tree crowns are manually delineated using their trunk positions as starting points. The proposed 
method densifies the scanned and delineated point cloud in a mirroring process where tree crown points are 
copied with respect to a mirror plane. The mirror plane is defined with an orthogonal vector base that is set to 
the tree trunk centre. The orthogonal base is constructed from the laser point distribution and the scanner 
location. The boundaries of the densified point cloud are searched by filtering its two-dimensional Delaunay 
triangulation. The canopy projection area estimation is then calculated from the filtered triangulation. Merged 
multi-scan point clouds of each tree are used as references for canopy projection area estimate. The results 
of point cloud densification, the boundary search procedure, and their effects on the canopy projection area 
estimation are presented and discussed. 

The canopy projection area estimates were calculated from both original and mirrored single-scan mode 
laser point data. Canopy projection area estimates measured with the single-scan mode had clear variations 
for the same tree depending on the scanner location and its field of view. The results showed that canopy 
projection area estimates calculated with the presented mirroring and boundary search steps correspond 
with the results from reference data, but that careful parameter selection is needed.  

The presented method for canopy projection area estimation with mirroring and point cloud outline search 
steps allows fast data collection of individual trees on a plot level. 

 

1. Introduction 
Canopy projection area of a single tree crown, also known as dimensionless canopy cover, is a basic 
parameter collected in forest studies as an end or an intermediate product. For example, in forest inventory it 
is used in timber volume estimation (Maltamo et al. 2004) and in forest fuel studies (Riano et al. 2003). In 
ecological studies, it is used in natural habitat mapping (Hyde et al. 2005) and in physically based radiation 
models (e.g. Kuusk and Nilson (2000), Huemmrich (2001), Jensen et al. (2008)). It is also used in urban 
forest inventory and planning (for example, McPherson et al. (1999) and Walton et al. (2008)). 

 

The canopy projection area is traditionally measured in a wide variety of methods on ground level. These 
methods include a line-intersection method, various viewing tube measurements, (fish-eye) cameras, 
densiometers, and ocular inspection. Several studies have compared and discussed traditional ground 
measurement methods and their performance (Jennings et al. 1999, Korhonen et al. 2006, Fiala et al. 2006). 
These studies have reported similar results. Conventional methods, such as the line intersection method, 
were found to be the most accurate but also laborious and time-consuming. Faster methods (e.g. digital 
photography) were prone to biasing errors and sensitive to the viewing geometry. Jennings et al. (1999) and 
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Fiala et al. (2006) pointed out that the selection of the measurement method is situational and that there is 
no single method that would excel others in most circumstances. All studies expected remote sensing 
solutions to become more important in canopy projection area and cover assessment studies when suitable 
methods are developed. 

 

More recently, terrestrial laser scanning (TLS) has been shown to be a practical technology for forest 
parameter retrieval. Applications have been developed to extract parameters, such as tree location, height 
and diameter, and canopy structure and gap fraction (Aschoff et al. 2004, Bienert et al. 2006, 2007, Liang et 
al.2008, 2009, Litkey et al. 2008, Maas et al. 2008, Simonse et al. 2003, Thies et al.2004, Wezyk et al. 
2007). Overall, TLS provides high accuracy spatial data thatscales from a single tree to a plot level. TLS data 
collection is both labour- and cost-effective, which adds to its appeal. 

 

TLS data collection can be done in both single- and multi-scan modes. Multiply scanned datasets have 
comprehensive coverage over the scanned area and a high level of detail. However, the measurement of a 
multi-scan dataset takes additional time in the field and extra work during data processing when different 
single-scan datasets are co-registrated and combined (Bienert et al. 2006). Single-scan data collection gives 
a clear improvement in both measurement and processing times (Bienert et al. 2006, Liang et al. 2008, 
Litkey et al. 2008). Single-scanned data can be also handled more automatically than multi-scan data. The 
drawback of single scanned datasets is their high sensitivity to occlusions that are present even in sparse 
forests. 

 

This study presents a novel method for calculating a canopy projection area from single-scanned TLS data. 
The canopy projection area calculation is implemented in two steps. First, a single-scanned point cloud is 
completed in a mirroring procedure which creates a mirrored image of the original point cloud across a mirror 
plane. The mirror plane is placed in the tree trunk and aligned with it. Second, a 2D Delaunay triangulation of 
the point cloud is calculated. Then, the triangulated area’s outline is searched and filtered with a threshold 
and a layer index parameter. The canopy projection area is calculated from the outlined triangulation. 

 

The effectiveness of the canopy projection area calculation is tested by comparing the calculated areas of 
both the original and the mirrored laser point clouds with each other. The surface areas of single-scan tree 
point clouds are compared with the one calculated from a combined single-scan point cloud. The combined 
point cloud is used as an evaluation reference. Surface area calculated from mirrored single-scan point cloud 
is supposed to correspond with a relatively small variance to that combined from multiple scans. 

 

2.  Dataset 

Tree data and field measurements 

The TLS data were collected in Koli, Eastern Finland, in June 2006. The study plot was located in a 
managed Scots pine forest with homogenous and even-aged tree specimen. The study plot was open with 
little understory and young trees. The data consisted of 11 Scots pine (Pinus sylvestris) trees and were 
scanned from four positions. Each tree was scanned and registered from 3 to 4 locations depending on their 
visibility to the scanning locations. Same measurement resolution was used for all scans, producing a point 
spacing of 6 mm at the distance of 10 m. Data were collected with a FARO LS 880HE80 laser scanner 
(FARO, Lake Mary, USA). Individual scans were georeferenced to a local coordinate system using spherical 
reference targets. Coordinates for the reference targets were measured using a Trimble 5602 DR 200+ total 
station (Trimble Navigation Limited, CA,USA), which was set up using the known coordinates of the 
rectangle-shaped test plot corners. Tree and scanner locations are illustrated in figure 1. 

 

The scanned point clouds were filtered after georeferencing to reduce the amount of outlier points. Outliers 
occur in phase-based measurement systems when the measuring beam does not  
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Figure 1. Location of the scanning points and the combined point clouds of all studied trees. 
Distances in the figure are measured from the centre point set in the middle of all scanning 

locations. 

hit anything or when it hits several objects simultaneously. Filtering was carried out by removing points that 
had a greater distance than 20 cm to half of its 3 by 3 neighbouring points in scanner’s row-column system. 
All points with a returning intensity level below 800 out of 2044 were also removed. 

 

Tree delineation 

An individual tree point cloud was separated from the original point cloud by detecting first the trunk of the 
tree automatically and then manually delineating other canopies around it. The tree trunk detection method 
was presented in Liang et al. (2009). The method searches for three features for a single laser point from its 
neighbourhood, namely the neighbouring point density, flatness of the neighbouring region, and the 
neighbouring region’s normal vector direction. 

 

The flatness of the point neighbouring region was calculated from its covariance values and the respective 
eigenvectors derived from them. Points, whose neighbouring regions had a high local point density, two large 
principal components in point coordinate system and a close-to-horizontal normal vector in world 
coordinates, were most likely candidates to belong into a tree trunk. 
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Possible trunk points were clustered and identified to remove misclassifications and noise points. The 
clustering was done in two parts. In the first part, possible trunk points within a given distance from each 
other were grouped together. If the formed point group was mainly vertically distributed, it was labelled as a 
tree trunk. The second clustering step consisted of aggregating the trunk point groups in the horizontal plane 
with each other. This ensured that the point groups belonging to the same tree were merged together in the 
case they were separated by shadows. 

 

The clustered trunk points were further modelled with a set of stacked circles placed along the tree trunk. 
Possible noise points, e.g. from branches, were filtered from trunk point clouds before fitting. After filtering, 
the tree trunk was divided into 20 cm thick slices and a single circle was fitted for each slice. The circle-fitting 
was performed as a least squares fit, where the sum of Euclidean distances between each point in a trunk 
slice and the searched circle was minimized. The validity of each fitted circle was inspected by comparing 
the circle centre location and it’s radius with other fitted circles. If the fitted circle’s radius or centre point 
location did not fit into the statistical variance of all fitted circles, it was discarded. 

 

The tree canopies were manually delineated from individually scanned tree point clouds. The delineation was 
carried out by drawing a curve around the chosen tree in several viewing planes. First, all points at maximum 
distance of 4 m from the modelled trunk centre line were found and collected. Second, planes parallel to the 
modelled trunk centre line were constructed so that they covered semicircle. Scanned laser points that were 
at most at 30 cm distance from a plane were projected on it and a curve enclosing the tree points was drawn 
manually. All points that were selected from any projection plane were included in the delineated tree point 
cloud. The delineated point cloud was completed with an outlier filtration. Outliers were removed from the 
final point cloud based on their projected locations in the ground plane. 

 

Tree point cloud mirroring 

A single scanned point cloud cannot give complete information from the back side of a tree, as the laser 
beam is unable to penetrate through whole canopy. Also, it is not always possible to create a combined and 
georeferenced tree point cloud from multiple TLS scans, e.g. due to measurement time limitations. This 
complicates the canopy projection area calculations. Therefore, an estimating procedure for completing a 
single scanned tree canopy point cloud was developed and tested. The procedure is based on mirroring the 
delineated tree points over a predefined mirror plane. 

 

The mirroring procedure is started with defining a mirror point for the delineated tree point cloud. The mirror 
point is set in the centre of the tree trunk. Then, a new orthonormal basis is constructed in three steps: First, 
a new principal axis is calculated from the trunk point covariance matrix, where the principal component is 
the largest. Second, another base vector is chosen so that it points towards the scanner in the local xy-plane 
while being orthogonal with respect to the previously defined base vector. The second eigenvector 
represents the normal of the mirror plane and the mirroring is done with respect to it. Third, the new 
orthonormal base is completed by setting a third base vector that is orthogonal with the previous two. 
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Figure 2. Results of the point cloud mirroring and outline search of the tree 7. Upper row 

Delineated point clouds of the tree 7 illustrated from above. The red asterisk and the arrow show 
the location of the tree trunk centre and the direction to the scanning point. The red, dash-

dotted line illustrates how the edge search algorithm has defined the projection plane outline. The 
green line depicts the outline of the convex hull. Tree projections areas calculated for both outline 

cases are written above and below of the point clouds. Lower row Blue points are the original 
points in front of the mirror plane. Cyan coloured points are copied across the mirror plane to the 

back side. The rightmost subfigure Combined point cloud consisting of the original points of all 
scans. All distances are related to the centre of all scanning points. 

 

After the orthogonal base is formed, dot products between the mirror plane normal and vectors drawn from 
the chosen tree centre point towards the measured laser points are calculated. The points that have a dot 
product that is larger than or equal to zero are on the front side with respect to the mirror plane and are 
retained. All other points are behind the mirror plane and they are removed. The mirroring procedure is 
finalized by creating mirrored copies of the retained laser points. The mirroring can be written as 

Pm = (Porig − Pplane) − 2 · ((Porig − Pplane) · nplane) · nplane,  (1) 

 

,where Pm is a location of a mirrored point, Porig is the location of the original point, Pplane is a point 
located in the mirror plane, and nplane is the mirror plane normal vector. The copied points are shifted to 
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the opposite side of the mirror plane against the normal vector direction. Figure 2 illustrates the effect of the 
mirroring procedure on tree point clouds. 

 

Tree crown surface area calculation 

The calculation of tree crown surface areas was done by doing a 2D Delaunay triangulation on the 
delineated point cloud in the xy-plane. The definition of the 2D Delaunay triangulation is that no points exist 
within any circumcircle of any triangle in a triangulated point set (de Berg et al. 2008). The definition is 
generalizable to n dimensions. 

 

The initial Delaunay triangulation connected all points in the delineated, and possibly mirrored, tree point 
cloud. To outline the point cloud precisely, the triangulated points were labelled in concentric layers, where 
the outermost point layer was labelled as the first layer. After layering, the triangulation was filtered to 
remove possible outlier points left after the delineation. Then, a new search was made, where triangle side 
lengths were compared against a preset threshold length. If a single side of the triangle was longer than the 
set threshold length, the whole triangle was removed from the triangulation. The triangle side length search 
was limited to the few outermost point layers to prevent too excessive triangle removal caused by internal 
shadowing. 

 

The canopy projection area was then calculated by summing over areas of all accepted triangles. If the 
triangle side threshold was set arbitrarily large, the resulting area corresponded the one calculated for the 
convex hull of the same point cloud. This correspondence gave another reference to compare the areas 
calculated from different scan locations with each other. Figure 2 shows the results of point cloud outline 
search for one of the studied trees with both short and very long threshold lengths. 

 

3.  Results 
Point clouds of eleven Scots pines were selected to test the effects of the mirroring and the outlining 
procedures in canopy projection area estimation. Each selected pine was registered at least in three different 
scanning locations. Projection plane areas were calculated for every selected tree from all scanning locations 
with both a short 25 cm threshold length and with the convex hull. Calculated projection plane areas were 
compared with the reference area. The reference area consisted of merged single-scan point clouds. Area 
comparison results with the best and the worst estimations of all scans are presented in table 1. 

 

In general, two distinctive results are seen: the mirrored point clouds give the best projection area estimates 
in more than half of the cases. Another obvious result is the variability between the best and the worst area 
estimations that are relatively large in both original and mirrored point clouds. Large variances between 
different scans are dependent on the visibility of a tree to different scanning points. When the tree of interest 
has been occluded, the amount of laser hits on the canopy has decreased to very low level making area 
estimates very unreliable. Table 1 illustrates that the area estimates with the most variance are usually 
derived from scans where the point count for the tree has been less than 5000 hits. Low point count usually 
results in a severe area underestimation. On the other hand, the best area estimates are more dependent on 
how comprehensively a single scan has captured the whole form of the tree canopy. Thus, the scan with the 
highest point returns does not necessarily give the best projection area estimate. The results show that the 
best results are usually obtained with over ten thousand or more returns in the dataset. 

 

The effect of the laser point cloud mirroring 

The best area estimates calculated from mirrored laser point clouds corresponded reference areas better 
than the areas calculated from original point clouds. Variance between the single-scan area estimations was 
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still large. The most influential reason for large variances in area estimates was due to the mirroring 
assumption itself: shapes of tree canopies growing in a forest are not symmetric in respect to any particular 
plane in general. 

 

Another variance inducing factor was that the mirror plane was placed along the tree trunk direction. This 
plane alignment was chosen because it corresponded a real tree shape better than a mirror plane set along 
the world vertical axis. The mirror plane selection affected the results because tree trunks were tilted a little 
from the world vertical axis. Depending on the scanner location and the direction of the tree tilt, there were 
additional over- or underestimates to the canopy projection area. If the tree was tilted towards the scanner, 
the mirrored point cloud looked like it was folding on itself in the middle when the viewing direction was 
chosen to be along the world vertical axis. The folding caused underestimation to the canopy area. The 
folding case is illustrated in figure 2, under ’Scanner 1’. In an opposite case, the mirroring caused point cloud 
to spread on edges leading into a possible area overestimation. 

 

Point cloud mirroring cannot remove shadows caused by other tree trunks or by dense parts of canopies that 
occlude the scanner’s line of sight to the studied tree. This error type was impossible to correct with mirroring 
as it happened in perpendicular to the mirror plane. Figure 2, ’Scanner 2’ illustrates this situation. The 
mirroring procedure should be used when there are no reliable data available from the backside of a 
scanned tree, which is common when there are dense foliage and low branches blocking the line of sight to 
the scanner. Mirroring should give reliable projection area estimates when a close symmetry across the 
mirror plane is expected, which is the case in open areas with little understory, such as managed forests or 
parks. 

The effect of the triangulation threshold 

Canopy projection area estimates were calculated with two different outline thresholds. The shorter threshold 
was set to 25 cm that was found to cover the most of the canopy areas and shaded gaps, while still following 
the canopy outline in detail. The long threshold was set very large, in order of several meters, which made it 
correspond the convex hull of the point cloud. 

 

The best and worst canopy projection area estimates varied less with the convex hull outlining than with the 
short outline threshold. This is because the convex hull includes all delineated points, minimizes the number 
of edge points, and connects them directly to each other. Thus, the estimated canopy projection area is 
insensitive to possible shadows from other vegetation and relatively sparse point clouds as long as there are 
any hits returning from the tree canopy. The convex hull estimate works with a relatively good accuracy, if 
the returns are coming from the whole tree area. In such a case, the number of returned laser hits can be 
low. However, the use of convex hull estimate requires that the canopy delineation is accurate as any outlier 
points left after the delineation will be included in the area estimate. This leads to large overestimates in 
projection area calculations. 

 

Canopy projection area estimates calculated with the 25 cm threshold outline point clouds in detail (figure 2). 
The detailed outlining produces systematically smaller canopy projection areas than the convex hull. The 
chosen threshold length is long enough to cover possible trunk shadow  
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Table 1. Projection plane area estimations. Tree areas and their estimates are 
italicized. The best and the worst estimates out of all individual scans are given in relative 

units. 

Areas of scanned trees 
Combined Original Mirrored 

Thres Area (m2) Best Worst Best Worst 
Tree 1 0.25 Nov 79 -10.4 -71.7 02. Mrz -14.8 
  Points 61311 47570 2276 19102 3376 
  Convex 14.00 -5.1 -38.9 01. Jan 08. Sep 
  Points 61311 47570 2276 3376 75345 
Tree 2 0.25 15.26 -14.2 -60.0 06. Apr -35.2 
  Points 101368 41814 11065 48336 4239 
  Convex 16.94 -6.6 -30.6 -7.5 -22.6 
  Points 101368 32238 11065 32251 45334 
Tree 3 0.25 Aug 39 -9.3 -20.0 -1.4 -7.9 
  Points 96887 42281 11065 70070 48034 
  Convex Sep 24 -3.2 -8.0 -0.8 -8.0 
  Points 96887 42281 11065 16033 48034 
Tree 4 0.25 14.62 -7.3 -35.0 -5.9 -52.8 
  Points 200129 63645 5264 21591 4977 
  Convex 15.74 -3.9 -16.9 -3.6 -21.4 
  Points 200129 63645 16397 21591 4977 
Tree 5 0.25 Nov 47 -4.8 -30.3 -8.1 -38.4 
  Points 209175 164230 10160 200785 4315 
  Convex Dez 46 -3.1 -19.4 -2.6 -19.7 
  Points 209175 164230 3462 37819 4315 
Tree 6 0.25 Aug 90 -4.7 -79.7 -21.2 -74.2 
  Points 104994 83318 1465 92632 1519 
  Convex Sep 19 -2.6 -41.5 -13.9 -44.4 
  Points 104994 83318 1465 20249 1519 
Tree 7 0.25 Dez 26 -8.9 -22.5 -0.6 -34.7 
  Points 175745 134246 20949 199157 24768 
  Convex 13.60 -6.0 -13.7 -5.4 -27.0 
  Points 175745 12880 20949 199157 24768 
Tree 8 0.25 Jul 57 -3.6 -43.9 10. Jul -44.6 
  Points 63780 50459 2917 80234 10200 
  Convex Aug 26 -0.4 -32.8 10. Aug -37.9 
  Points 63780 50459 2917 80234 3625 
Tree 9 0.25 Dez 19 -11.1 -77.8 -0.7 -45.1 
  Points 46477 28019 2054 21115 3216 
  Convex 13.32 -2.9 -41.6 0.2 15. Mai 
  Points 46477 28019 2054 21115 44249 
Tree 10 0.25 Aug 55 -10.8 -72.7 -10.5 -71.0 
  Points 80641 27148 1724 55851 1884 
  Convex Sep 29 -4.6 -19.1 -2.3 -32.3 
  Points 80641 27148 1724 55851 1884 
Tree 11 0.25 15.48 -5.8 -99.7 -9.8 -99.7 
  Points 165722 121972 782 47713 869 
  Convex 17.14 -2.1 -72.9 2.0 -71.9 
  Points 165722 121972 782 47713 869 

 

regions. The short threshold is sensitive to the low return point densities. The sensitivity leads to the 
exclusion of point returns that are located on the backside of the point cloud, which causes an 
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underestimated canopy projection area. Such underestimations usually happen when a scanned tree is 
located a long distance away from the scanner or when its canopy is dense and the number of point returns 
coming from the backside of the tree is low. 

 

The results between different threshold lengths show that the threshold value should be defined according to 
the available data. Data with high laser return density and some noisiness are handled best with a relatively 
short threshold value combined to an outermost layer filtration. The convex hull outlining is better suited for 
datasets with fewer returns and noise points. Convex hull routines are full-fledged and efficient which favours 
them in studies where a single tree projection area does not need to be measured in high detail. 

 

4. Conclusions 
A new method for canopy projection area estimation for a single-scanned tree point cloud was introduced in 
the study. The area estimation was calculated in two steps. First step involved a single-scan point cloud 
completion that was done by mirroring the original point cloud in respect to a chosen mirror plane. The mirror 
plane was placed in the tree trunk and aligned with it. The point cloud completion step was introduced 
because it was expected to correspond the actual canopy shape better than the self-shaded side of the 
original canopy. The second data processing step used a 2D Delaunay triangulation of the laser point cloud. 
All triangulated points were sorted in layers. The layered triangulation was then filtered with a predefined 
triangle side threshold and a layer order parameter. The canopy projection area was calculated by summing 
over all preserved triangle areas. 

 

The developed data processing steps were tested on a dataset consisting of 11 Scots pines that were 
scanned from three to four different locations. Canopy projection areas were calculated for each single scan 
with mirrored and original point clouds using a short and a long threshold length. Tree-wise canopy 
projection areas calculated from combined multiple scan data were used as a reference. The results showed 
that canopy projection area estimates calculated with mirrored single-scan data agreed with the references in 
the best cases. However, calculated projection areas of a single tree displayed clear variation between 
different scans. Large variances in tree canopy cover have been also reported in other studies where 
different canopy cover estimation methods were compared with each other (Fiala et al. 2006, Korhonen et al. 
2006). Thus, a careful parameter selection is needed as the projection area calculations are sensitive to 
available point number and density, tree crown delineation precision, and occlusions in the scanner’s field of 
view. 

 

The method performed the best against canopy projection areas calculated from original point clouds in 
cases where some level of tree crown symmetry can be expected. Canopy projection area estimates for 
canopies with significant internal shading are expected be also more accurate with mirroring. 

 

In future, the presented study can be expanded in two ways: first, by improving the precision of both the 
mirroring and the outline search procedures, and second, by doing comprehensive projection area 
measurements with large datasets and comparing them with results obtained from ALS and traditional forest 
surveys. 

 

The point cloud outlining routine can be extended straight forward into three dimensions. In a three-
dimensional case, the triangulation is represented with tetrahedra instead of triangles and the canopy and 
stem volumes can be calculated in addition to the surface area. However, TLS data does not cover tree top 
in plots where there are extensive canopy overlap and occlusion. This is likely to make volume estimates 
based on the introduced method more sensitive to point cloud density than area estimates in the two-
dimensional case. 
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Abstract 

The aim of this study is to compare crown transparency of mature forest trees with the help of high-resolution 
terrestrial LiDAR measurements of whole tree crowns. The space occupied by single branches and their 
appending leaf area was cut from the 3D-point cloud and their volume was approximated with a voxel model. 
Volumetric leaf area densities of 10 mid-size branches of the species Fagus sylvatica, Carpinus betulus, 
Acer pseudoplatanus, Fraxinus excelsior and Tilia cordata were determined based on hand measured leaf 
area of each branch. Analogously, volumetric area densities of woody tissue were calculated using the 
projected area of all woody material of each branch that was harvested in diameter classes and weighed. 
Transparency of the branches was calculated according to the Lambert-Beer equation for a light beam that 
travels 1m through the branch. The highest branch transparencies were found on Carpinus betulus trees, 
while most branches of beech (Fagus sylvatica) were of medium transparency. The four lowest measured 
branch transparencies were found on Acer pseudoplatanus trees. This species also showed the highest 
variability between branches. In order to enable the calculation of crown transparencies based on 3D-point 
clouds of the crown, we established allometric relationships between branch basal area and appending leaf 
area for each species. 

 

1. Introduction 
Crown transparency, often given as volumetric leaf area density, is a very sensitive parameter in canopy light 
models and also an important indicator in forest tree vitality assessment (Eichhorn et al., 2006; Innes, 1998). 
Contrary to its relevance, it is rarely measured in terms of percentage of light transmitted, since it is hardly 
possible to attribute light transmission measurements in a forest to single crowns or parts of them. Though 
crown transparency appears to be highly variable especially in complex multi-species canopies, 3D-light and 
canopy photosynthesis models must still rely on average values for the whole canopy (Falge et al. 2000). 

 

The common measurement method in tree vitality assessment is an intersubjective visual assessment by 
experienced experts (Eichhorn et al. 2006). This method is also subject to criticism with regard to 
comparability (Dobbertin 2006) and would not be sufficient for parameterization of a light model. As an 
alternative, crown transparency can be calculated based on the Beer-Lambert law and volumetric leaf area 
density of trees or branches, which requires volume and leaf area and projected area of woody elements of 
these units. These values are usually derived from extensive biomass harvests, which are laborious and 
destructive and require access to the upper canopy. 3D-laser-scanning provides means to facilitate 
measurements of leaf area density and tree structure (Hosoi & Omasa 2006; Van der Zande et al. 2006). 

 

Allometric relationships can be used to quantify the amount of leaf area in parts of tree crowns and are well 
studied for some species (Bartelink 1997; Grace & Fownes 1998; Boardman 1977; King 1991). In this study 
we try to combine analysis of the allometric relationships with 3D-laserscanning of trees and hence 
calculated the crown transparency for different tree species in an old-grown forest. 
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2. Materials and Methods 

2.1 Study site and plant description 

The study took place in the old-grown forest Hainich located in Thuringia, central Germany. This forest is the 
largest continuous deciduous forest area of Germany with a size of 16,000ha from which 7,600ha is 
registered as Hainich National Park. The study site is a transect of approximately 200m length located in the 
south-east of the National Park between Bad Langensalza and Eisenach. The site has a mean annual 
temperature of 7.5°C and a mean annual precipitation of 670mm (Meteomedia, station Weberstedt/Hainich; 
51°06´N, 10°31´E; 270m asl).  

We studied branches of the following tree species: European beech (Fagus sylvatica), European ash 
(Fraxinus excelsior), small-leaved lime (Tilia cordata), sycamore maple (Acer pseudoplatanus) and European 
hornbeam (Carpinus betulus). We used adult, co-dominat trees which represented the phylogenetic 
composition trees of the study site (Table 1). 

 

Table 1: General characteristics of the sampled trees. Diameter at breast height (DBH); n = number of tree 
individuals; nb = number of branches sampled. 

species n DBH [cm] nb branch length [cm] branches diameter 
[cm] 

F. sylvatica 9 14 – 62 21 72 - 555 0.8 - 6.5 
C. betulus 1 62 14 127 - 510 1.2 - 4.1 

F. excelsior 21 saplings 26 20 - 510 0.6 - 5.5 
T. cordata 7 12 – 35 20 90 - 696 0.7 - 5.4 

A. pseudoplatanus 1 80 13 85 - 397 0.9 - 4.4 

 

2.2 Branch sampling 

The branches were sampled between July and September 2009. We used a mobile canopy lifter (model 
DL30, Denka-Lift A/S, Denmark) with a maximum height of 30m in order to enable the canopy access. For 
each species, we sampled 8 to 13 large (diameter: 1.5 to 6.5cm) and 5 to 8 smaller branches (diameter up to 
1.5cm, Table 1). Sampling was done on one individual in case of European hornbeam and sycamore maple, 
from which only few individuals were present at the study site, whereas different tree individuals were chosen 
for branch harvesting in case of small-leaved lime and European beech. The crowns of the European ash 
could not be accessed with the canopy lifter. In this case, we used saplings. All smaller branches were cut 
from the sun crown. The larger branches grew in the shade. 

 

2.3 3D-laserscanning 

Prior to harvesting, the larger branches were marked for laserscanning for which we used the 3D-
laserscanner Imager 5006 (Zoller+Fröhlich, Germany). The scan data were registered (Z+F laser control 
version 7.3, Zoller+Fröhlich, Germany) and all the target branches were afterwards manually separated from 
the rest of the scan with the help of a graphic program (Pointools, UK). The volume of the branches was 
calculated from the separated 3D-point clouds of the branches (Mathematica Version 3.0, Wolfram 
Research, USA). For precise volume calculations we used a voxel model with a voxel edge length of 3cm. 
The smaller branches were not used for scanning because, firstly, the resolution of the scanner is reduced in 
the upper canopy layer due to the dense canopy structure and secondly, because the target branch would 
not be recovered in the scan data because of the small size. 
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2.4 Leaf area and branch area 

After cutting, the branches were divided into 1m-sections and leaves were separated from the branch 
material. From each 1m-section we randomly selected 10 leaves to measure the leaf area. All leaves were 
dried at 70°C for 48h and then weighted. From the known weight and area of the 10 leaves and the weight of 
the rest of the leaves we calculated the leaf area of the 1m-section (equation 1) and the entire branch 
(equation 2). 
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The branch material per meter was separated into different categories: branches <0.5cm basal diameter, 
branches ≥0.5 and <1cm basal diameter, branches ≥1 to <2cm basal diameter, branches ≥2 cm to <3cm 
basal diameter etc. For all branches larger than 0.5cm basal diameter we measured the exact length and the 
exact basal diameter of each branch. All branch material was weighted. Using the basal diameter and the 
length, we calculated the projected branch area (PA) according to equations (3) and (4). 
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The leaf area density (LAD) and the woody area density (WAD) were calculated from the leaf area which 
originated from the harvested branches and the volume of these branches (data from the scanner) (equation 
5 and 5). 
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Crown transparency was calculated as the ratio of incoming light (I0) to transmitted light (I) based on the 
Beer-Lambert law (equation 7). We calculated crown transparency for a light beam that travels 1m through 
the leaf cloud (distance d=1m) and assumed the extinction coefficient (c) of the leaves of all species to be 
the same (c=1). 
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2.5 Statistical analysis 

Relationships were determined with non-linear regressions and linear regressions (SigmaPlot 10.0.0.54, 
Systat Software Inc., Richmond, CA, USA). 
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3. Results and discussion 

3.1 Allometric relationship between branch diameter and associated leaf area 

For all species, we derived an allometric relationship (Fig. 1). The non-linear regressions fitted best to our 
data. The leaf area was similar among species at small diameter sizes (e.g. 2cm, Fig. 1), whereas the leaf 
area differed between the species at bigger diameter size (e.g. 4cm). Small-leaved lime had the lowest leaf 
area with approximately 3m³ at a size of 4cm and sycamore maple showed the highest value (approx. 7.5m³) 
at a size of 4cm. The difference could be based on different growing strategies of the species. The allometric 
relationships are consistent to earlier work (Grace & Fownes 1998; Westoby & Wright 2003) 
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Figure 1: Allometric relationship between branch diameter and associated leaf area for the species 
F. sylvatica, C. betulus, A. pseudoplatanus, T. cordata and F. excelsior. For each species a non-linear 

regression was fitted to the data. 

3.2 Allometric relationship between the measured and the calculated volume of the 
branches 

The branches recovered from the scan were manually separated (Fig. 2b) and a 3D-voxel model was 
calculated (Fig. 2c). During manually separation some branches couldn’t unerringly been kept apart from the 
neighbor branches. Then these branches were sorted out from further analysis. But with successful 
separation the reproduction of the branch (Fig. 2b, 2c) was identical with the real branch (Fig. 2a). 

 

  
 

 
Figure 2: Photo of a selected Europeen beech (F. sylvatica) branch (a), and the same branch presented as 

3D-point cloud (b) and as voxel-picture (c). 

a b

c
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Due to the non-optimal refinding process of the branches in the scan, the number of the samples decreased 
for two species tremendously to n=4 (T. cordata) and n=3 (F. excelsior) so that we excluded this data from 
further calculations. 

The relationship between leaf area from the harvested branches and the volume of their leaf cloud revealed 
that branch leaf area densities were not constant among and for each species (Fig. 3). While F. sylvatica and 
A. pseudoplatanus showed high variability with large leaf clouds having low leaf area as well as small and 
very dense leaf clouds, the branches of C. betulus showed a more or less constant relationship between leaf 
area and the volume that the leaves occupy. 

 

 
Figure 3: Relationship between leaf area and volume for the species F. sylvatica, C. betulus and 

A. pseudoplatanus. 

 

3.3 Leaf area density 

The same trend was directly visible in the leaf area densities for the three investigated species. Plotted 
against both the branch length and the branch diameter, no clear trend was visible so the difference could 
not be attributed to these quantities (Fig. 4). European hornbeam had the lowest leaf area densities, lying in 
the range of 2-10m² m-3. The leaf area densities of beech was usually higher (4-20m² m-3) and those of 
sycamore maple exhibited the widest range (4-65m² m-3), including the highest values measured in this 
study. 
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Figure 4: Leaf area density applied to the branch diameter (left side) and the branch length (right side). 

 

For sycamore maple high values of leaf area densities occurred at low volume (Fig. 5). This allows the 
interpretation that they were not representative for the whole crown but profit from an eventual higher light 
availability. The branches of sycamore maple originated all from a height between 13 and 23m and from the 
shade crown, therefore they were not real sun branches. But there is still a possibility that the branch and the 
leaf area density were influenced by gaps in the canopy which caused more light at that particular spot. The 
other species showed no clear trend in the leaf area density but they didn’t vary in such amplitude like 
sycamore maple. The leaf area densities were similar to those of beech and oak found by Fleck (2001). 
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Figure 5: Leaf area densities for F. sylvatica, C. betulus and A. pseudoplatanus. 

3.5 Crown transparency 

The crown transparency was calculated for a light beam of 1m and plotted as percentage of incoming light 
(Fig. 6). European hornbeam showed the highest values which allow the interpretation that these branches 
let more light through than those of European beech and sycamore maple. Sycamore maple revealed low 
values which were in agreement with the high values of leaf area density. The crown transparency appeared 
to be highly variable. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Crown transparency for F. sylvatica, C. betulus and A. pseudoplatanus. Crown transparency 
displayed as percentage of incoming light. 

4. Conclusions 
Our results gave first insights to that topic, but to get morereliable results, we suggest conducting a slightly 
different experimental set-up. First the whole tree should be scanned prior to harvesting and the branches 
should be scanned an additional time after harvesting on the ground and finally re-scanning the tree after 
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harvesting. Scanning the branches on the ground increases the resolution of the scanner and, more 
important, makes it easier to differentiate between the branches and reduces therefore the loss of branches 
(due to not re-finding them in the scan). Scanning the tree before and after harvesting makes an 
extrapolation of the branch associated data to the canopy more likely. 
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Abstract 

The current knowledge on forest biomass and particularly the changes related to it are almost entirely based 
on subjective ground measurements and therefore remote sensing methods are called for. Airborne and 
terrestrial laser scanning is a promising method for efficient biomass detection because of their capability of 
direct measurement of vegetation structure and stand attributes. We have investigated a forest defoliation 
hazard caused by the European pine sawfly (Neodiprion sertifer) in a Scots pine (Pinus sylvestris) dominated 
forest in Eastern Finland. Results from terrestrial laser scanner based change detection are compared with 
visual estimation of the defoliation intensity as percentage of needle loss in the living crown. Clear trends of 
defoliation were observed in both visual and TLS-based analysis of the tree canopies. The accuracy was 
affected by, e.g., the time gap between the visual estimation and TLS experiments, and the upward scanning 
direction preventing some parts of the canopy from being measured. 

Keywords: terrestrial laser scanning, mobile mapping, forest monitoring, defoliation 

 

1. Introduction 
The international interest in biomass detection is strongly related to forest health and carbon cycle 
monitoring, as well as biodiversity and forest management sciences (Sexton et al., 2009, Hawbaker et al., 
2009). The need for improved tools for, e.g., carbon monitoring applications, and the shortage of data for 
accurate biosphere and climate models has been internationally recognized. As the current knowledge on 
biomass, and particularly the changes related to it are almost entirely based on subjective ground 
measurements, remote sensing methods are called for. Airborne laser scanning (ALS) is a promising method 
in biomass detection (e.g. Lim and Treitz, 2004), because of its capability of direct measurement of 
vegetation structure (Zimble et al., 2003) and stand attributes (Hyyppä, 2004).  

 

Measuring forest canopy height is crucial for biomass detection (Sexton et al., 2009). In comparisons of 
LiDAR, radar, and passive optical data, laser scanner has been found to be the best single sensor for 
canopy height and biomass detection in many studies (e.g., Hyde et al., 2006, Sexton et al., 2009, Kenyi et 
al., 2009). As canopy height and biomass are functionally related with carbon storage (Balzter et al., 2007, 
Bortolot et al., 2009), LiDAR studies of forest biomass have been active in the recent years (Bortolot et al., 
2009, Hawbaker et al., 2009, García et al., 2010), and LiDAR data have also been used in the modelling of 
photosynthesis to investigate the carbon exchange (Thomas et al., 2009). 

 

Terrestrial laser scanning (TLS) has been increasingly applied in environmental studies (Barber & Mills, 
2007, Côté et al., 2009, Luzi et al., 2009). Terrestrial laser scanner has been found to be an effective and 
low-cost monitoring method, and the information on TLS performance and range data accuracy is constantly 
increasing. Static measurements are however limited in range and area coverage. Laser scanner based 
mobile mapping systems (MMS) can be used to collect detailed data in a cost-effective manner from large 
spatial areas (Kukko et al. 2007). Vehicle mounted mobile mapping systems have also been deployed to 
gather information from changing biomass and defoliation (Rossel Polo et al., 2009). 
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This study was a part of ongoing monitoring campaign for forest defoliation caused by European pine 
sawflies (Neodiprion sertifer). The traditional monitoring methods have been based on field sampling (e.g., 
manual collection of different life stages) and subjective visual observation of tree condition. The test site 
was located near the city of Outokumpu, Eastern Finland (N 62.72, E 29.01), in a Scots pine (Pinus 
sylvestris) dominated forest. Reference data were collected from 20 field plots (consisting of 526 trees in 
total) in June 6-9, 2009. The visual assessment of defoliation was carried out simultaneously with tree-wise 
measurements in the field plots, and an additional visual assessment was done after defoliation by sawfly 
larvae (July 26-28) (see Lyytikäinen-Saarenmaa et al., 2006, for more details). 

 

2. Methods 

Data Collection and Processing 

We used a Leica HDS6000 which is a 685nm phase-based continuous wave terrestrial laser scanner with a 
360°×310° field-of-view. The distance measurement accuracy is 4-5mm and the angular resolution is 
selectable from full 0.009° down to 0.288°. Resulting point clouds have maximum resolution of 40 000 x 
17 000 pixels. In this study 1/4 resolution was used to speed up the measurements. Full dome scan time is 3 
minutes and 22 seconds with point spacing of 6.3 x 6.3 mm at the range of 10 metres. The scan files were 
processed with Z+F LaserControl 7.45 by Zoller+Fröhlich GmbH. Basic noise reduction was performed for all 
files as phase difference based distance measurement method causes ambiguity problems and points that 
are outside of the maximum measuring distance of the scanner (79 metres) are incorrectly placed in the first 
ambiguity interval. These points however have lower intensity than points closer to the scanner due the 
distance effect so removing them is easy with proper intensity threshold. Phase difference based distance 
measurement also causes mixed pixel noise when laser beam hits multiple objects at the same time and the 
resulting scan point lies in between. Even with the small laser spot diameter (3 mm at 1 m) and low beam 
divergence (0.22 mrad) this is likely to happen in tree crowns. Removing mixed pixel noise is simple task but 
on the other hand it also provides information from the canopy. Scans from different measurement dates 
were registered in to same local coordinate system for each test plot using tree trunk details as common 
reference points. 
 

TLS Laboratory case studies 

The capability of TLS of deriving changes on the standing tree biomass and defoliation degree was verified 
by destructive, consecutive defoliation operations by two different laboratory case studies. In the first case 
study, one Scots Pine tree was defoliated in the laboratory in 7 steps. The biomass of the tree was measured 
simultaneously with the TLS, and defoliation was also estimated visually. Three simple tree-wise parameters 
were derived to represent the tree quality and defoliation: number of hits coming from the tree, ratio of tree 
hits (i.e., number of hits coming from the tree divided by the total number of hits), and the number of hits 
coming from the ground. These parameters were compared with the tree biomass measured with a 2-g 
accuracy for each step. The Pearson correlation coefficients derived were 0.996, 0.977 and 0.929, 
respectively, which implies that the number of points reflected from the tree represent accurately the 
standing biomass of the tree. The reason why the visual estimation of defoliation did not correlate that well 
with the number of laser hits is that trunks and branches affect the biomass but are ignored in the defoliation 
estimation. Therefore it can be expected that the visual estimation produces errors larger than those in 
terrestrial laser scanning. 

 

In the second laboratory experiment (Fig. 1), five pine (Scots Pine) and spruce (Norway spruce) trees were 
measured with TLS from above and below. Here too the biomass of the tree was measured simultaneously 
with 2-g accuracy. The coefficient of determination with a linear regression model was 0.92 for total biomass 
and 0.98 for needle and branch biomass, which implies that the relative number of points reflected from the 
tree represent accurately the relative standing biomass of the tree. 
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Figure 1: Defoliation time series from laboratory test derived from TLS scan files 

 

 
Figure 2: Normalized laser point number versus normalized total biomass of the trees from second laboratory 

experiment. R2=0.95. 

 

TLS Field Experiment 

Two sets of TLS measurements were carried out in the study site in June 25 and July 26-27 during the active 
period of the pine sawfly hazard. The first measurement was made at the early phases of defoliation and the 
second one after defoliation period. The scanning was performed from the centre of each field plot with 
similar scanning parameters and resolution at both dates. The trees that were directly visible (i.e., not 
obscured by other trees) were extracted from the resulting laser point clouds, and the change in the number 
of laser returns from each tree was compared to the visually estimated defoliation intensity given as 
percentage of the lost needle biomass of the living crown. 
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Figure 3: Visual and TLS-based measurement of forest defoliation (in percentages). 

 

The change in laser returns from the tree canopy (in percentages) between the measurements in June 25 
and July 26-27 is presented in Figure 3 and compared with visual observation. Clear trends of defoliation are 
visible in both visual and TLS-based analysis of the tree canopies. There are however several factors that 
affect the accuracy, e.g. 

- Deviation in change detection from TLS point clouds (e.g. mixed pixel effect with phase shift based 
laser scanners) 

- The first visual estimation was carried out in June 6-9, i.e. two weeks before the first TLS 
measurements. 

 

- The visual estimation of defoliation may be subjective, and it is not based on change detection rather 
than comparing the present situation with an ideal one (the crown is healthy by soil condition is taken 
into account). 

- The ground-based TLS measurement is made in the upward direction, preventing some parts of the 
canopy from being measured. Airborne measurements facing downwards would improve the 
accuracy. 

 

MMS Field Experiment 

The mobile mapping system used in this study was a low cost approach combining Time-of-Flight (TOF) 
based laser scanner ibeo LUX and Novatel SPAN inertial measurement unit (IMU) + a GPS -unit. The ibeo 
scanner uses pulsed laser beam at 895-910 nm and has field of view 85° x 3.2° with 4 parallel beams. The 
scanner was mounted on the roof of a car (Fig. 4.) and the sample data was collected by driving along the 
test plots. GPS-IMU solution was post calculated using virtual 
reference station data (VRS-GPS). 

The MMS data (Fig. 5.) comparison to TLS data and visual 
interpretation was done with three sample plots. Change in 
laser returns from the canopy was determined comparing 
canopy returns to trunk returns as laser point density in target 
depends on vehicle movement. Early results from the data 
point out that defoliation trends were similarly visible as with 
TLS measurements. The accuracy was affected by, e.g., 
quality of GPS-IMU solution, large laser footprint and 
shadowing effect from non-test sample trunks makes it difficult 
to detect small changes in test tree canopy biomass.  

Figure 4: The MMS system mounted on car 
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Figure 5: Point cloud derived from MMS data 

 

3. Conclusions 
In the laboratory experiments the point cloud agreed with standing biomass with 92-99% coefficient of 
determination implying that terrestrial laser can be a powerful tool for biomass change reporting, and thus, 
usable for defoliation measurement. The defoliation trend was also visible in TLS and MMS field 
experiments, although correlation between point cloud and visual estimation of defoliation was not strong.  

Future tests will show whether the effect of the trunk is important. Better field references are also needed as 
visual estimation may be subjective and is not based on change detection rather than comparing the present 
situation with an ideal one. The results explain why airborne laser scanning (ALS) is effective for stem 
volume estimation, since the number of hits recorded by ALS is most probably highly correlated with the 
biomass, especially needle and branch biomass, which in turn correlated highly with the stem volume. Future 
tests are needed to verify this, but it can be assumed that a laser scanner measures tree height, crown area 
and biomass with a high accuracy. In this study we used also mobile laser scanner parallel with TLS and 
visual defoliation estimation. First results from the MMS data point out potential of using mobile laser scanner 
as defoliation trends were visible in data and with mobile platform data collection can be done in very 
efficient manner. In the future studies, more accurate synchronization of different methods is essential, as 
well as the further development of mobile and UAV-based approach. 
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Abstract 

In the Flexwood project a system should be established to provide information on trees and logs that will 
match customer demands in subsequent processing stages. Besides air and space born measurement 
techniques, terrestrial laser and detailed CT scanning will be tested as a complete chain from single tree to 
sawlogs, to verify measurement results. In this paper the combination of exterior information from tree and 
stem characteristics will be compared and merged with terrestrial laser scan data and interior information by 
use of a CT for timber quality assessment. Single trees will be manually measured and then stem wise 
scanned by a terrestrial laser scanner for complete 3-D representation. After harvesting the logs are 
described by an innovative CT scanning device. By applying geometrical surface models, the external 
features of a tree like dimension, curvature, ovality and humps can be detected in terrestrial laser scan data. 
These external patterns are then compared to the internal characteristics of the tree. Using the CT 
reconstruction external features such as humps should become explicably by the underlying internal 
characteristics. Combining the exterior and interior pattern, knowledge about the interior quality of the tree 
can be derived. This approach aims in the long-term to develop a decision system, which can provide 
reliable information also related to internal wood properties already for the standing tree with respect to 
allocation and further production lines. 

 

1. Introduction 
In the past decades the European forest based sector, has been increasingly challenged by global operating 
competitors. Those, provided with low labour costs, high availability of natural resources and/or possibilities 
to cultivate fast growing plantations, are entering the European market with low price timber products. To 
overcome this problem and to enhance competitiveness of Europe’s forest industry, many investigations 
have been undertaken to detect weak-points and value adding potential along the forest-wood-supply chain. 
As an outcome, the lack in information flow between the forestry sector and wood processing industry on 
availability and accessibility of wood raw material in forest stand in contrast to information on quality and 
quantity demands of processing industries was identified as one of the main drivers that determine waste of 
wood raw material and value adding potential. 

To tackle that problem, the newly started European Project Flexwood (Flexible Wood Supply Chain) was 
initialized. Beside the development of improved harvesting and sorting decisions, as well as upgraded 
bucking, logistic and decision support systems, one of the main targets of this project is to provide high 
quality forest stand inventory information collected with novel sensing technologies, which is easily 
accessible to wood consuming industries. Comparable data on the forest resource in Germany is currently 
only available through cost intensive and time consuming operational and national forest inventories, whose 
results are mainly dedicated for enterprise internal use only, or are too aggregated for a commercial 
operative application. Data collection here is usually taking place at observation grid determined fixed 
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sample plots, with a small radius of 12 m. Further results are extrapolated to the area and therefore always 
containing uncertainties in accuracy issues. 

 

Novel sensing technologies like air borne (ALS) and terrestrial laser scanning (TLS) allow to overcome 
identified disadvantages by inventory methodology as described. Advantages can be seen in an easier and 
more precise area-covering data acquisition (ALS) as well as in the ability to provide quality assessment of 
standing trees prior to harvesting (TLS). If combined, these sensing technologies have great potential to 
deliver a consistent and highly valuable information flow on destined harvesting areas. 

 

In this study terrestrial laser scanning will be used to detect external stem quality features in order to assess 
the future quality of round wood. The TLS’s ability to detect external features will be complemented with non-
invasive computer tomography imaging (CT), which allows explaining external features from internal stem 
properties and the other way round. This gained knowledge of derivable features will improve quality 
assessment of stem parts, to specify bucking instructions at harvesting and thus raise production yield at 
consecutive conversion stages. 

This paper reports on preliminary results to online TLS and CT data. Working steps are conceptual 
elaborated but have not been tested on feasibility and effectiveness so far. 

Test site 

The test site is located in the southwest of Germany, the communal forest of Karlsruhe. The area covers 
about 10 km² and is stocked with beech (Fagus sylvatica L.), pine (Pinus sylvestris) and oak (Quercus 
petraea and Quercus rubra) as dominant tree species. The vegetation height reaches up to 40 m. The terrain 
is plain and situated in 101-123 m height above sea level.  

Within the project about 15 beech trees will be chosen as sample trees for this case study. They are stocked 
close-by georeferenced inventory plots, to assure the possibility to match TLS with ALS data, sampled in 
previous flights. Those trees will be sampled in a diameter at breast height (dbh) range from 35-40 cm, due 
to CT limitations in the ability to radiograph reliably through hardwood material thicker than that given range. 
Tree ages are estimated to 80 years. 

 

Prior to TLS scanning, the sample trees will be measured manually in terms of dbh and height. The TLS 
scanning procedure for each plot will be done from multiple positions to get a thorough image of external 
sample tree stem structures. After scanning the trees will be felled and cut to three logs each, which are 
brought to the Forest Research Institute of Baden-Württemberg in Freiburg (FVA) for further CT 
investigations.  

Terrestrial laser scanning 

Terrestrial laser scanning has become a research method to obtain information about the shape of tree 
stems. Several research units as well as already a private company have developed algorithms to process 
information about tree position, stem diameter, taper, and ovality as well as predictions of the tree height and 
the crown contour. The corresponding software works full or at least semi-automatically. This allows 
gathering of data of standing trees in the forest by use of a terrestrial laser scanner and the processing of the 
data off-site, i.e. later in the office.  

 

Projective of the Flexwood project for the use of terrestrial laser scanning data is the detection of bark 
characteristics. To do so, the different scans of the single trees are registered and the exterior stem 
information is then mapped onto a plane. There are two different kinds of data the laser scanner gathers. 
When the beam returns from an object, the intensity of the beam is measured. The range information 
contains the three dimensional information, i.e. the distance of the object point to the scanner. Both signals 
can be visualized. An example is shown in  
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Figure 1. It is selected from a feasibility study in which different tree species were analysed to gather species 
characteristics which may be detected by a terrestrial laser scanner. The intensity image looks similar to a 

greyscale photo. The range image reflects the distance of each point to the scanner. Bright areas are closer 
to the scanner than dark areas. These image data facilitate the processing of the laser scan data. Image 

processing algorithms can be applied to the image data and bark heterogeneity can be detected 
automatically. 

a)  b)  

 

Figure 1: Intensity (a) and range (b) image of an oak tree (Quercus spec.) by terrestrial laser scanner 

To extend this approach to combine the position and size of these characteristics with the data of the CT, a 
coordinate transformation between the terrestrial laser scanning data and the CT information needs to be 
established. 

 

CT analysis  

There is a large interest of the wood consuming industry in the detection and localization of internal wood 
defects, prior to conversion processes. The sooner the information is gained and used along the forest wood 
supply chain, the more flexible can wood raw material be allocated and most effectively used. Aim of this 
study is to provide quality assessment of logs at stand level, by combining external stem properties from TLS 
with internal wood properties detected with CT scanning. 

X-ray technology is world wide the most applied non-invasive investigation technology and has therefore 
logically found entrance to wood processing industries also. At present, one or two-directional scanners are 
in use at sawmills to scan logs upstream to conversion processes. By generating perpendicular projections 
only, the obtained information gain from this method is limited. Exemplary applications are the detection of 
heartwood borders, localization of metallic contaminants and average density measurements before cutting. 
More advanced, but currently not in commercial use for forestry applications, computed tomography 
scanning technology is able to provide a complete three dimensional image representation. Internal wood 
properties are hence not only detectable, but also locatable in their geometrical behaviour and dimensions. 
Future sawing patterns, assisted with this knowledge on internal wood properties will improve sawing 
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efficiencies and therefore complete productivity to percentage rates which are not achievable with state of 
the art technologies. Concurrently the same knowledge will serve to assess the value of silvicultural concepts 
and tending operations, and hence improve pre-harvest actions at forest stand. 

 

 
 

Figure 2: 3-D stem surface reconstruction of an oak tree (Quercus spec.) 

The physical principle of CT-tomography is based on the varying attenuation of radiation by objects of 
different dimension and material properties. An x-ray source rotates around an object and materials 
attenuation profiles are recorded, measuring the difference between emitted radiation intensity and 
measured intensity at the detector rows. To compute attenuation for each picture element (pixel) per cross 
section, CT is using up to 1200 projections per 360° scanner rotation from a large number of angular 
positions. Internal structures of a log like branches, splits, checks, year ring boundaries, heartwood and 
sapwood can be identified by their varying attenuation due to density differences. For a 80 cm reconstruction 
field and N=768 x 768 pixels displayed, a resolution of 1.1 mm per pixel allows to distinguish, identify and 
measure internal log characteristics and relate them to external features in the x/y plane. The attendant 
depths of volume elements (voxel), which is equivalent to the resolution in the z-plane, can be varied from 1-
5 mm by parameter settings like table feed (mm s-1), rotor speed (N 360° rotations per minute) and amount 
of simultaneously scanned slices. Each pixel is supplied with its geometrical location (X, Y, Z - coordinate), 
as well as its computed attenuation coefficient. Summarized to a general view, a complete three dimensional 
image reconstruction is the result, with the feasibility to determine surface coordinates as well as internal 
quality properties. 
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a)  b)  

Figure 3: lateral (a) and transversal (b) CT slice image of a beech log (Fagus sylvatica L.)  

By means of gained TLS and CT surface structures these two datasets will be matched, to validate TLS 
scanning precision as well as the capability to reliably assess internal log quality from external parameters. 

Decision system  

The Decision support system to be developed in the Flexwood project, will in its final form qualitatively 
classify parts of standing trees as sawlogs by means of their external stem properties. Terrestrial laser 
scanning will serve as the data source on which the log classification will be done by automated algorithms in 
practical applications. 

Aim of this case study is to check the feasibility to collect log quality predicting stem surface characteristics 
by TLS in combination with the ability to verify predictions on internal wood qualities by CT scanning 
technology. CT scanning itself is then tested on its ability to serve as a non-invasive data source for 
statistical analysis. 

Before an external property will be used as a modelling variable for log quality assessment, it has to fulfil a 
cascade of demands. In the beginning, it must be detectable in TLS data at stem or bark surface and be in 
interaction with internal wood properties. Further on, it must be able to visualize the affected or vice versa 
affecting internal wood property by CT data. At last, the metrical correlation between external expressivity to 
internal wood composition must be statistically significant with a high correlation coefficient to be used as an 
explanatory variable. Due to a small sampling size of 15 beech trees, the statistical affirmation of these 
relations won’t be able to deliver within this study. 

Providing the scientific base within this project, it must be the target of continuing investigations to supply the 
decision system with a meaningful statistically proven background on specific log quality determining 
correlative external to internal relations described in Flexwood. 
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Abstract 

Forest canopy cover (CC) is an important ecological variable and also a basis for the international definition 
of forest. CC is defined as the proportion of forest floor covered by the vertical projection of the tree crowns, 
i.e. unbiased CC measurements should be made using vertical observations. Only gaps between the crowns 
should be considered. If instruments having a non-zero angle of view are used to map the canopy, sides of 
the crowns will also be observed, which leads to overestimation of CC. Both airborne (ALS) and terrestrial 
(TLS) scanning lasers measure the canopy with non-vertical laser beams, i.e. CC estimates are likely to be 
biased. 

We measured CC at 16 plots located in Eastern Finland and Southern Norway with a sighting tube to obtain 
an unbiased field CC, and compared these results to ALS and TLS-based estimates. In case of ALS, the 
simple proportion of single and first canopy echoes estimated CC very well with a small overestimation 
(absolute RMSE 3.7–7.6%, absolute bias -3.4–-4.4%) due to relatively narrow nadir angle. The TLS 
scanners used phase comparison method and had a hemispherical field of view, so instead of trying to 
calculate the proportion of canopy echoes, we used the points above the height threshold (1.3 m) to create a 
raster map of the canopy. In the initial image, the brightness of the 4-cm pixel was related to the number of 
echoes at the pixel. The image was first median filtered, then processed with morphological operations to 
reduce noise and remove within-crown gaps, and finally binarized to separate covered and open pixels. CC 
was then estimated as the proportion of canopy pixels. Although TLS created a detailed canopy map close to 
scanning points, just a small number of echoes were received from more distant crowns, which led to 
underestimation of CC by 42%–0.1% (absolute RMSE 8.0–17.9%, absolute bias 6.8–13.1%). We conclude 
that ALS can be safely used in CC estimation despite a minor bias. TLS allows detailed canopy mapping, but 
a dense network of scan points is required to cover the entire plot. 

 

1. Introduction 
Forest canopy cover (CC), defined as the vertical projection of tree crowns ignoring within-crown gaps 
(Jennings et al. 1999, Gschwantner et al. 2009), is a forest characteristic that has recently become important 
in forest inventories. It is commonly used as an ecological indicator (Jennings et al. 1999, Gill et al. 2000) 
and also forms a basis for the international definition of forest (FAO 2000). However, its reliable estimation in 
the field using traditional methods is usually either too laborious or too inaccurate (Korhonen et al. 2006). 
Airborne (ALS) and terrestrial (TLS) laser scanning offer an effective and precise alternative for measuring 
the percentage of canopy gaps (Lovell et al. 2003, Danson et al. 2007, Solberg et al. 2009), and thus have a 
great potential to replace the less accurate field methods that are currently used in forest inventories 
(Korhonen et al. 2006). 

The traditional methods for in situ canopy cover measurements include ocular estimates, sighting tubes 
(Rautiainen et al. 2005), spherical densiometers (Lemmon 1956), canopy photography (Korhonen and 
Heikkinen 2009), and modelling based on stem dimensions (Gill et al. 2000). Of these methods, the use of 
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vertically balanced sighting tubes to estimate the proportion ground that is covered by the canopy is usually 
considered to give an accurate estimate of CC (Rautiainen et al. 2005). In practice, sampling transects are 
established so that they cover the entire plot. The measurer walks the lines and at each grid point looks 
upwards through the tube to determine whether the point is under a crown or not. Because such 
measurements require plenty of time, cameras or other instruments with non-zero angle of view are often 
used to reduce the number of sampling points. However, measuring a larger area from each point makes the 
estimated CC biased, because the sides of the crowns are also observed (Jennings et al. 1999, Paletto and 
Tosi 2009). When large view angles are used, the trees seem to fall towards the centre of the observed area, 
and CC is overestimated. This bias increases along with the angle of view, becoming significant at around 
40° (20° from zenith) (Korhonen and Heikkinen 2009). 

 

Airborne laser scanning provides data that is very similar to the dot counts with the sighting tube: all that is 
needed is to calculate the proportion of first and single echoes that are above a specified height threshold 
(i.e. canopy echoes) (Holmgren et al. 2008). The main difference is that the beams of a scanning laser are 
not exactly vertical (except at nadir), so it is likely that this method overestimates CC similarly to field 
measurements with non-zero angle of view. However, in typical ALS surveys the off-nadir angles are at 
maximum 20°, so this effect should remain relatively small. In addition, however, the penetration ability of an 
ALS pulse may be limited through small canopy gaps, and vary somewhat with the technical acquisition 
settings. 

 

The potential of terrestrial lasers in mapping canopy gaps and density has also been demonstrated (Danson 
et al. 2007, Huang and Pretzsch 2010). Many TLS systems have hemispherical field of view, so CC 
estimated as the proportion of canopy gaps within the entire hemisphere will overestimate CC considerably. 
However, allocating the canopy echoes to a grid based on their XY coordinates should reduce this effect. 
Our aim in this study is to compare ALS and TLS-based estimates of vertical CC to accurate field data. 

Materials 

Our first study site is the Koli National park in Eastern Finland (63˚04´ N, 29˚51´ E). Seven 30 x 30 metre 
sample plots were scanned with both terrestrial and airborne lasers. All plots were located at Scots pine 
(Pinus sylvestris L.) dominated stands (Table 1). More fertile plots (16 and 17) also had a significant number 
of other species, mainly birches (Betula spp. L.) and higher understory vegetation. The rest of the plots were 
barren pine stands with very low understory vegetation. CC was measured using a sighting tube to 
determine if the sample point was covered or open. The density of the dot count grid was 1 x 2.5-metres, 
resulting in 403 points per plot. The methodology was similar to Korhonen et al. (2006), except that 
vegetation lower than 1.3 metres was ignored. Also typical forest parameters were recorded. 

 

Table 1. Koli plot data. 

Plot-ID SP CC G DgM HgM CBHgM 
16 Pine 69% 80.9 25.8 31.4 23.7 11.0 
17 Pine 58% 78.2 24.3 33.2 22.0 10.5 
19 Pine 93% 63.0 22.4 23.9 18.4 11.3 
20 Pine 99% 43.2 18.4 24.8 18.2 11.5 
25 Pine 96% 66.5 29.3 31.2 24.4 12.1 
26 Pine 98% 59.8 24.5 29.2 24.2 12.6 
27 Pine 98% 59.3 22.9 23.8 18.5 13.3 

Abbreviations: SP, dominant species; CC, canopy cover (%); G, basal area (m2/ha), DgM, mean diameter at 
breast height (cm); HgM, mean height (m); CBHgM, mean crown base height (m). The mean values are 
given for the basal area median tree. 
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The Koli ALS data were obtained in July 2005, while other measurements were made during May– June 
2006. Optech ALTM 3100 scanner (Optech Inc., Vaughan, Ontario, Canada) was flown at one kilometres 
altitude. Half scan angle was 11°, footprint size 25 cm, and mean pulse density 4.6 m-1. 

The Koli TLS data were acquired using a FARO LS 880HE80 scanner in June 2006. It is a continuous wave, 
785 nm scanner, which uses phase modulation technique (Petrie and Toth 2009, p. 18) for distance 
measurement with three different carrier wavelengths and has an unambiguity range of approximately 76 m. 
Point measurement frequency was 120000 points per sec, vertical field of view 320° and horizontal field of 
view 360°. Beam size was 3 mm at exit and beam divergence was 0.25 mrad (0.014°). Distance 
measurement error was 3 mm at 25 m (84% reflectivity). Five to eight scans were made in each plot. Same 
measurement resolution was used for all scans, producing a point spacing of 6 mm at the distance of 10 m. 
Individual scans were georeferenced to local coordinate system using spherical reference targets. 
Coordinates for the reference targets were measured using a Trimble 5602 DR 200+ total station, which was 
setup using the known coordinates of the rectangle-shaped test plot corners. Because the data was meant 
for timber volume studies, scan points were selected subjectively so that the stems could be viewed from 
several directions. Thus many scan points were located near the edges of the plot, which was not ideal for 
CC estimation. 

The second study site is located in Lardal, Southern Norway (59˚23´ N, 9˚58´ E). The stands were fertile 
mixed forests, usually dominated by Norway spruce (Picea abies (L.) Karst). Circular sample plots with 12.5 
metres radius were measured during summer 2009. CC measurements were made similarly to Koli, resulting 
in 195 sample points per plot. The ALS data were gathered with the Optech ALTM05SEN180 and 
ALTM04SEN161 scanners, 690 m above ground. Half scan angle was 12°, footprint size 13 cm, and mean 
pulse density 10.0 m-1. Four TLS scans were achieved from six of the Lardal plots. One scan was taken at 
the plot centre while the other three were obtained at six metres distance (N, SE, and SW). Otherwise the 
setup was similar to Koli. 

 

Table 2. Lardal plot data. 

       

Plot-ID SP CC G DgM HgM CBHgM 
3664_2 Spruce 93% 76.9 40.8 29.0 21.9 10.0 
3684_7 Spruce 98% 84.1 45.5 30.9 18.9 5.7 
3721_5 Spruce 100% 87.2 48.9 31.4 23.7 9.1 
3726_1 Spruce 91% 79 42.3 25.7 19.2 6.7 
3731_12 Spruce 88% 82.6 41.5 27.3 22.0 4.8 
4373_3 Birch 37% 63.6 14.6 32.5 18.3 2.3 

4373_6 Spruce 98% 76.9 27.3 22.1 19.1 8.9 

4375_3 Spruce 99% 73.8 33 25.9 25.8 10.1 

4375_5 Spruce 73% 88.7 45.2 29.1 25.8 8.1 

Abbreviations: SP, dominant species; CC, canopy cover (%); G, basal area (m2/ha), DgM, mean diameter at 
breast height (cm); HgM, mean height (m); CBHgM, mean crown base height (m). The mean values are 
given for the basal area median tree. 

 

2.  Methods 
The ALS data from both sites were processed similarly: the height of the echoes above the digital terrain 
model was calculated and the percentage of first and single echoes that were above a 1.3 metres threshold 
was used as the CC estimate. In addition, the high density ALS data were decimated to a density of 1 pulse 
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per m2, which is typical to practical forest inventories. This was done using a grid-based method similar to 
Vauhkonen et al. (2009), and CC was re-estimated using the decimated data. 

Processing of the TLS data involved several steps. The scanners used the phase comparison method, and 
therefore the analysis was different from earlier studies in which time-of-flight scanners have been utilized 
(Danson et al. 2007, Huang and Pretzsch 2010). First, the scanners’ own software was used to filter most of 
the noise and create georeferenced images depicting the density of points above 1.3 m (Fig. 1). Image 
resolution was 4 cm and (8-bit) image brightness was scaled according to the point density within the cell. 
After georeferencing, the scanned point clouds were filtered to reduce the amount of outlier points, which 
occur in phase-based measuring system when the measuring beam hits more than one target or no target at 
all. Filtering was done by removing all points that had a greater distance than 20 cm to half of its 3 by 3 
neighbouring points in scanner’s row-column system. Also all dark points, i.e. points with low returning 
intensity, were removed. FARO Scene software was used for point cloud georeferencing and filtering. 

All ground points were deleted and point clouds were processed to create a map of the canopy. Here the 
analysis differed slightly between Koli and Lardal plots. For the Koli plots, this was done by applying the 
‘Clear view mode’ directly in Scene software: it adds transparency to the otherwise completely opaque point 
cloud rendering. This allows for viewing through very dense point clouds and gives a better impression of the 
spatial structure of the underlying point cloud. Settings for the clear view mode and laser point size were 
selected so that the orthogonal top view of the 3D-point cloud was visually optimized. Image crops were 
taken and image corner coordinates and pixel size were determined using test plot corner coordinates and 
ArcGIS-software. Lardal TLS data were pre-processed by the contractor (Treemetrics Ltd., Cork, Ireland) 
and the point cloud was delivered in ASCII format. This time the Scene software was not available, so 
instead the raw number of above-ground echoes was calculated for each cell. Because the echo numbers 
were very high in some places (especially at the stems) and low elsewhere, the echo counts were log-
transformed to reduce the intensity range of the images. In this way the Lardal canopy images became 
comparable to the Koli canopy images. 

 

 
Figure 1. TLS-based canopy map from Koli plot 25 was made with FARO Scene software and imported to 

ArcGIS for visualization. Tree positions come from field measurements. 
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These images were analysed further using MATLAB® 7.9.0 numerical computing environment and 
programming language (MathWorks Inc. 2010) and image processing toolbox extension. The processing 
chain was as follows: 

 

1. Median filtering to reduce noise, repeated twice. 

 

2. Removal of remaining small peaks and gaps with mathematical greyscale morphology (Soille 2003; 
see also Wikipedia title on mathematical morphology). Bright peaks were smoothed by 
morphological reconstruction (Vincent 1993): the image was first eroded, and the eroded image was 
used as marker and the median filtered image as a mask in Matlab’s function imreconstruct. Gaps 
were removed similarly by using the negative of the resultant image. 

 

3. Binarization to separate canopy and empty pixels. Threshold values were selected so that the 
crowns could be separated as well as possible. In Koli the 8-bit brightness limit was 25 DN. With log-
transformed Lardal images the limit was 2.1, corresponding to eight individual echoes. 

4. CC was calculated as the percentage of canopy pixels of all pixels that were inside the plot. 

 

The final maps (Fig. 2) were generalized versions of the initial maps (e.g. Fig 1.) where processing had 
eliminated small within-crown gaps, so that CC estimated from the map was equivalent to the estimates 
obtained with the sighting tube. In addition, most irrelevant details between the continuous canopy areas 
were removed in the process. 

 

The accuracy of the results was examined by calculating root mean squared error (RMSE) and bias between 
the estimates (ŷ) and field reference (y) (Eqs. 1–2). 
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3. Results 
A general view of the quality of our data can be obtained from Fig. 2, where ALS canopy hits and TLS-based 
canopy map are compared. The ALS point cloud clearly shows where the crowns are, and the TLS map has 
a good agreement with the ALS results near the scan points. However, the TLS map has large shadowed 
areas especially outside the plot borders, but also between the scan points. There echoes were often 
received only from the stem and lowest braches, while most of the crown stayed hidden. In addition, parts of 
the canopy were shadowed by nearby stems, leaving black strips into otherwise continuous canopy (Fig. 1). 
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Figure 2. TLS-based binary canopy map from plot 25 overlaid by ALS vegetation hits. Some of the crowns 

visible in ALS point cloud were poorly detected by the TLS. 

 

Table 3. Koli results. 

Plot CC TLS scans TLS-CC ALS-CC Decimated ALS-CC 
16 80.9 8 75.6 82.6 80.0 
17 78.2 8 66.4 82.7 80.9 
19 63.0 6 54.2 65.5 62.5 
20 43.2 6 32.7 44.0 40.5 
25 66.5 7 54.1 72.3 68.9 
26 59.8 5 18.0 63.9 61.4 
27 59.3 7 58.0 63.5 57.1 

 

Table 4. Lardal results.  

Plot CC TLS scans TLS-CC ALS-CC Decimated ALS-CC 
3664_2 76.9   82.5 80.4 
3684_7 84.1 4 77.9 89.0 85.9 
3721_5 87.2 4 87.1 91.6 91.5 
3726_1 79.0 4 72.7 80.2 83.3 
3731_12 82.6 4 76.8 88.5 87.1 
4373_3† 63.6   76.7 74.3 
4373_6† 76.9 4 62.4 88.8 85.1 
4375_3 73.8 4 65.8 75.9 79.0 
4375_5† 88.7   79.1 73.3 

†Field CC measured by different person. 
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The comparison of the results with the field-measured CC confirmed what could be seen visually from the 
images (Tables 3 and 4). At Koli, raw ALS results were very close to sighting tube estimates (RMSE 3.7%, 
bias -3.4%), and when the data were decimated to typical inventory density, the two methods yielded an 
even higher agreement (RMSE 2.0%, bias -0.1%). In Lardal the ALS and field inventory results did not agree 
as much as in Koli (RMSE 7.6%, bias -4.4%). Still, however, the general view was very similar – ALS 
overestimated field-measured CC by a few percent. One thing to be noted was that if three Lardal plots 
where field-CC was measured by a less experienced field-worker were removed from the analysis, RMSE 
decreased to 4.4%. The bias, however, remained the same due to removal of an outlier plot (no. 4375_5), 
where ALS underestimated field-CC. The point cloud decimation reduced the bias from -4.4 to -3.0%, i.e. it 
did not reduce the bias as much as with the less dense Koli data. 

The TLS results were opposite to ALS: CC was always underestimated. In Koli RMSE and bias were 17.9% 
and 13.1%, respectively, and in Lardal 8.0% and 6.8%, respectively. This result is in line with the visual 
observation that more distant crowns remained shadowed in the TLS maps. This problem was especially 
evident at Koli plot 26, where field CC was 63.9% but TLS estimate only 18.0%. One reason for this 
unacceptable error was that only five scans were made, four of which were from the corners, which was not 
enough to cover the entire plot.  

4. Discussion 
Our results indicate that a simple ALS-based vegetation index can produce accurate canopy cover data, at 
least if the scan angle is kept small. The results also improved when the data density was reduced to 
approximately one pulse per square meter. The slight overestimation of CC may be explained by the 
shadowing effect, i.e. when pulses are arriving at an angle then their probability of having a first or single 
echo at the ground is lower as compared to vertical pulses. Grid-based decimation of the ALS data reduced 
the bias. Most likely this resulted from the decimation procedure being most pronounced in the crowns where 
the density of echoes are high, leaving a relatively higher share of ground-echoes in the remaining data set. 
ALS data seems to be the best available solution for acquisition of reliable canopy cover data for large areas. 
As ALS is increasingly used in practical forest inventories due to its ability to produce high-precision 
estimates on growing stock, the availability of data for CC estimation should also increase.  

TLS-based canopy mapping also produced accurate maps of the canopy near the scan locations, but crowns 
further away remained occluded. Thus TLS is better suited for mapping canopy gaps in the hemispherical 
perspective projection than vertical map projection. However, in small plots where several scans are made, 
and in open canopies with good visibility, TLS can produce a very accurate description of the horizontal and 
vertical structure of the canopy. The methods used to generate the canopy maps functioned very well and 
can be used safely if such maps are required. However, in cases where a simple estimate of CC is enough 
and TLS measurements are not otherwise available, traditional field techniques such as sighting tubes or 
point-and-shoot canopy photography may be more convenient alternatives.  
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Abstract 

Accuracy of Airborne Laser Scanning (ALS) inventory has a decisive impact on the success of determination 
of forest yield value (net present value, NPV) calculated by forestry decision support systems (DSSs). Errors 
in inaccurate inventory data increase in magnitude during the execution of long model chains of the 
simulation systems and causes significant output errors. The longer the reference period, the larger the 
output errors; thus, inaccurate input data are especially problematic in the case of forestry yield value 
determination throughout the rotation period. In this paper we give a short summary of the two studies in 
which we have investigated the effect of the statistical area-based ALS-inventory accuracy in forestry yield 
value calculations. Based on our results, it is possible to develop an ALS inventory-based methodology for 
estimating forestry yield value in which it is also possible to derive statistics depicting the reliability of the 
derived estimate. 

 

1. Introduction  
The economic value of forests is crucial information for landowners and various forestry organizations. 
Estimates of the value of forest property are needed for many purposes, e.g. in the real estate business, land 
divisions and exchanges and for considering forestry investment. The need for determining the value and the 
value development of forests has become more important, since forests are increasingly considered as one 
possible investment outlet amongst other real or financial assets. The International Financial Reporting 
Standards (IFRS) require that forest enterprises present systematically computed estimates of the value of 
their forested land annually. 

 

One method for deriving the economic value of a forest stand or property is to calculate the difference 
between the present values (net present value, NPV) of all future expected revenues and expenses. This 
approach is referred to as the forestry yield value method (Holopainen & Viitanen 2009) and it is based on 
the fundamental ideas of forest economics (Faustmann 1849). The NPV of forested land is subject to various 
uncertainties. The sources of uncertainty include growth and yield models used in the simulators, 
development of timber prices, the rate of interest used and uncertainties in the input data. 

 

In practice, the determination of a forestry yield value is currently carried out as a part of the forest-planning 
procedure, during which the scenario best fulfilling the forest owner's objectives is selected by optimization 
from a set of alternative scenarios produced by simulating tree- or standwise development. Forest-planning 
simulations are based on a vast number of models depicting the development of single trees or forest stands 
(In Finland, 400-600 models depending on the forest-planning software system). These models are never 
complete, notwithstanding the manner in which they were derived. The complexity of the problem is further 
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heightened by the fact that uncertainty factors tend to accumulate due to the long chains of models and long 
observation periods used. 

 

If the input data of the forestry yield value calculations are inaccurate, they will significantly affect the 
functionality of the simulation models, resulting in unrealistic simulation outputs and correspondingly wrong 
optimization solutions. Reliable inventory data are thus essential for forestry yield value simulations. In 
assessing the state of a stand, the estimates may differ significantly from the real situation, due to the 
inventory method used. 

 

Acquisition of forest-planning data is currently in a phase of radical change. In Finland, operative forest 
planning is evolving into a methodology by which stock characteristics are estimated by means of tree-wise 
measured sample plots and area-based statistical features of airborne laser scanning (ALS) data and digital 
aerial photographs. Estimation will be performed, using the nonparametric k-nearest neighbour (k-NN) or k-
most similar neighbour (k-MSN) method (Packalén 2009). With respect to the estimation of stand mean 
characteristics (e.g. Næsset 1997, 2002, 2004, Holmgren 2003) and tree species- or timber assortment-
specific characteristics (Packalén & Maltamo 2006, 2008, Peuhkurinen et al. 2008, Holopainen et al. 2010a), 
it has become possible to achieve at least the same level of accuracy using low-pulse ALS data as that 
found in traditional standwise field inventory (SWFI). 

 

In this paper, we give a short summary of the two previous studies (Holopainen et al. 2010a, 2010b) in which 
the effect of the statistical area-based ALS-inventory accuracy in forestry yield value calculations have been 
investigated. 

 

2. Materials and methods  
Holopainen et al (2010a) examined uncertainty factors related to inventory methodologies and forest-
planning simulation computings in the estimation of logging outturn assortment volumes and values. The 
uncertainty factors investigated were (i) forest inventory errors, (ii) errors in generated stem distribution, (iii) 
effects of generated stem distribution errors on the simulation of thinnings and (iv) errors related to the 
prediction of stem form and simulation of bucking. Regarding inventory errors, standwise field inventory 
(SWFI) was compared with statistical area-based airborne laser scanning and aerial photography 
inventorying (A_ALS). 

Holopainen et al. (2010a) utilized timber assortment outturn data gathered by logging machine were applied 
as the study’s ground truth data. These data were acquired from 31 logging sites (5950 trees) logged in the 
Evo area during winter 2008. The data consisted of timber assortment volumes measured by the logging 
machines. For clear-cutting sites (12), accurate timber assortment outturn volumes were known for each 
stand. With respect to thinning sites (19) determination of stand-level figures was based on the measurement 
of 90 circular plots that were measured before and after the logging operation. Uncertainty caused by the 
investigated sources of error was analysed, using simulation computations performed by the SIMO forest 
management planning simulation and optimization system (Rasinmäki et al. 2009). A_ALS feature selection 
was based on the genetic algorithm method presented by Holopainen et al. (2008) and estimation of forest 
characteristics on the nonparametric k-NN method. 

Holopainen et al. (2010b) compared uncertainty related to inventory data, growth models and fluctuation in 
raw timber prices in forest yield values (NPV) computed throughout the rotation period. With respect to 
inventory data, uncertainty analyses were carried out for methodologies currently in operative use only, i.e. 
the SWFI and A_ALS inventory methodologies. The study was performed, using Monte Carlo simulations 
(SIMO software) and interest rates of 3%, 4% and 5%. The study material consisted of a simulated forest 
property of 40 stands having an even representation of various tree species and development classes. The 
uncertainty figures concerning inventory data accuracy were adopted from two southern Finland A_ALS pilot 
projects. The growth model uncertainty figures were derived, using the respective error models. Raw timber 
price fluctuation was predicted using a Geometric mean-reverting (GMR, Insley 2002) price model and the 
realized price development of the period January 1986 and August 2008. 
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A_ALS 
Inventory 

error

SWFI 
inventory 

error

Stem 
distribution 
generation

stem form 
prediction & 

bucking 
simulation

bias%NPV rmse%NPV

X 0.6 24.7
X -0.1 29.1

X -1.2 2.6
X X X 2.5 33.4

X X X 4.2 23.8

ERROR SOURCES Predicted stock value

3. Results 
 Holopainen et al. (2010a) compared SWFI with A_ALS inventory with respect to assessing timber 
assortment-level forest data. They focused on the estimation of timber assortment quantities, economic 
values and related sources of uncertainty. In addition to inventory errors associated with the generation of 
stem distributions, estimation of single-tree stem form and simulation of bucking during the forest-planning 
simulation computations were scrutinized. 

Table 1. Effects (bias%NPV and rmse%NPV) of different error sources on predicted stock value (€/m3) at stand 
level. Field reference measured by logging machine: 5400 trees within 12 clear-cutting stands. A_ALS = 
area-based ALS inventory, SWFI = standwise field inventory. The active error source is marked with X. 

 

 

 

 

 

 

 

 

 

 

The results showed that the most significant source of error in the prediction of clear-cutting assortment 
outturns was inventory error. The bias and root-mean-squared error (RMSE) of inventory errors varied 
between -11.4 and 21.6 m3/ha and 6.8 and 40.5 m3/ha, respectively, depending on the assortment and 
inventory methodology. The effect of forest inventory errors on the value of logging outturn in clear-cuttings 
was 29.1% (SWFI) and 24.7% (A_ALS). The respective RMSE values related to thinnings were 41.1% and 
42%. The errors related to stem distribution generation, stem form prediction and bucking simulation were 
significant but considerably lower in magnitude than the inventory error (see Table 1). Timber assortment-
level errors were greater than those related to mean characteristics (e.g. mean stem volume) estimation. 
This is a consequence of errors stemming from stem distribution generation and stem form prediction, 
bucking simulation and also uncertainty in tree species recognition. Effects of A_ALS inventory error, SWFI 
error, stem distribution generation error, stem form prediction and bucking simulation error and their 
combined effects to the predicted stock value (bias% and rmse%) are summarized in Table 1. 

Table 2. Averages of the relative biases ( NPVbias% ) and sds ( NPVsd% ) of the simulated NPV distributions 
with given source of uncertainty with 3% rate of interest. The active uncertainty sources in each combination 
are marked with X. (Table modified from Holopainen et al. (2010b)) 

UPRICE UFIELD UALS UGROWTH bias% NPV sd% NPV

X -6.1 8.2
X -6.8 28.8

X 1.7 26.5

X -9.5 33.2

X X -9.1 29
X X -1 27.4

X X -5.7 34.9

X X -12.5 46.9
X X -2.1 46.5

X X X -9.2 47.4

X X X 0.1 46.5

SOURCES OF UNCERTAINTY Interest rate 3%
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Holopainen et al. (2010b) showed that the growth models used in forest-planning simulation computations 
were the greatest source of uncertainty with respect to NPVs computed throughout the rotation period (see 
Table 2). Uncertainty almost as great was caused by input data uncertainty, while the uncertainty caused by 
fluctuation of raw timber prices was considerably lower in magnitude. The interest rate used in the 
computations did not affect the relative importance of the various sources of uncertainty in any meaningful 
manner. Each single source of uncertainty caused an uncertainty in NPVs ranging from 8% to 32%. The joint 
effect was appr. 50% at most. Interestingly, the joint effects turned out to be significantly less than the sum of 
the respective sources of uncertainty. 

4. Discussion & Conclusions 
The economic value of the stand or estate can be estimated, using forest management planning simulations. 
Forest planning is based on stand-level or tree-level models and simulators. When tree-level forest-planning 
simulators are used, stem distributions can be formed, based on mean stock characteristics, by determining 
and measuring the inventory unit (e.g. compartment) median trees and utilizing theoretical stem distributions, 
such as the Weibull distribution, in the modelling and derivation phases, or it can be derived by enumerating 
all trees present in the inventory unit, resulting in true stem distribution series. 

 

A_ALS interpretation provides new opportunities but also challenges with respect to forest-planning 
computation procedures, e.g. it offers several alternatives for forming stem distributions. One alternative is to 
first estimate the mean stand characteristics and then apply stem distribution models based on theoretical 
distributions (e.g. the Weibull distribution). Another alternative is to use ALS features to directly estimate 
stem distribution parameters in a manner proposed and studied by Gobacken & Næsset (2004), Maltamo et 
al. (2006) or by Breidenbach et al. (2008). Gobacken & Næsset (2004) and Maltamo et al. (2006) showed 
that size distributions of trees can be estimated, using locally modelled distribution functions in which ALS-
based canopy height metrics are used as predictors. It is also possible to utilize stem distribution series 
measured for field plots as reference in k-NN or k-MSN method (Packalén & Maltamo 2008). 

 

Forest organizations involved in the planning of privately owned forests in Finland are currently adopting a 
new inventory methodology in which A_ALS interpretation is implemented in a grid consisting of 16-m x 16-m 
cells. Forest characteristics are estimated for each cell, using the nonparametric k-NN or k-MSN algorithms. 
In this case stem distributions could be formed separately for each grid cell, which would enable better 
analysis of intra stand variation. However, stand-level mean values will be used for forming stem distributions 
at least for the time being, probably because of the heavy computations involved. Instead of using single grid 
cells as computation units, rudimentary compartments formed by automatic segmentation of grid cells could 
be used as well (e.g. Tuominen & Haapanen 2009). 

 

Single-tree (or individual tree detection, ITD) ALS inventorying may result in more accurate stem distributions 
than the application of A_ALS inventorying. This also leads to more accurate timber assortment volume 
estimates and consequently to lower levels of inventory-related uncertainty. However, current ITD inventory 
algorithms require further development in automatic location of trees and automatic tree species recognition. 
In several studies (e.g. Peuhkurinen et al. 2007, Maltamo et al. 2009, Vastaranta et al. 2009), allometric 
models describing the relationships between tree crown size, height and DBH were applied as a part of the 
ITD methodology. These models are, however, highly sensitive to errors in their input data. The automatic 
measurement results of tree crown size in particular tend to be error-prone. Nonparametric algorithms 
applicable to single-tree interpretation are, therefore, currently under development (e.g. Maltamo et al. 2009, 
Yu et al. 2010a,b) to part with the use of allometric models. 

 

Our results show that forest inventory methodologies, growth models applied in forest-planning simulation 
computations and fluctuation of timber prices cause significant uncertainty in the computation of stand-level 
forestry yield value. Uncertainty resulting from inventory methodology and growth model functioning is 
greater than that caused by timber price fluctuation, given that future timber price fluctuation will be predicted 
with a GMR price model. With respect to forest inventory methodology, uncertainty results addition to the 
actual inventory error by generation of stem distribution, prediction of stem form and simulation of bucking. 
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A_ALS inventorying result similar or lesser degrees of uncertainty in computed stand-level NPV than 
traditional SWFI. Based on these results, it is possible to develop an ALS inventory-based methodology for 
estimating forestry yield value in which it is also possible to derive statistics depicting the reliability of the 
derived estimate. In further studies, developed methodology can be linked into market valuation of the forest 
properties. 
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Abstract 

Knowledge on fine spatio-temporal gap phase dynamics of the temperate deciduous forest of Eastern North 
America is still poorly documented, particularly at its northern range. Traditional methods used to sample 
gaps, like recording information along transects, are time consuming and expensive. Also, studies in 
temperate forests have usually been limited to recent gaps (i.e. gaps with low regeneration within). However, 
gap structure can change rapidly over time in response to resources availability. With this study, we 
hypothesised that within-gap vegetation can present a distinct heterogeneous 3D structure that should be 
detectable by LiDAR and could be linked to gap age. To test this hypothesis, we have investigated the forest 
gap regime of three old-growth temperate deciduous forests in southern Québec, Canada with a gap 
detection algorithm using LiDAR and field surveyed gap data. Field sampling of a random subset of detected 
gaps was carried out during summer 2009. Dendrochronological samples were taken within gaps in 
structurally different sapling groves to date the canopy opening events using a growth release detection 
algorithm. Gaps were clustered using height structural parameters derived from LiDAR data. Average gap 
area was 20 to 23 m2, cumulatively occupying 6.2% to 7.5%. New growth releases occurred each year in 
2.7% of the sampled saplings on average between 1960 and 2005. Gap structure clusters were not strongly 
related to gap age, but presented a distinct synchronous and asynchronous growth releases history. 
However, they were aggregated by study site. Local external factors thought to have an influence on these 
results are a pre-established shade-tolerant regeneration, ungulate browsing and differential growth rate due 
to site conditions. 

 

1. Introduction 
The gap phase regime is the main regeneration mechanism of the temperate deciduous forest (Runkle 1985, 
Platt and Strong 1989). Characterizing the canopy gap regime using traditional methods raises a number of 
challenges, including cost, time and reproducibility (Runkle 1992). For these reasons, studies on this subject 
are usually limited to small study areas, with an emphasis on large gaps (Seymour et al. 2002). This is a 
problem since most temperate deciduous forest gaps are small and to not take it into account may have a 
significant influence on our perception of the gap regime dynamics (Brokaw 1982, McCarthy 2001). An ideal 
method for characterizing the gap regime would do so at a spatial scale fine enough to detect small gaps for 
an area large enough to be representative of the phenomenon. At a finer scale, the analysis of the internal 
structure of gaps due to differential mortality of trees also presents an interesting challenge. Changes in the 
internal structure of gaps often come from their expansion and this component is usually not considered in 
studies on gaps because of costs (Runkle 1982). Light Detection And Ranging (LiDAR) is particularly well 
suited to these tasks (Koukoulas and Blackburn 2004, Vepakomma et al. 2007, Gaulton and Malthus 2010). 
LiDAR remote sensing instruments can acquire high resolution vertical and horizontal information and have 
been used in forestry applications for a number of years (Lim et al. 2003). Such an instrument could thus be 
used to extract gap structural information related to gap dynamics. 
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1.1 Gap age and structure 

Gaps are opening in the canopy caused by the death of part of a tree, a complete tree or a small number of 
trees (Runkle 1985, Barden 1989). In literature, the size of gaps varies somewhat depending on the 
study. To our knowledge, the minimum size of a gap to have been considered in a study was 5 m2 (Gaulton 
and Malthus 2010). There are also many definitions of maximum gap sizes, such as a gap formed by a few 
dead trees (Runkle 1992) or an area of less than 200 m2 (McCarthy 2001). Larger openings in the canopy 
are usually not considered as gaps but as patches. Processes that characterize their life cycle are more like 
the dynamics of a new stand resulting from a small-scale disturbance (McCarthy 2001). Gaps can disappear 
in two ways: either by the growth of trees located in the gap to canopy height or lateral filling by trees 
bordering the gap (Runkle 1982, Runkle 1985). The contribution of these mechanisms to gap closure 
depends heavily upon some of the gaps properties (e.g. gap surface or presence of advance 
regeneration). Lateral closure in large gaps might not be fast enough to prevent some saplings from reaching 
the canopy. On the other hand, small gaps will probably be closed laterally before a sapling has a chance of 
reaching the canopy. In this case, the shade-tolerant species stay suppressed under the canopy, awaiting 
the next gap opening. Thus, it is possible for advance regeneration to reach the canopy even in small gaps, 
through multiple canopy openings (Runkle and Yetter 1987). A number of studies have reported higher 
growth rate in gaps (Runkle 1981, Canham 1985, Canham 1990, McClure et al. 2000). As such, canopy 
opening-closure has an incidence on tree growth in gaps which can be observed in growth rings (McCarthy 
2001). Canopy opening also has an effect on sapling height growth and stem density (Runkle 1998), 
suggesting that sapling groves structure could be regarded as a marker of gap age. However, gap age is 
pretty tricky to define, since gaps can be formed by the death of more than one tree and because they can 
expand and contract over time. To further complicate matters, multiple gap-forming tree deaths can be 
asynchronous, i.e. for a single gap the deaths are distinct events usually years apart (Runkle 1992). Each 
gap history can thus integrate a number of disturbances that have shaped its structure resulting from their 
timing and intensity. 

 

The goal of this study was to predict canopy gap age from three dimensional structural parameters obtained 
through LiDAR. Our hypothesis was that some measurable features of the three dimensional structure of 
gaps are linked to their age. Gap age can be defined as the number of years since the first canopy opening 
disturbance or since the most recent disturbance event (Runkle 1992). In this study, we chose release 
detection from dendrochronological analysis as the simplest and most accurate method for finding gap age. 
This method relies on detecting the acceleration of tree growth due to the increased availability of resources 
in a newly opened gap and has been used in many studies to get information on forest disturbances (Runkle 
1982, Poage and Peart 1993, Abe et al. 1995, Bräker 2002, Rubino and McCarthy 2004, Fraver and White 
2005). Dendrochronological signal from sampled sapling in the gap’s sapling groves should provide us with 
information on gap history. 

 

1.2 Study sites 

The study area consists of three sites with an area of approximately 1 km2 each, separated by less than 20 
km. The first two sites studied were located in the Ecological Reserve of the Forêt-la-Blanche. The reserve is 
a protected area of 2 052 hectares dedicated to the conservation of ecosystems and research (45° 44' N, 75° 
16' W). The third site was located in the Lac-de-l’Écluse Exceptional Forest Ecosystem (45° 52' N, 75° 24' 
W), also under a conservation status. The dominant species in the three sites is sugar maple (Acer 
saccharum Marsh.), with American beech (Fagus grandifolia Ehrh.) as the codominant species. Other 
notable species in gaps or in the canopy are red maple (Acer rubrum L.), yellow birch (Betula alleghaniensis 
Britt.), basswood (Tilia americana L.), ironwood (Ostrya virginiana (Mill.) K. Koch), striped maple (Acer 
pensylvanicum L.), Eastern hemlock (Tsuga canadensis (L.) Carrière) and white ash (Fraxinus americana 
L.). The average annual temperature varies from 2.5 to 5°C, with a growing season ranging from 180-190 
days. Mean annual precipitation ranges from 900 to 1000 mm (Robitaille and Saucier 1998). The three study 
sites are old growth forests that have not suffered catastrophic disturbances for hundreds of years. However, 
the three sites studied were affected by the North American ice storm of 1998, receiving between 40 and 100 
mm of freezing rain (Olthof et al. 2004). Furthermore, beech bark disease (BBD) has been present for 
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several years, causing mortality and defects, particularly on large beeches (Houston 1994). Indeed, during 
our 2009 survey, many of the large beeches in our study area were dead or dying. 

1.3 Data 

Airborne discrete return LiDAR data was acquired in September 2007 using an Optech ALTM 3100 
instrument at an average altitude of 1300 m (Hopkinson 2007). Average point density was over two returns 
per m2, maximum half-scan angle was 20°, scan rate was 41 Hz and line spacing was 750 m (for a targeted 
50% overlap between strips). Preprocessing of the LiDAR data was accomplished with the Terrascan 
software package (Terrasolid, Finland). This includes data cleaning, bird hits removal and classification of 
LiDAR points as being ground hits using the morphological properties of the point cloud. 

 

2. Methodology 

2.1 LiDAR data processing and gap detection 

Treatments to produce height models and to detect gaps were done in ArcGIS Desktop (version 9.1, 
Environmental research institute Inc.). A digital elevation model (DEM) was initially created from LiDAR 
points classified as ground (Lim et al. 2003). The DEM was produced by interpolation with a Triangulated 
irregular network (TIN) to a resolution of 50 cm. A digital surface model (DSM) was produced in the same 
way with the first LiDAR returns. The canopy height model (CHM), a representation of the height of 
vegetation above ground, was then obtained by subtracting the DEM from the DSM. 

Gaps were obtained from an adaptive thresholding algorithm applied on local height. This algorithm has 
been created to detect height changes in the CHM that are steep enough to represent a break in the canopy. 
This method of gap detection gives conservative gap boundary compared to other methods based on Lidar 
(Koukoulas and Blackburn 2004). Using this algorithm, a CHM pixel is classified as a gap if the height it 
represents is smaller than one of the two height thresholds (see equations 1 and 2) computed using the 
surrounding pixels in a circular neighbourhood of 0.25 ha: 

 

 Hi < [H¼ha–(1.5 * SDH¼ha)]      (1) 

 

 Hi < (0.20 * Hmax¼ha)        (2) 

Where Hi is the evaluated CHM pixel value, H¼ha is the height average of the CHM in an area of 0.25 ha 
around the pixel, SDH¼ha and Hmax¼ha are the standard deviation and the maximum value of the CHM in the 
same area respectively. Adjacent gap pixels in all directions were then grouped to form a gap. Gaps with 
less than 4 m2 were eliminated to remove artefacts due to the porosity of the canopy and those caused by 
the variation in point density. 

 

2.2 Field data collection 

Fieldwork was conducted during summer 2009. LiDAR-detected gaps were chosen randomly in the three 
landscapes. Very small gaps, i.e. less than 20 m2, were not sampled because of difficulties in positioning and 
sampling them. Most of these very small gaps were in high canopies and appeared to have been created by 
broken branches, while some others were tree gaps in the process of closing laterally. The position of a 
central point in each gap was obtained with a GPS (ProMark3, Thales Navigation Inc.). Differential 
corrections were applied afterward using data from the Natural resources Canada’s Ottawa GPS reference 
station, located about 50 km from the study sites. Post-processing of the GPS gave us an estimated average 
precision of 5 m. Other elements of gaps where positioned relative to the central GPS point with a distance 
rangefinder (Haglof Vertex 3 Rangefinder /Hypsometer) and a compass (Sunnto KB-14/360R). Woody debris 
that could be associated with stumps inside or close to the gap border were identified as gap makers. Gap 
makers with diameter at breast height (DBH) ≥ 250 mm were located with a distance rangefinder and 
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identified to the species if possible. Inside the gap, sapling groves with distinct height were identified. The 
grove position and characteristics, such as mean height, density, and composition, were recorded. For each 
distinguished sapling grove, a sapling with a DBH ≥ 50 mm was selected and a core was taken to the heart 
using a Pressler’s probe. 

2.3 Detection of growth release 

The cores were air-dried, glued onto wooden boards and sanded to make the growth rings appear. The rings 
were measured using a Leica MZ125 stereomicroscope (40 X) coupled to a Velmex electronic digitizing table 
that has an accuracy of 0.01 mm. The cores were not cross-dated since our assumption is that the 
dendrochronological signature of each core is the result of differences in gap’s history, whether it is local to 
the gap or global to the landscape. The detection of growth release was performed with a method adapted to 
species and conditions of our study sites (Gravel et al. 2009). A significant growth release is defined as an 
increase in radial growth of 100% sustained for at least four years, compared to the previous year. The year 
of each release were recorded for each core. 

2.4 Fieldwork data validation 

Some sampled gaps were removed from the dataset because the GPS point didn’t fall within the detected 
gap boundary or because the tree core was unusable. This left 172 gaps in our dataset, on a total of 228 
sampled gaps. Also, a number of sapling groves were removed from the dataset because they were not 
located within the gap boundaries detected by LiDAR, i.e. the gap detection method didn’t include in the gap 
boundary some regeneration groves that were recorded as part of the gap during fieldwork. This problem 
has affected 25% of the 172 gaps in the dataset. Among those, 80% had only one sapling grove within the 
gap boundary detected by LiDAR and 20% had two to four groves. Those were probably formed from 
multiple gap-forming tree falls (Barden 1981) or by gap edge expansion (Runkle 1998). Gaps with more than 
one sapling grove were removed from the statistical analysis, which left us with 138 gaps for the statistical 
analysis. 

2.5 Cluster analysis  

For each gap, the 20th, 50th (median value), and 80th percentiles values of the CHM were computed (R 
statistical package, version 2.10.0) and gaps were classified in groups using these three CHM percentiles 
values. Cluster analysis was conducted for distinguishing gap structure using Ward's hierarchical clustering 
method with Euclidean distances (hclust package in R statistical package, version 2.10.0). The number of 
clusters was chosen interactively from observation of the dendrogram. 

2.6 Statistical analysis 

Analysis of variance (ANOVA) was performed with the gap structure clusters as factors and each of the 20th, 
50th, 80th percentiles of CHM height and the mean sapling grove height estimated during fieldwork 
(mentioned as sapling grove height from here on) as variables using R (aov function, R version 2.10.0). 
When significant ANOVA differences were found, Tukey’s contrasts post-hoc mean comparison test was 
performed. Pearson’s product-moment correlation was calculated on the median of CHM height and the 
sapling grove height. Analyses were also done to find a relationship between gap age and structure. To do 
so, analysis of variance (ANOVA) was performed with the gap structure clusters as factors and gap age as 
variable. Pearson’s product-moment correlation was performed on the CHM height percentiles values and 
gap age. 

3. Results and discussion 
Gaps detected from LiDAR occupied 6.2%, 7.5% and 7.0% of study sites 1, 2 and 3 respectively. Mean gap 
area was 21.2 m2 with standard deviation (SD) of 5.1 m, 20.4 m2 with SD of 6.3 m, and 23.1 m2 with SD of 
5.5 m in sites 1, 2 and 3 respectively. Proportion of the study sites occupied by gaps is lower than found in 
the literature (Runkle 1982). This is surprising, considering that the presence of BBD usually increases total 
gap area (Krasny and DiGregorio 2001). The proportion of gaps with more than one sapling grove is also 
higher than in other studies (Barden 1981). This difference probably comes from the differences in the 
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definition of gaps (Barden 1989) or from divergences in multiple-treefalls gap definition between authors 
(Runkle 1992). 

Growth release detection showed that each year an average of 2.7% of the saplings started a new period of 
growth release between 1960 and 2005 (figure 1).  

 

Figure 1(a) Figure 1(b) 

 

 

Figure 1(c) 

 
Figure 1. Proportion of cores starting a growth release (growth increase >100% sustained for at least four 
years, compared to the previous year) and number of cores used between 1960 and 2005 in site 1 (figure 

1(a)), site 2 (figure1(b)) and site 3 (figure 1(c)). Proportion of cores starting a growth release is represented 
as bars and is associated to the left Y axis. Number of cores used is represented as a line and is associated 

to the right Y axis. 

Some years exhibit a higher than average amount of new releases for sites 2 and 3. The largest was in the 
late 1990’s, which corresponds to the growing season following the ice storm of 1998. Other noteworthy 
years for large number of growth releases are 1992 and 2004. Some differences can be observed in those 
years between study sites. Site 1 does not have years with more release than usual. That site has a lower 
mean elevation than the other two sites, which might explain the difference in 1998. Other growth releases 
differences between study sites are probably caused by local variations of disturbances intensity or site 
characteristics. 

Six gap structure clusters were obtained from the CHM percentiles values. The ANOVA performed on the 
clusters and the height percentiles showed that they have distinct structural characteristics (table 1). 
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Table 1. Mean and standard deviation values of the 20th, 50th and 80th CHM height percentiles for each gap 
structure clusters. Below are the ANOVA and correlation between the six gap structure clusters, height 

percentiles, sapling grove height and minimum gap age. Below that are the ANOVA and correlation between 
gap structure clusters subset (clusters 1, 2, 3 and 5), height percentiles, sapling grove height and minimum 

gap age. 

Gap structure clusters 20th percentile 50th percentile 80th percentile 
Sapling grove 
height 

1 – Mean ± SD 5.4 ± 0.91 a* 6.8 ± 0.59 a 8.1 ± 0.70 a 6.6 ± 1.72 a 

2 – Mean ± SD 3.5 ± 1.04 b  5.0 ± 0.59 b 6.4 ± 0.81 b 5.3 ± 1.69 b 

3 – Mean ± SD 7.3 ± 0.59 c 9.1 ± 0.79 c 10.6 ± 1.24 c 7.5 ± 2.52 a 

4 – Mean ± SD 3.4 ± 1.55 a 7.4 ± 1.52 d 11.4 ± 1.34 c 3.2 ± 2.14 c 

5 – Mean ± SD 1.3 ± 0.62 d 3.0 ± 0.63 e 5.1 ± 1.11 d 3.5 ± 2.39 bc 

6 – Mean ± SD 10.4 ± 1.81 e  13.4 ± 0.67 f 15.0 ± 0.64 e  2.30 ± 1.5 bc 

 
Analysis using all clusters (1-6) 
ANOVA with clusters as factors 
 F 93.24 155.48 162.25 18.04 
 P < 0.001 < 0.001 < 0.001 < 0.001 
Correlation with minimum gap age 0.06 0.09 0.12 0.12 
Correlation - P value 0.243 0.137 0.087 0.078 
 
Analysis using clusters 1, 2, 3 and 5 
ANOVA with clusters as factors 
 F 158.33 310.75 131.02 14.19 
 P < 0.001 < 0.001 < 0.001 < 0.001 
Correlation with minimum gap age 0.16 0.14 0.18 0.15 
Correlation - P value 0.048 0.071 0.035 0.058 

* Clusters with the same letter are non-significantly different from post-hoc means comparison with Tukey’s 
contrasts at the 95% confidence level. 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Scatterplot of the clustered gaps (Cluster 1 
(ο), cluster 2 (Δ), cluster 3 (+), cluster 4 (x), cluster 5 
(◊), cluster 6 ( ) with the 20th and 80th percentiles 
values of the CHM. 95% confidence ellipse and its 

centre are drawn for each cluster. 

Figure 3. Scatterplot of the clustered gaps (Cluster 1 
(ο), cluster 2 (Δ), cluster 3 (+), cluster 4 (x), cluster 5 

(◊), cluster 6 ( )) with the estimated grove height 
and the median height values of the CHM. 95% 

confidence ellipse and its centre are drawn for each 
cluster. 
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Tukey’s contrasts shows that most clusters are significantly different for each height percentile parameter. 
Clusters 1 and 4 in the 20th height percentile and clusters 3 and 4 in the 80th height percentiles are not 
significantly different. Gap structure clusters are arranged along a height gradient with clusters 5, 2, 1, 3 and 
6 in ascending order, except for cluster 4 (figure 2). 

 

Gap structure clusters have a compact distribution around their centre, except for clusters 4 and 6. Cluster 4 
has a larger 95% confidence ellipse and its height distribution is more skewed toward higher values than the 
other clusters.  

Clusters show a comparable pattern of height gradient with the sapling grove height and CHM median values 
(figure 3).  

 

The correlation between the median CHM values and the sapling grove heights was performed on data from 
all clusters and on a subset composed of clusters 1, 2, 3 and 5. Significant correlation is achieved using the 
subset (R2 = 0.23), but isn’t when clusters 4 and 6 are included (R2 = 0.01). Correlation between height 
parameters is much lower than anticipated. This might be a consequence of the way gaps are detected. 
Detected gap borders can sometimes be at a high height if the canopy is very high. It was also found that the 
clusters are strongly associated to the study sites (table 2).  

Table 2. Number of gaps in each gap 
structure cluster by study sites. 

Site 1 has most of the cluster 4 and all of the cluster 6 gaps, site 
2 has most of the cluster 5 gaps (low gap heights) and site 3 has 
at least 50% of clusters 1 to 3 (intermediate gap heights). 
Detected gap structure was associated to study sites 
characteristics, which probably indicates that it was significantly 
affected by other factors. Such local factors might be border trees 
height, pre-established shade-tolerant tree regeneration, 
ungulate browsing and differential growth rate due to site 
conditions and/or sapling grove composition. 

 

Growth release frequencies do show some differences between clusters, but not as much as anticipated 
(figure 4). However, some patterns of synchronous growth releases can be observed. They would be 
indicative of synchrony in gap openings. Synchronous growth release events are defined as a higher than 
normal number of release events happening during one year. On the other hand, gaps form at a continuous 
rate even without major disturbance events. Those would be asynchronous release events. Clusters 5 and 2, 
the two lowest clusters in height, are the ones with the most numerous recent synchronous growth releases 
in 1998 and 2004 (figure 4 (b) and (e)).  

 

 

 

 

 

 

 

 

 

Figure 4 (a)       Figure 4 (b) 

Cluster Site 1 Site 2 Site 3 
1 8 11 20 
2 6 11 17 
3 5 3 11 
4 25 1 1 
5 3 9 3 
6 4 0 0 
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 Figure 4 (c).       Figure 4 (d). 

 

Figure 4 (e). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Proportion of cores starting a growth release (growth increase >100% sustained for at least four 
years, compared to the previous year) and number of cores used between 1960 and 2005 for cluster 1 

(figure 4 (a)), cluster 2 (figure 4 (b)), cluster 3 (figure 4 (c)), , cluster 4 (figure 4 (d)) , cluster 5 (figure 4 (e)). 
Proportion of cores starting a growth release is represented as bars and is associated to the left Y axis. 

Number of cores used is represented as a line and is associated to the right Y axis. 

 

Cluster 1 is similar, but the last synchronous growth release was only in 1998 (figure 4 (a)). Cluster 3, the 
highest in heights percentiles, is the only one without recent growth releases (figure 4 (c)) and has a weak 
synchronous growth release in 1992. Cluster 4 has a few recent growth releases, but doesn’t have any 
around the 1998 ice storm. It has no synchronous growth release (figure 4 (d)), a result that clearly contrast 
with the other clusters. This could be why this cluster has a structure quite different from the others. These 
differences between clusters are indicative of structure response to major synchronous or asynchronous 
disturbances events. 

We decided to use the most recent detected release as the gap age since the structure clusters heights 
percentiles seemed to be lower for clusters with recent disturbances and higher for clusters without any. 
ANOVA between gap age for all gap structure clusters gave no significant result (df=5, F= 1.45 and P = 
0.2091). ANOVA between gap age for clusters 1, 2, 3 and 5 gave close to significant results (df=3, F= 2.35 
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and P = 0.0768). Tukey’s contrasts indicate that only clusters 2 and 3 are different to the 95% confidence 
level. Correlation between gap age and height percentile values was performed on data from all clusters and 
on a subset composed of clusters 1, 2, 3 and 5 (table 1). Even though cluster 5 had low height values and 
had seen some recent disturbances, its mean gap age was still high and thus did not fit with the general 
gradient of height and age observable with the other clusters (table 3). 

 

Table 3. Gap age mean and standard deviation for each structure cluster 

Cluster Mean 
Standard 
deviation 

1 9.3 11.7 
2 6.9 6.87 
3 14.8 11.8 
4 10.7 14.1 
5 9.1 12.2 
6 4.5 4.20 

4. Conclusion 
LiDAR derived data was found to be useful in detecting gaps in the forest cover. Gap properties like area 
and structure were also extracted from LiDAR derived data. Gap structure clusters appeared to have distinct 
history of synchronous disturbances. However, relationship between gap age and structure was not as 
strong as expected, even though growth releases distribution differences between clusters were apparent. 
One of the reasons of such weak relationship might be the insufficient number of sampled saplings in the 
groves to show the gap disturbance history. Taking multiple cores from each sapling grove would have given 
us a more precise gap age structure, but would have required much more resources and time. Gap 
dynamics is a much more complex process than was assumed at first. Even though we’re only in the 
beginning of its widespread use, LiDAR has made some significant contributions to our understanding of gap 
dynamics and will continue to do so in the future. 
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Abstract 

An area-based method is implemented to predict forest stand parameters from airborne laser scanning data. 
Multiple regression models are calibrated with 31 field plots inventoried in a hillside dominated by coppice 
stands, located in the French Alps. Cross-validated prediction accuracies are respectively 13.2, 14.3, 19.4 
and 25.5% for dominant height, mean diameter, basal area and stem density. Reducing calibration plot 
radius greatly influences prediction results. Although median values of forest parameters remain unchanged, 
field observations variability is higher for smaller plots. Depending on the forest parameter, prediction 
accuracy is significantly correlated with some distribution statistics (minimum and maximum values) of field 
observations computed with various radii. Indeed, greater variance or outliers may degrade the degree of fit 
of regression models.  

 

1. Introduction  
In alpine environments with high topographical constraints, evolutions in forestry practises and labour costs 
resulted in a progressive neglecting of mountainous stands. Near the footslopes, coppice stands which used 
to provided local inhabitants with fuelwood are quite frequent in the French Alps. They were among the first 
to be left over as a combination of the development of other energy sources and of the impossibility to grow 
high value timber products due to poor site quality. However, fossil fuels rarefaction and global warming 
alarms prompted public authorities to set ambitious objectives of increased woody biomass harvesting 
(Ginisty et al. 2007). Unfortunately, information about forest stands characteristics is now missing or 
outdated. Due to accessibility constraints, conventional field inventory methods can not provide the 
information required to forecast harvesting operations. Prospecting difficulties are all the more critical since 
forest stands display a high spatial heterogeneity linked with complex landform patterns encountered in 
mountainous areas. 

 

High hopes have been set on airborne laser scanning (ALS) as this remote sensing technique was shown to 
be successful in stand parameters estimation and tree detection for coniferous forests (see review 
by Hyyppä et al. 2008). Following works also demonstrated its accuracy in others contexts such as tempered 
deciduous forests (Popescu et al. 2002, Patenaude et al. 2004) and alpine environments (Heurich and 
Thoma 2008, Hollaus et al. 2009). To our knowledge, the case of mountainous coppice stands has not been 
investigated so far. 

 

The aim of this paper is to evaluate the efficiency of ALS for forest parameters estimation in mountainous 
coppice stands. The area-based method proposed by Næsset (2002) is implemented. The effects of forest 
spatial heterogeneity are investigated by examining the influence of calibration plot size on field observations 
and on regression models accuracy. 
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Figure 1. Shaded digital terrain model of the study area 

 
2. Material 

Study area 

the study area is a 4 km2 hillside situated in the French Alps (town of Saint Paul de Varces, 4517’04 ל”N, 
 E)(figure 1). The forest is mainly constituted of coppice stands and deciduous stands on poor”25’38ל05
quality sites, dominated by Italian maples (Acer opalus) and downy oaks (Quercus pubescens). Downslope, 
old chestnut (Castanea sativa) coppice stands are frequent. Common whitebeam is present in all the area, 
especially at the foot of cliffs. In thalwegs or in upper parts with better site quality, ash (Fraxinus excelsior) 
and beech (Fagus sylvatica) are common. Some areas have a dense understory of holly (Ilex Aquifolium), 
common hazel (Corylus Avellana) or box (Buxus sempervirens). Altitude ranges from 330 to 1270 m above 
sea level. High limestone cliffs overhang the area and rockfall events are frequent. No major silvicultural or 
harvesting operations have been performed in the area for more than fifty years. 

 

Field data  

From September to November 2009, N = 31 circular field plots were inventoried. Plots were distributed every 
400 m along the 550, 750, 950 and 1150 m height contours, resulting in an irregular sampling scheme where 
horizontal distances between neighbouring plots ranged from 180 to 412 m with a mean value of 302 m. Plot 
centres were georeferenced using a Trimble GPS Pro XRS receiver. After differential correction with the 
Pathfinder®; software, position precision (95% confidence radius) ranged from 0.6 to 1.5 m. All trees with 
diameter at breast height larger than 5 cm and located within 10 m horizontal distance from the plot centre 
had their diameter measured with a tape. Their positions to the plot centre were recorded using a Suunto 
KB-14 compass and Suunto PM-5 clinometer mounted on a tripod, and a Vertex III hypsometer. Maples 
(mainly Acer opalus), downy oak (Quercus pubescens) and common whitebeam (Sorbus aria) represented 
nearly 60 % of the stems. Ten tree heights were also measured on each plot with the hypsometer. Height 
sampling probability was proportional to stem basal area to ensure that dominant trees would be 
represented. 

Laser data 

Laser data was acquired on August 27th, 2009 over 8.6 km2 with a fullwave RIEGL LMS-Q560 scanner. 
Acquisition parameters are summarised in table 1[1]. Echoes were extracted from the binary acquisition files 
and georeferenced with the RIEGL software suite. The contractor also classified the resulting point cloud into 
ground and non-ground echoes using the TerraScan software, which implements an algorithm based on 
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iterative surface reconstruction by triangulated irregular network (Axelsson 2000). Final echo density was 
10 m-2. 

Table 1. Laser scanner acquisition parameters 

Item  Value  

Wavelength  1550 nm 

Pulse repetition rate  200 kHz  

Scan frequency  111.1 Hz  

Scan angle  ± 30ל  

Flight height  550 m  

Laser footprint  0.29 m  

Theoretical point spacing  0.47 m  

 
3. Methods  
The area-based, two steps method proposed by Næsset (2002) is implemented to predict forest parameters 
from airborne laser scanning data. To evaluate the effect of calibration plot size on prediction accuracy, plot 
radius is reduced by excluding trees situated further than various distance thresholds before reiterating the 
method. Tested radii are r {10,...,5,5.5} א. 

 

Forest parameters  

The following stand parameters are computed for each plot j {31,...,1,2}א and each radius r: basal area (Gr
j: 

surface occupied by the horizontal section of tree stems at 1.30 m height), stem density (Nr
j) and mean 

diameter at breast height (Dr
j). Dominant height (H10

j: mean height of the 30 highest trees per hectare) is 
calculated for r = 10 m only, as the sampling scheme does not ensure that enough measured trees are 
included within each radius. Wilcoxon signed-rank tests are performed to compare forest parameters 
observations obtained with different plot sizes. Correlation between field observations statistics and plot 
radius is evaluated by computing Spearman ρ. 

 

Extraction of laser metrics 

For each plot j, laser points within r meters horizontal distance form the plot centre are extracted. Their 
relative heights are computed by subtracting the terrain height at their orthometric coordinates. Terrain 
surface is estimated by bilinear interpolation of points classified as ground points. Points with relative height 
lower than 2 m are excluded to avoid influence of dense shrubs understory. Three point groups are then 
constituted according to return positions: single echoes (only one echo for a given pulse), first echoes and 
last echoes. For each group two types of laser metrics are calculated. Height metrics correspond to the 
breakpoints of four height bins containing an equal number of points: minimum (hg,0 ), first quartile (hg,0.25), 
median (hg,0.5), third quartile (hg,0.75) and maximum (hg,1) values, plus mean height (hg,mean). Subscript 
g א{s,f,l} refers to the point groups: single, first or last echoes. Three density metrics are computed as the 
proportion of echoes recorded below height thresholds corresponding respectively to 0.75, 0.5 and 0.25 of 
the maximum echo height recorded on the plot (dg,0.75, dg,0.5 and dg,0.25 respectively). For each radius r, 

the predictors set Pr = (Pr
i)i{27,...,1}א consists of 31 observations of 3 × 9 = 27 laser metrics. 
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Multiple regression models 

For each predictors set Pr and each corresponding dependent variables yr א {Hr , Gr , Nr,Dr}, a multiple 
regression model is fitted by ordinary least squares.  

           (1) 

Models including a maximum of three predictors are tested by exhaustive search among possible 
combinations. Models which do not fulfil the linear model assumptions or including a predictor with a partial 
p-value greater than 0.05 are discarded. The model with highest adjusted coefficient of determination (adj-
R2) is selected.[2]  

Prediction accuracy is evaluated in leave-one-out cross validation by computing the root mean square error 
(RMSE) and its coefficient of variation CV RMSE. 

          (2a) 

                                 (2b) 

Differences between predicted values and field observations are evaluated by Wilcoxon signed-rank tests. 
Spearman ρ is computed to assess correlation between prediction accuracy and plot radius for each stand 
parameter. 

4. Results  

Field observations  

Forest plots statistics for 5, 7.5 and 10 m radii are displayed in table 2[3]. As site quality is rather poor in the 
area, average dominant height is only 17.8 m. Generally, stands with high values for basal area, dominant 
height and mean diameter are located on a few good quality sites in thalwegs with deep soil, such as the 
ash-dominated plot #14 with H10 = 28.5 m, G10 = 59.7 m2.ha-1 and D10 = 21.6 cm. Small values are 
encountered on steep slopes at the bottom of cliffs with rockfall activity. For example, plot #21 is located on a 
scree and has H10 = 13.7 m, G10 = 4.6 m2 .ha-1 and D10 = 8.3 cm. In such areas stem density is highly 
variable. 

Table 2. Dominant height (H), basal area (G), stem density (N) and mean diameter (D) field observations 
statistics for calibration plot radius r {10 ,7.5 ,5}א (N = 31 plots). 

 H (m) G (m2.ha-1) N (ha-1) D (cm)[4] 

Radius  10 5 7.5 10 5 7.5 10 5 7.5 10 

Mean  17 .8  32 .3  34 .6  34 .8  1668  1714  1735  14 .5  14 .4  14 .5  

Min  8 .1  4.9  4.7  4.6  382  736  764  8.9  8.3  8.3  

Max  28 .5  66.8  90.1  59.7  3310  3112  2833  30.0  23.3  22.7  

Sd  5 .3  16.7  15.9  11.4  724  560  577  4.6  3.9  3.6  
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Figure 2 plots field observations statistics of basal area, stem density and mean diameter as functions of plot 
radius. Although mean basal area seems to increase with plot radius, Wilcoxon signed-rank tests indicate 
that the medians of the observations differences (yr1 - yr2 with r1≠r2 and yr א{Hr,Gr,Nr,Dr}) are not 
significantly different from zero at the p < 0.05 level. 

 

 
 

 

 

 
 

(a) Basal area (m2.ha-1) (b) Stem density (ha-1) (c) Mean diameter (cm) 

Figure 2. Influence of calibration plot radius (x-axis, meters) on field parameters observations. Dotted lines 
are the minimum and maximum values, dashed lines the first and third quartiles, black solid line is the 

median and blue solid line the mean value. 

Spearman correlation tests (table 3) show that minimum values of basal area and mean diameter are 
negatively correlated with plot radius, whereas stem density minimum is positively correlated. First quartile 
(all tested parameters) and mean values (basal area and stem density) are also positively linked to plot 
radius. Negative ρ values are found for maximum stem density and diameter, and standard deviation of the 
basal area and mean diameter. The median is correlated to plot radius for basal area and mean diameter, 
whereas the third quartile yields no significant correlation. 

Table 3. Spearman correlation coefficient ρ between field observations statistics and plot radius for basal 
area (G), stem density (N) and mean diameter (D).  

 Min 1st quart. Median 3rd quart. Max Mean Sd 

G  -0.68*  0.98***  0.91*** -0.02  -0.31  0.85**  -0.89***  

N  0.84**  0.90***  0.12  0.11  -0.76**  0.87***  -0.54  

D  -0.87***  0.77**  0.75*  0.57  -0.93***  -0.52  -0.98***  

   ***p < 0.001, **p < 0.01, *p < 0.05 (two-sided test) 
Multiple regression models 

Selected multiple regression models for r {5,7.5,10}א are detailed in table 4. With 10 m radius calibration 
plots, prediction accuracies (cross validated coefficient of variation of the RMSE) are respectively 13.2, 14.3, 
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19.4 and 25.5 % for dominant height, mean diameter, basal area and stem density. For r = 7.5 m results 
slightly improve for mean diameter and stem density (respectively 13.6 and 23.0 %), but are worse for basal 
area (36.4 %). The lowest accuracies are achieved with 5 m radius: 32.9 % for stem density and 36.7 % for 
basal area. Wilcoxon signed-rank tests indicate that the median of the differences between predicted and 
observed values is not significantly different from zero at the p < 0.05 level for any forest parameter. Mean 
diameter models do not fulfil linear model assumptions for r < 6. It is noteworthy that laser metrics included in 
the models depend both on the forest parameter and on calibration plot radius. 

Table 4. Selected multiple regression models for radius r {10 ,7.5 ,5}א.  

Variable  Radiu
s Laser metrics in the model adj-R2 (%)

CV 
RMSE(%) 

Basal area (G) 

5  hs,0 + hs,1 + hf,mean  55.5  36.7 

7.5  hf,0.75  46.0  36.4  

10  hf,0.25 + hf,0.5 + ds,0.5  70.8  19.4  

Stem density (N) 

5  hl,mean + df,0.75 + dl,0.25  51.0  32.9  

7.5  hf,0.75 + hl,1 + dl,0.25  59.1  23.0  

10  hl,0.5 + df,0.25  58.0  25.5  

Mean diameter (D) 

5  linear model assumptions not satisfied 

7.5  hf,0 + hl,0.25 + dl,0.75  76.6  13.6  

10  hs,0.75 + hf,0.75 + dl,0.25  71.4  14.3  

Dominant height (H) 
5, 7.5  no relevant due to sampling scheme 

10  hs,0.5 + hs,0.75 + hf,0  84.1  13.2  

Figure 3 displays prediction accuracy of multiple regression models as a function of calibration plot radius for 
basal area, stem density and mean diameter. Spearman correlation coefficient ρ between the forest 
parameter and plot radius is significantly different from zero for basal area only (ρ = -0.87, p < 0.001, two-
sided test). Stem density displays a similar decreasing trend but the coefficient of variation of the RMSE 
increases again when r > 9. For mean diameter the coefficient of variation of the RMSE decreases when plot 
radius increases from 6 to 7.5 m, and then remains stable around 14%. 

   

(a) Basal area (m2.ha-1) (b) Stem density (ha-1) (c) Mean diameter (cm) 

Figure 3. Influence of calibration plot radius (x-axis, meters) on the cross-validated coefficient of variation of 
the RMSE (y-axis) of multiple regression models. 
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5. Discussion  
The ALS based method produces accurate estimates of forest stand parameters, showing that it is suitable 
for deciduous forests such as coppice stands. Results obtained with 10 m radius calibration plots are 
consistent with those obtained by Heurich and Thoma (2008) with 34 deciduous plots located in the Bavarian 
Forest National Park (Germany). In their study a multiple regression was also performed with forest 
parameters as dependent variables and laser metrics as predictors. Accuracy was similar for basal area 
(20.3%) and mean diameter weighted by basal area (13.2%). Stem density also yielded the greatest error 
with 29.8%, whereas a better result was achieved for dominant height with 8.1%. 

 

Even tough correlation is significant for basal area only, it is noteworthy that prediction accuracy varies 
greatly with plot calibration radius (figure 3). As the median differences between observed and predicted 
values are not significant for any of the plot radii, plot size may influence residuals variance or some higher 
order statistics. 

 

Comparison of field parameters values obtained with different radii show that the median of differences are 
not significantly different from zero. However the mean and standard deviation, as well as several distribution 
quantiles, are significantly correlated with plot radius for some of the forest parameters. Even tough special 
attention is paid to ensure that field inventories are not biased, operational constraints and stand 
characteristics in such areas may explain such patterns, e.g.: 

 

 1 need for a small stable platform to install and operate the tripod;  
 2 minimum distance to big tree trunks to ensure visibility from the tripod and acceptable GPS signal;  
 3 minimum distance to small trees and understory to unfold the 4 m GPS antenna;  
 4 presence of compact groups of several stems in coppice stands. 

Presence of outliers in field observations is all the more likely since small plots exhibit higher variability of 
forest parameters. Such data points may affect the coefficient of determination and prediction accuracy of 
multiple regression models. Besides, this effect is enhanced by GPS positioning errors. Differential GPS 
allows sub meter accuracy in open areas, but in mountainous forests its precision depends on canopy cover 
density and on the elevation mask. Indeed, propitious time intervals for acquisition are short and fragmented 
due to topographic conditions. Real precision is more likely to be around two to four meters. For small radii, 
there are high chances that the extracted point cloud is only partially located within the actual field plot, 
resulting in erroneously fitted linear models. 

 

6. Conclusion 
With an area-based method, forest stand parameters such as dominant height, basal area, stem density and 
mean diameter can be precisely estimated from airborne laser scanning data for mountainous, coppice 
stands. Comparison of regression models obtained with plot radii ranging from five to ten meters show that 
prediction accuracy depends on calibration plot size. This effect may be due to biases in field data collection 
or to high spatial variability of mountainous coppice stands. 

 

However, another major factor that may greatly influence prediction models is GPS precision. Indeed, 
topographic constraints make GPS acquisition quite uncertain in alpine environments. Further investigation is 
required to quantify the influence of positioning accuracy on prediction results and optimise operational field 
protocols for calibration of airborne laser scanning models. 
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A large number of studies have proven the usefulness of airborne laser scanning (ALS) data for the 
estimation of biophysical forest attributes. Both area-based and single tree approaches may be applied and 
have already reached operational status in several countries (Næsset 2004; Lindberg et al. 2010). The aim 
of both methods is often a wall-to-wall estimate of the response variables. Therefore, a model is estimated 
using sample units where both field and remote sensing data are available. Field sample plots are typically 
used for the model development. The complete area of interest is then tessellated into non-overlapping tiles 
for which only ALS data are available and the statistical model is subsequently used to produce a prediction 
for each tile. Since forest stands usually are the basic geographical units of forest management planning, the 
ALS predictions for the tiles are typically aggregated to stand level. This results in an estimate of the mean 
(or total) of a certain response variable. Along with the mean, a measure of uncertainty of this estimate is 
important, for example when choosing between different potential forest management alternatives. A 
common measure of uncertainty is the standard error of the estimate which can be derived from the 
estimate’s variance. 

 

However, since the tiles are not independent samples, common variance estimators are not applicable. 
Consequently, most studies have so far only reported on mean stand predictions without associated 
measures of uncertainty. It should be noted, however, that most studies report on root-mean-squared-errors 
(RMSE), which is a measure of the performance of the statistical model. Nonetheless, the RMSE does only 
provide a single number for all samples used for validation and does not give any measure of uncertainty of 
the estimate provided for each individual target unit (e.g., forest stands). 

 

In statistics, the field of small area estimation (SAE) provides methods for derivation of variances for 
predictions aggregated to larger units that contain no or only few samples (Rao 2003). Although SAE is 
common in ALS-supported area-based forest inventories to provide estimates of mean values (Næsset 
2002), studies also providing variance estimates using ALS data are yet rare (Andersen and Breidenbach 
2007; Breidenbach et al. 2010). Methods for inference exist though even for nonparametric estimation 
techniques (McRoberts et al. 2007) applicable to ALS-assisted forest inventory. Results of the studies by 
Andersen and Breidenbach (2007) and Breidenbach et al. (2010) showed smaller model-assisted and 
model-based variances, respectively, of the ALS predictions at stand level compared with probability-based 
variances derived solely from field sample plot inventories. This proves the great potential of ALS data as 
auxiliary information for stand-based predictions. In addition, a model-based approach allows estimation of 
means and variances for units without any sample plots which also merits for the application of ALS data. In 
a new study, we compare model-based variance estimators following the SAE approach to derive a measure 
of uncertainty for predictions aggregated to stand level. First results based on nonparametric regression 
techniques for a study area in Norway will be presented. 
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1. Introduction 
Polish forests grow on approx. 9 mln ha (28% of whole country; Scots pine – dominate on 71%), which 
places Poland in the sixth place in Europe in terms of forest cover. The structure of the forest property in 
Poland is different than in other EU countries. Over 78.4% (7.5 million ha) belongs to the State Forest 
National Holding (PG Lasy Panstwowe – pl.). For about 15 years a modern information system called SILP 
(System Informatyczny Lasow Panstwowych - pl.; State Forests Informatics System) has been implemented 
as a standard in every of 431 Forest Districts in Poland. This comprehensive database consists of detailed 
information about each of 8 million forest compartments and can be joined with geometrical database called 
LMN (Lesna Mapa Numeryczna - pl; Digital Forest Map), which contains polygons (borders of forest 
compartments with unique ID), lines (e.g. forest roads) and points (e.g. survey station). Together, they create 
a topologically correctly, geometric layer with many attributes derived by the forest inventory, which can be 
managed by GIS user. Regarding internal rules of Polish State Forest (IUL 2003), the descriptive (SILP) and 
geometrical database (LMN) as well, should be updated periodically using information collected during 
fieldwork (e.g. powered by GPS data). Once every 10 years a management plan should be prepared for 
each forest district, and should be verified using remote sensing data like aerial or satellite orthophotos and 
national geo-data as well. 

 

During forest inventory measurements, aerial photos and ortophotomaps are often acquired simultaneously 
to support changes recognition in the forest (fires, clear cuts etc.). Besides National State Forests also 
National Parks and areas within European Ecological Network Natura 2000 are subjects of such inventories. 
Unfortunately,besides pilot projects (Wężyk, Solecki 2008; Wężyk et al. 2008a, 2008b) regarding ALS usage 
in forest inventory and management, there is still lack of law regulations and executive internal instructions 
that would allow implementing this GI technology on a large scale in Poland. 

 

Airborne laser scanning is a modern remote sensing technology used for collecting 3D information (point 
cloud) and provides precise information about terrain elevation and vegetation structure for large areas 
(Andersen et al., 2006; Holmgren and Jonsson 2004; Hyyppä et al., 2004). Filtration and classification of 
point clouds leads to creating accurate models like: DTM, DSM or nDSM, representing terrain and objects on 
it (Axelsson 2000; Wężyk et al. 2008a). ALS data have many applications in forest management but can also 
be used in ecological research on biomass or carbon sequestration (Gołuch i in. 2009; Wężyk et al. 2008b). 
Many forest taxation parameters can be retrieve or predicted using ALS technology. Especially the height of 
trees is important parameter, playing a crucial role during determination of forest stand volume. The height of 
tree is determined by: age, health status, site fertility, simultaneously affected by management operations 
and random events occurring in the stand. Measuring all tree heights in the forest was up to now not possible 
to perform, because the process would be too time consuming. On the other hand, the error an operator 
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makes during traditional height measurement by hypsometer often exceeds 5% and is caused by subjectivity 
in pointing the tree top and when the tree is leaned. 

 

The aim of presented study was an elaboration of automatic processing of ALS point cloud data for Digital 
Forest Map (LMN) revision (geometric errors or lack of information) and an update of attributes stored in the 
descriptive database (SILP). Such elements like: openings, gaps, clear cuts, bio-groups, dead trees, areas of 
low canopy closure, and the borders of forest compartments are possible to be mapped and checked using 
ALS. Some raster and vector GIS spatial analyses based on nDSM or even raw ALS cloud point can give an 
important feedback to operator of GIS system where the update of geometry is needed and topology of 
Digital Forest Map should be rebuild. To reach the goal, the comparison of automated method based on ALS 
data with the manual work of trained operator (on-screen digitizing) was performed. 

 

Another goal to reach was to elaborate a method of automated stand height verification based on ALS data. 
The height was compared with attributes from SILP descriptive database. A vector shape file containing 
compartment border was used to specify the region of accuracy analysis. 

Study Area 

The study area – Piasek management unit in the Chojna Forest Disctrict (RDLP Szczecin; NW Poland; 
52°56’45” N; 14°13’18” E) was chosen due to its average size (6380.26ha), regular shape, age of the stands 
(mean ~59 years), diversity of species, site categories distribution and topographical feature, and, what is 
most important, updated in year 2005 forest inventory database (Zajączkowski, Wężyk 2007). Study area 
consisted of 1565 forest compartments of total area equal to 5747ha. Scots pine was the dominant species, 
covering 75% (1032 compartments) of study area. The 25% of the forest consist of species like: Beech - 7% 
(111 compartments), Oak – 10% (183 compartments) and Black Alder – 2.31% (85 compartments) and other 
6% (154 compartments). 

 

Age diversity of the Scots pine stands in the study area is large (Table 2). The youngest (<20 years) and 
oldest (100÷120 years) age classes consist of about 6% of pine stands area. The age classes with highest 
number of pine stands were: II-V (20÷120 years) covered together approx. 73%. The most numerous 
(approx. 31%) was the III age class (60÷80 years). Stands older than 120 years were in minority (0.5% of 
area). 

 

2. Methods 

ALS mission 

In September 2006 (one year after the forest inventory) the ALS data was collected with RIEGL LMS-Q560 
(full waveform data) together with airborne images from small format camera (Rolleiflex 6008) with ground 
resolution of 7cm. The flight was performed 500m above the terrain by Eurocopter in NE-SW directions. The 
width of single scan was equal to around 600m (60% overlap). Together 44 scans were acquired. DGPS 
correction was performed with reference stations from SAPOS network. The accuracy was equal to 0.5m 
(XY) and 0.15m vertically, with the mean point density of 4 points/m2. Based on first and last echo 
information DSM and DTM models were generated with 1m spatial resolution.  

ALS data analysis 

Fusion (USDA Forest Service; McGaughey 2007) and Terrasolid software were used to perform filtering, 
classification and analysis of the ALS point cloud. ArcGIS 9.3 (ESRI) was used for further raster analysis. To 
obtain correct DTM, the Axelsson (2000) method was used (Terrascan, Terrasolid Ltd.). DSM was generated 
using FUSION (USDA Forest Service) with resolution of 1.0m. This two models where then substracted in 
order to create nDSM representing the tree heights (HALS). 
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The reference compartment outlines were based on the existing Digital Forest Map from 2005 year terrain 
revision. The accuracy of the border was however not sufficient and needed improvement by GIS operator. 
This was done manually on digital orthophoto and nDSM as well (Tompalski et al. 2009). During this process 
also outlines of canopy gaps where defined and the topology of vector layer was rebuild.  

To define the proper compartment borders in semi-automatic way, nDSM was classified into two categories: 
below and above 1.0m. This simple categorization resulted in creating forest mask and areas with no tree 
canopy cover. According to Polish forest law (IUL 2003) areas smaller than 200m2 are not treated as gaps 
and therefore were generalized. The automatic process was constructed using model builder application 
(ESRI; Figure 1). 

 

After gaining accurate and up-to-date vector of 
compartments, revision of height attribute was performed on 
the descriptive database, which was the main goal of the 
study. The SILP database was directly joined with the Digital 
Forest Map (LMN) through unique compartment ID. The 
mean height (HALS95) of the homogenous compartment was 
determined as 95th percentile of the ALS point cloud within 
borders of each forest stand. 

 

Using the descriptive forest database SILP, the raster 
representing compartment height was generated (based on 
forest inventory data from year 2005). Then this height 
model (GRID) was compared with nDSM and the database 
information was automatically updated (model builder ESRI) 
Two additional fields in the SILP database were created 
containing: stand height based on ALS data (HALS95. ) and 
the difference between ALS and inventory data (Hdiff). 

 Figure 1. Working flow of the map revision (LMN) 
and descriptive SILP database update. 

 

3. RESULTS 
 

The manual on-screen delineation of test area 
resulted in 244 gaps of total area of 68.80ha (mean 
0.28ha). Automatic analysis based on nDSM 
resulted in lower total area (58.58ha) but higher 
number of gaps (342; +98; mean area equal to 
0.17ha). The difference of two described methods 
was equal to 10.22ha (14.8%). Only 206 from 342 
automatically delineated objects, spatially 
corresponded to the reference gaps (Figure 2, Table 
1). 

 

 

 

Figure 2. Forest gaps over 200m2 (in blue - based 
on manual delineation; in yellow - derived automatically on 
ALS data. Compartment borders showed in red, nDSM in 

grey as background) 
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Table 1. Results of the update performed using manual interpretation of nDSM and orthophotomap and 
automatic ALS data processing 

Type of map revision Area [ha] No. of gaps 
 

Mean area 
[ha] 

Correct 
localization 

 
manual orthophoto – 

reference 68.80 244 0.28 244 

automatic nDSM (ALS) 58.58 342 0.17 206 

Difference -10.22 98 -0.11 -38 

 

In order to verify and update the height information of stands stored in SILP database, the 95th percentile 
derived for each compartment was compared to the SILP database value. Software Statistica 9 was then 
used to calculate if the differences were statistically significant. Non parametrical Wilcoxon test showed that 
differences for most of stands categories (Table 2) and for whole area as well, are in most cases significant 
(p<0.05). Only for stands older than 60 years the differences were not significant. 

 

Table 2. Significance of differences between HALS95 and descriptive database SILP  
(** p < 0.05; * < 0.01 < p < 0.05; n - differences not significant) 

Tree species Significance of the 
differences 

All ** 

Scots pine (Pinus silvestris) ** 

age class  

I ** 

II ** 

III ** 

IV n 
V * 
VI n 
others n 

Beech (Fagus silvatica) ** 

Oak (Quercus sp.) ** 

Black Alder (Anlus glutionosa) ** 

 

The stand height difference (HDiff) between the ALS method (HALS95) and the height from forest traditional 
forest inventory (HSILP) was equal to +0.90m (2.06m for absolute differences). The 935 (60%) from 1565 
analyzed forest compartments showed HDiff higher than zero (the SILP values were lower) and the others 
627 (40%) below zero (SILP values too high). In the HDiff range between -1m and +1m, the 661 forest 
compartment (42%) was found. Introducing the compartment area as weight in differences calculation, the 
results slightly changed to +0.60m (1.52m for absolute differences). This indicates that the height values in 
the SILP descriptive database are slightly understated compared to the ALS data (Figure 3). 
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Figure 3. The spatial distribution of the forest compartment height difference (HDiff) in Piasek management 

unit in Chojna forest district (RDLP Szczecin). 

In order to explain in details these differences, additional calculation was made based on main tree species 
criteria. For Scots pine the difference between mentioned two methods (SILP as reference) was equal to 
+0.57m (1.76m for absolute differences). Weighted with the pine stands area, the mean differences were 
equal to +0.41 (1.34m for absolute differences). 

 

Considering the deciduous tree species, the results showed following differences: for Beech +1.63m (2.51m 
absolute value), Oak +1.67m (+2.89 m) and Black Alder +1.00m (2.31m). Using area of the stand as the 
weight, the difference (HDiff) resulted in values equal to: Beech +1.37m (2.21m), Oak +1.09m (2.10m) and 
Black Alder +1.43m (2.20m). 

The differences of stand heights were higher for deciduous stands than for coniferous stands, but due to 
their small total area (20% of study area), their influence was rather limited. 

 

Consecutive analysis lead to define differences in various stand age classes (Table 3). They showed that for 
classes below 60 years height values in the descriptive database SILP are lower than those derived from 
ALS data. Mean differences occurred to be highest for I age class (0÷20 years) and were equal to +3.18m 
(Std. dev. 6.80m). They were smaller considering the II age class (20÷40 years) reaching +1.14m (Std. dev. 
+2.42m) and III age class (40÷60 years) +0.41 m (Std. dev. 1.58 m). For older stands (>60 years) the 
differences were of opposite signs which means that they were lower for ALS95 method. On average their 
values were: -0.31 m (Std. dev. 1.67m) for IV age class (60÷80 years); -0.53 m (Std. dev. 2.64m) for V age 
class (80÷100 years) and -1.51 m (Std. dev. 5.68m) for VI age class (100÷120 years). Similar tendency is 
described in other publications regarding the accuracy of determining stand height with ALS data (Abraham 
et al., 2006; Andersen et al. 2006; Hyyppä et al., 1999; Persson et al., 2002; Maltamo et al., 2004; Næsset 
and Okland 2002; Yu et al., 2004). 
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Table 3. Differences between height values derived on ALS data (HALS95) and values from the descriptive 
database [m]. 

Tree species HDiff mean [m] HDiff absolute value 
[m] 

HDiff area weighted 
mean [m] 

HDiff absolute value of 
weighted mean (area) 

[m] 
all 0.90 2.06 0.60 1.52 

Scots pine 0.57 1.76 0.41 1.34 

age 
class 

I 3.18 3.65 1.09 1.67 
II 1.14 1.80 1.00 1.53 
III 0.41 1.27 0.56 1.30 
IV -0.31 1.35 -0.09 1.09 
V -0.53 1.38 -0.23 1.24 
VI -1.51 2.33 -0.47 1.45 

Beech 1.63 2.51 1.37 2.21 
Oak 1.67 2.89 1.09 2.10 

Black alder 1.00 2.31 1.43 2.20 

 

4. CONCLUSIONS 
The results of the study have proven the possibility of using Airborne Laser Scanning in automated updating 
of forest GIS databases - descriptive (height attribute) and geometrical (forest compartment border 
correction). The usage of automated analysis based on nDSM model can accelerate and replace expensive 
traditional measurements. It can also provide accurate clear-cut or gap borders. However, till this moment 
there are no internal regulations existing about defining localization of gaps or biogroups within stands of 
Polish State Forest. 

Additionally the lack of radial shift on nDSM model in comparison to orthophotos usually based on DTM 
models, places it as the better base for update of forest geometrical layers. The shift of treetops and crowns 
on orthophotos can reach tens of meters and in such situations it cannot be treated as a reference image. 

Automatic height analysis based on ALS data gives the opportunity of objective choice during setting 
inventory plot localization as it is very rare situation that the compartment is homogeny in height, age or 
species composition. It is possible in next step to create maps representing spatial distribution of volume. 

One of the main problem considering the stand height determination is the height measurement. It is very 
risky to say that a small number of trees measured in the field with hypsometer during forest inventory are 
the good representation of the whole stand. The analysis of the ALS point cloud of the whole compartment is 
unquestionably and statistically more reliable. The results clearly show that the highest differences occur for 
the youngest stands, which can be explained in their very fast growth and big deviation of single tree height. 
Moreover, the possibility of correct measurements inside young stands is limited due to dense canopy and 
lack of tree-top visibility. 

 

The automated analysis of ALS data can result in extraction of another important forest parameter which 
currently is assessed very subjectively - canopy cover. The integration of descriptive information about stand 
vertical structure from the database with ALS analysis can lead to new solutions in the future. 

 

Very important especially for forestry in mountainous regions is the possibility of generating accurate terrain 
and surface models from ALS data, than can be utilized in many forest management aspects. 

Periodical monitoring of the stands based on ALS technology and digital photogrammetry guaranties keeping 
forest GIS - descriptive and geometric databases updated, without the need of constant on-site 
measurements that are time and cost consuming. 
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Abstract 

This paper presents an analysis on the integration of airborne LIDAR and satellite multispectral data (IRS 1C 
LISS) for the prediction of forest stem volume at plot level. A set of variables has been extracted from both 
LIDAR and multispectral data and some models have been defined considering data source (LIDAR, 
multispectral and a combination of both) and the species composition of the plot areas. The analyzed data 
set comprises 799 ground-truth plots within the forested areas of the Trento Province, Italy (about 3 000 
km²), in the Italian Alps. This area is characterized by a large heterogeneity in terms of ecological 
environments, species composition, morphology, and altitude. 

Experimental results show that the combination of LIDAR and IRS 1C LISS data for the estimation of forest 
attributes is effective. The best model developed comprises variables extracted from both these dataset, 
even if variables derived from LIDAR data provide the most important contribution. 

 

1. Introduction 
Remote sensing of biophysical variables is a key step for the quantification of the carbon fluxes of forests. 
Forests are rather challenging targets, due to their architectural heterogeneity, understory vegetation effect, 
plant shadows, etc. Nowadays many studies exist that use remote sensing data over forest areas and almost 
all existing remotely sensed data have been investigated for the estimation of forest parameters. In this study 
we focused our attention on LIDAR and multispectral data. These data have different characteristics and 
they provide very different information. LIDAR represent the “best” source of information for the study of 
forest parameters, providing detailed information on the vertical structure of the canopy allowing the 
estimation of many different forest parameters: volume, basal area, height, etc. Satellite multispectral data, 
like IRS 1C LISS data provide a spectral information of the ground cover, allowing a detection of the tree 
species and the estimation of some species-related parameters. 

 

In the literature, many studies exist on the use of LIDAR data to study forest environment (e.g., Naesset 
2009, Neasset and Gobakken 2008, Coops et al. 2007, Andersen et al. 2005). As an example, Naesset 2009 
analyzed the effects of different sensors (Optech ALTM1233 and ALTM3100), flying altitudes (1100, 1200 
and 2000 m), and pulse repetition frequencies (PRF; at 33, 50 and 100 kHz) on the estimation of stem 
volume and mean height at stand level using LIDAR-derived variables. All the datasets acquired in different 
conditions appear to be suitable for the estimation of volume (the “best” model developed has a R2 of 0.92) 
and mean height, with a mean error of up to 10.7% for stem volume and 2.5% for mean height. Coops et al. 
2007 estimated the canopy structure of a Douglas-fir forest with 1st return LIDAR data and found high 
correlations between field data and LIDAR derived data (R2 = 0.85 for the mean height, and R2 = 0.65 for 
basal area). Neasset and Gobakken 2008 estimated above ground and below ground biomass with airborne 
LIDAR data. They used a regression model made up of variables describing both height and coverage of the 
canopy. The final model explained 88% and 85% of the variance for the above and below ground biomass 
respectively. Andersen et al. 2005 developed some regression models starting from LIDAR-derived variables 
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for the estimation of crown fuel weight, crown bulk density, canopy base height, and canopy height. They 
obtained good results for all the estimations with R2 ranging from 0.77 to 0.98. 

Multispectral data are also widely used, especially in the past. These data are much less expensive than 
LIDAR ones and in some cases they allow one to obtain quite good results. As an example, Muukkonen and 
Heiskanen 2005 used ASTER data for the estimation of forest biomass in Finland, obtaining predictions 
significantly close to the municipality-level mean values provided by the National Forest Inventory of Finland. 
Hall et al. 2002 exploited Landsat ETM+ data to estimate forest biomass in Canada. They found that Landsat 
derived forest biomass was statistically and moderately correlated to the inventory-derived biomass with 
values of adjusted R2 of 0.63, 0.68, and 0.70 for conifer, deciduous, and mixed species, respectively. 

 

In the last years, the possibility to have multiple data over forest areas has allowed the researchers to study 
the fusion of multi sensors data for the estimation of forest parameters. This is a challenging and interesting 
task. In fact the combination of different data sources can potentially provide a better explanation of forest 
characteristics and thus to have more precise estimations. Regarding the fusion of LIDAR and multispectral 
data some studies are available in the literature (e.g., Erdody et al. 2010, Hudak et al. 2006). Erdody et al. 
2010 analyzed the fusion of LIDAR and aerial imagery data for the estimation of forest canopy fuels. They 
developed three separated models considering these data separately and combined. For all the parameters 
considered (height, canopy base height, canopy bulk density and available canopy fuel) the model that 
combines LIDAR and imagery data provided the highest correlation (the increase of R2 respect to the use of 
LIDAR data alone is between 2 to 5%). Moreover, it emerged that the use of imagery data alone provide 
good results only on two out of four of the considered parameters. Hudak et al. 2006 compared the 
estimations of basal area and tree density obtained using LIDAR and ALI satellite data along with their 
combination. As in the previous cited study, the most informative variables emerged to be LIDAR ones. The 
combination of the two information sources allowed one to slightly increase the estimations accuracy. 

 

From this introduction, it is clear that at the moment many papers exist on the use of LIDAR and 
multispectral data for the estimation of forest parameters. Despite that in our analysis of the literature we 
have identified some lacks: i) no papers exist that analyzes the fusion of LIDAR and IRS 1C LISS data for 
the estimation of stem volume; and ii) no papers exists that applied these kinds of data on the estimation of 
stem volume over a large and complex area characterized by many ecological environments. 

 

Thus, the goal of this paper is the fusion of LIDAR and IRS 1C LISS multispectral data for the estimation of 
stem volume in the forested areas of Trento Province. This is an area of about 3 000 km2 characterized by 
the presence of many different ecological environments (it ranges from Mediterranean to Alpine 
environments), a complex morphology (it ranges from about 60 to 3 700 m over the sea level) and the 
presence of many different tree species. 

2. Material and method 

Data set description 

The study area selected is the territory of the Autonomous Province of Trento in Italy in the Alps. The total 
area of the province is 6 212 km², of which about 50% are forested areas. The morphology is quite complex 
as the altitude over the sea level ranges from 65 m to 3 764 m, with almost half (49.9%) of the territory that 
ranges between 1 000 and 2 000 m. 

 

The field data reference were collected through a forest inventory during the growing seasons 2004 and 
2005. 799 sample plots were distributed over the forest areas of the Province of Trento. These plots were 
randomly distributed with the constraint to have an homogeneous distribution over the whole province. In 
these plots we measured some trees according to the relascopic technique and we estimated the overall 
volume of each plot area for the trees with a Diameter at Breast Height (DBH) higher than 17.5 cm (i.e. U.S. 
EPA guidance QA/G-5S 2002). 
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The stem volume was calculated using species–specific models that need both the height and the diameter. 
The models were provided by the Forest Service of the Province of Trento. 

 

A summary of the field references, processed as sampling design of forest inventory, is shown in table 1. We 
divided the plot areas into three sets according to the species present in the areas: i) deciduous; ii) 
evergreen; and iii) mixed. 

 

Table 1. Descriptive statistics for the stem volume of the sample points collected over the Trento Province 
used in our experiments 

 Plots number Mean (m3 ha-1) SD Max (m3 ha-1) Min (m3 ha-1) 

Training      

All 534 241.9 148.8 874.9 6.9 

Deciduous 169 157.3 118.8 630.9 6.9 

Evergreen 199 317.3 157.6 874.9 20.2 

Mixed 166 237.6 114.7 698.3 19.7 

Validation      

All 265 240.6 150.0 749.6 9.3 

Deciduous 83 137.7 77.8 383.5 18.4 

Evergreen 99 326.7 158.3 749.6 9.3 

Mixed 83 240.9 129.6 508.9 10.2 

 

The LIDAR data have been acquired between October 2007 and December 2008. The used sensor was an 
Optech ALTM 3100C with pulse repletion frequency of 100 kHz and a laser wavelength of 1 064 nm. For the 
acquisition it was used a PARTENAVIA P68 airplane flying between 1 000 and 1 800 m above ground with a 
flight speed of 250 km h-1. The mean point density was of about 0.48 per square meter. For each emitted 
pulse both first and last pulse have been recorded. 

 

As multispectral data we considered a IRS 1C LISS image acquired 18th of July, 2003. This multispectral 
data comprises four bands: green (520 - 590 nm), red (620 - 680 nm), Near-Infrared (770 - 860 nm), and 
Medium-Infrared (1 550 - 1 700 nm) The ground spatial resolution is 25 m. 

Data Processing 

Figure 1 shows a flowchart of the processing steps carried out in this paper. Starting from the raw data we 
defined some regression models for stem volume estimation for each source data: i) LIDAR models; ii) IRS 
1C LISS models; and iii) LIDAR + IRS 1C LISS models. 
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Figure 1. Flowchart for model building methods. 

Ground data preprocessing 

The stem volumes estimated with the height-DBH relationships were Box-Cox transformed (i.e., Box and 
Cox 1964) in order to improve the subsequent estimation results. This transformation is used to stabilize the 
variances of the sample volumes, and to reduce or eliminate the correlation between the means and 
standard deviations. 

LIDAR data preprocessing 

The preprocessing that we applied to the LIDAR data consisted in the subtraction of the Digital Terrain Model 
(DTM) from the elevation of each LIDAR pulse. The DTM used was derived from the original LIDAR 
acquisition; it has a ground resolution of 1 m. The process of DTM extraction was carried out by the company 
that acquired the data. 

IRS 1C LISS preprocessing 

Multispectral data have been atmospherically corrected with the 6S model (Second Simulation of Satellite 
Signal in the Solar Spectrum) implemented as module in GRASS GIS V6.4 (Neteler and Mitasova 2008). For 
this purpose, the sensor specifications of IRS 1C LISS had to be implemented first. The correction was 
performed with the midlatitude summer atmospheric model, the continental aerosols model and an estimated 
visibility of 60 km. 

LIDAR variables extraction 

A circle of 30 m radius was placed on the centre of each plot area and LIDAR pulses falling inside it were 
selected. From these pulses a series of variables have been extracted from each plot. In particular we 
extracted variables belonging to three categories: i) height; ii) coverage; and iii) other variables. Table 2 
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shows a summary of the variables extracted. In the computation of these variables we considered only 
LIDAR pulses with an elevation higher than 2 m (Ihc). 

 

Height variables describe the height distribution of laser pulses. These variables are widely used in the 
previous literature (e.g., Naesset and Økland 2002, Andersen et al. 2005, Naesset and Gobakken 2008) and 
they showed to be effective for tree height characterization. Coverage variables are related to the description 
of the canopy density and coverage. Also these variables have been derived from the literature (e.g., 
Naesset et al. 2005). The variable “N_LIDAR” represents the number of dominant trees in the considered 
plot. It has been extracted according to a tree top identification algorithm (see Hyyppä et al. 2001 for more 
details). 

 

Table 2. Variables extracted from LIDAR pulses in each plot area 

Variable ID Variable description 

Height 

Hmean mean value of Ihc 

Hmax max value of Ihc 

HCV coefficient of variation of Ihc 

Hq20 the 20th quintile of Ihc 

Hq50 the 50th quintile of Ihc 

Hq90 the 90th quintile of Ihc 

Hq90
2.5 the 90th quintile of Ihc at the power of 2.5 

Hq95 the 95th quintile of Ihc 

Coverage 

C2m the canopy density as CIhc/CIh where CIhc is the number of Ihc values and CIh is the 
total number of pulses 

Cmean 
the ratio CIhm/CIh where CIhm is the number of canopy hits with Ihc values majors of 
Hmean 

Cq20 
the ratio CIh20/CIh where CIh20 is the number of canopy hits with Ihc values majors of 
Hq90 

Cq50 
the ratio CIh50/CIh where CIh50 is the number of canopy hits with Ihc values majors of 
Hq90 

Cq90 
the ratio CIh90/CIh where CIh90 is the number of canopy hits with Ihc values majors of 
Hq90 

Other variables 

N_LIDAR Number of trees extracted from LIDAR data 

 

IRS 1C LISS variables extraction 

Starting from the central point of each plot we defined a circle of 30 m radius and we considered the pixels of 
the multispectral image falling inside this circle. We use the average value of these pixels for the extraction of 
some variables from each plot. In table 3 these variables are summarized. We considered the four original 
bands and some vegetation indexes derived from the existing literature. 
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Table 3. Variables extracted from ISR 1C LISS data in each sample plot. 

Variable ID Variable description 

B1N Green band normalized between 0 and 1 

B2N Red band normalized between 0 and 1 

B3N NIR band normalized between 0 and 1 

B4N SWIR band normalized between 0 and 1 

RR Band ratio (B4N/B2N) 

NDWI Normalized Difference Water Index (Lymburner et al. 2000) 

GNDVIgreen 
Green Normalised Difference Vegetation Index (Gitelson et al. 
1996) 

SRc Corrected Simple Ratio (Brown et al. 2000) 

NDVIc Corrected NDVI (Nemani et al. 1993) 

SLAVI Specific Leaf Area Vegetation Index (Lymburner et al. 2000) 

NCI Normalized Canopy Index (Vescovo and Gianelle, 2008) 

 

3. Results 
Table 4 shows the models obtained with the three data sources. The variable selection has been performed 
using a stepwise selection. No predictor variable was left in the model with a significance value of the F 
statistic greater than 0.05. The standard least squared method was used for the model definition. 

 

In the sets considering LIDAR or LIDAR + IRS 1C LISS datasets the first variable selected in all the models 
(“all” and three main vegetation classes) is a variable related to the canopy height. In particular, the Hmed 
variable is the first variable selected in six models out of eight, while in the remaining models Hq20 has been 
selected. Considering only LIDAR variables in six out of eight models the second variable selected is a 
variable that describes the canopy coverage (C2m, Cmed and Cq50), while in the remaining two models the 
second variable selected is the number of trees extracted from LIDAR data. In the models derived from the 
combination of both the analyzed remote sensing data, the multispectral variables are selected as third 
position for “All” and “Deciduous”, while as forth position for “Evergreen”. No multispectral variable has been 
selected for the “Mixed”. This is interesting as seems that for the areas where there is the mixed presence of 
deciduous and evergreen species LIDAR data are enough for explaining volume variability. In particular this 
model is the one that comprises the lowest number of variables (only two). These two variables has different 
physical meanings: height and coverage. In these models the vegetation indexes were not considered 
significant for the volume estimation. 

 

Among the multispectral models in three out of four the first variable selected is the Medium-Infrared band (in 
the deciduous model it was selected at the second step). Only three of the vegetation indexes considered 
were used in the models (i.e., RR, NDWI, GNDVIgreen). 
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Table 4. Regression coefficients for the models obtained with the three variable set (LIDAR, IRS 1C LISS 
and LIDAR + IRS 1C LISS) and the four species sets (all species, deciduous, evergreen and mixed). 

Variable selection order: i) first; ii) second; iii) third; and iv) fourth. 

 All Deciduous Evergreen Mixed 

 Estimate S.E. Estimate S.E. Estimate S.E. Estimate S.E. 

LIDAR 

Intercept 0.0 1.0 1.2 1.1 0.1 2.2 7.9 1.4 

C2m 17.4 1.4       

Cq50       37.7 4.9 

Cq90     104.5 30.7   

Cmed   32.5 4.5     

Hq20       0.9 0.1 

Hq90
2.5 0.0 0.0       

Hmed 1.5 0.1 1.2 0.1 1.2 0.1   

N_LIDAR     0.0 0.0   

IRS 1C LISS 

Intercept 40.7 1.6 39.4 3.9 56.2 3.6 17.1 8.0 

B1N     -76.7 28.7   

B2N   -99.8 50.1   127.8 64.6 

B4N -70.8 4.5 -41.7 12.6 -40.3 11.5 -87.0 21.3 

RR 2.6 0.6     7.4 2.4 

NDWI 9.3 4.6       

GNDVIgreen   23.4 9.1     

LIDAR + IRS 1C LISS 

Intercept 16.6 2.6 11.1 2.8 10.1 4.5 7.9 1.4 

C2m 15.9 1.4       

Cq50       37.7 4.9 

Cq90     84.5 31.3   

Cmed   28.3 4.4     

Hq20       0.9 0.1 

Hmed 0.9 0.1 1.0 0.1 1.1 0.1   

Hcv -0.1 0.0       

N_LIDAR     0.0 0.0   

B1N -39.1 8.4   -41.6 16.2   

B2N   -79.2 20.7     

 

Table 5 shows the results in terms of adjusted R2 and RMSE% obtained on the training sets with the 12 
models considered. It is worth noting that the results are quite good and they are in line with previous works 
in the literature. The models that provide the best performances are models that includes LIDAR variables, 
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and among them the ones that contains deciduous species are the most effective. Additionally, the model 
that comprises all the species provide good correlations (Adj-R2=0.7). Multispectral data alone does not 
seem effective in volume estimation with an adjusted R2 that ranges from 0.21 to 0.40. The combined used 
of these data allow one to have a slight increase in the estimation performances, especially for the deciduous 
species. 

 

Table 5. Results in terms of Adj-R2 and RMSE% obtained on the training set. 

 LIDAR variables IRS 1C LISS LIDAR + IRS 1C LISS 

 Adj-R2 RMSE (%) Adj-R2 RMSE (%) Adj-R2 RMSE (%) 

All 
0.69 19.3 0.40 26.7 0.70 18.9 

Deciduous 
0.68 23.7 0.35 33.9 0.71 22.7 

Evergreen 
0.60 17.1 0.28 23.1 0.61 16.8 

Mixed 
0.57 17.6 0.21 23.6 0.57 17.6 

 

Table 6 shows the results in terms of RMSE% obtained on the validation sets with the 12 models considered. 
The performances are comparable to that obtained on the training set. This is important as it shows that the 
models developed have a good generalization ability and they are affective for the estimation of volume over 
all the Autonomous Province of Trento. 

 

Table 6. Results in terms of RMSE% obtained on the validation set. 

 
LIDAR IRS 1C LISS 

LIDAR + IRS 1C LISS 

 RMSE (%) RMSE (%) RMSE (%) 

All 
20.0 30.2 20.1 

Deciduous 
25.2 34.5 25.7 

Evergreen 
17.2 22.7 16.8 

Mixed 
20.3 29.4 20.3 

 

Figure 2 shows the observed versus the predicted volumes (Box-Cox transformed) for the twelve models 
extracted. This figure confirms the results of Table 5. The “best” models are the ones derived from the 
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combination of LIDAR and IRS 1C LISS data, while the models derived only from multispectral variables do 
not provide good results. 

 
Figure 2. Observed versus predicted volumes (Box-Cox transformed) for the twelve models considered. 

Solid line show 1:1 relationship. 

4. Conclusions 
In this paper, an analysis on the fusion of LIDAR and multispectral data for the estimation of forest stem 
volume has been presented. Our analysis pointed out that: i) the combination of LIDAR and multispectral 
data can be useful even if it provides a slight increase of estimation accuracy (about 2%), especially for 
deciduous areas; ii) models derived only from multispectral data are not effective for the estimation of stem 



Silvilaser 14th - 17th September 2010, Freiburg - Session 2  135 

volumes in an area like the Trento Province; iii) LIDAR variables provide the majority of the explanative 
contribution; and iv) the presented models can be effectively used for the estimation of stem volume over the 
whole Trento Province. 

As future developments of this analysis we plan to consider other target variables (such as LAI, basal area) 
and to carry out an analysis on the single tree species. 
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Abstract 

Optical satellite imagery is often used for large area mapping of land cover, but is usually limited to providing 
two-dimensional data. Airborne laser scanning (ALS) provides three-dimensional data about vegetation 
cover, such as canopy height and structure, but lacks multispectral information useful for species 
discrimination. The aim of this study is to investigate if the accuracy of vegetation classification could be 
improved by combining optical satellite data and ALS data compared to using only one of the data sources. 
Data used in the study are SPOT 5 HRG XS scenes from 2009 and TopEye Mk II ALS data from 2008 
covering the test area Remningstorp in southern Sweden. SPOT HRG XS data are used, both separately 
and in combination with ALS height percentiles and percentage of canopy hits, in a maximum likelihood 
classification. Interpretation of tree heights, tree species composition and canopy cover in DMC digital air 
photo stereo models is used as training data. Using the 70th percentile from ALS canopy hits together with 
SPOT data gave an overall accuracy of 78% for 6 forest classes, compared to 67% using only satellite data. 

 

1. Introduction 
The combined use of satellite imagery and airborne laser scanner (ALS) data in vegetation mapping is 
promising, since it makes use of both the spectral information in the optical satellite image, and the three-
dimensional information in the ALS data. The EU Habitats Directive has set new and high standards for how 
protected sites and valuable habitats should be selected and monitored (EC 2000, 2003). In Sweden, with 
large areas of relatively unexploited natural habitats (Sohlman 2008), this requires efficient methods for 
identifying valuable sites over large areas at low costs. The currently available vegetation maps, produced by 
aerial photo interpretation, cover less than 50% of the land area in Sweden, and it is questioned if a national 
coverage with entirely manual methods is feasible.  

 

Automated satellite image classification is an established method for producing large area land cover maps 
and estimations of forest variables, for example in the Swedish national version of the CORINE land cover 
data base, the nation-wide forest data bases kNN 2000 and kNN 2005 (Reese et al. 2003, Engberg 2005), 
and a state-wide land cover mapping of Wisconsin (Reese et al. 2002), just to mention a few. The accuracy 
obtained for such products based on 2-dimensional optical data only is however limited. ALS data has 
proved useful in vegetation mapping studies (Genc et al. 2004, Korpela et al. 2009). Several studies have 
shown the benefits of combining ALS data with different kinds of imagery in for example estimations of forest 
variables (Hudak et al. 2002, Hill and Thomson 2005, Hyde et al. 2006, Holmgren et al. 2008, Erdody and 
Moskal 2010, Ke et al. 2010), and vegetation or habitat mapping in rangeland and coastal zones (Lee and 
Shan 2003, Bork and Su 2007, Chust et al. 2008).  

 

Beginning in 2009, the Swedish National Land Survey (NLS) is collecting laser scanner data for the whole 
country. Although the main purpose is the production of a new, national DEM, the nation-wide coverage of 
laser data might also be a resource for future vegetation mapping. SPOT images are freely available from 
the Saccess database, which is updated yearly since 2007 with a dataset covering the entire country during 
the vegetation period (http://saccess.lantmateriet.se/map_viewer?map=29&maplevelindex=0).  
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The main objective of our study is to investigate the usefulness of combining ALS data and SPOT images in 
a vegetation classification. A SPOT scene from August 2009, covering the test area Remningstorp in 
southern Sweden, is used together with TopEye Mk II ALS data from September 2008. Training data 
consists of interpretation of tree heights, tree species composition and canopy cover in DMC digital air photo 
stereo models. Focus is on mapping forest vegetation according to the classification system of the Swedish 
national version of CORINE (Engberg 2005). 

 

2. Material and methods 
 

2.1 Study area 

The Remningstorp test area is located in southern Sweden (lat. 58° 30' N, long 13° 40' E). It is mainly 
covered by managed, hemiboreal forests, dominated by Scots pine (Pinus Sylvestris), Norway spruce (Picea 
Abies) and birch (Betula spp). Figure 1 shows an orthophoto and a SPOT 5 image of the 1.0 km × 1.5 km 
test site used in this study. 

 

 
Figure 1. (a) Ortophoto and (b) SPOT 5 image of the test site at Remningstorp used in this study. 

 

2.2 Remote sensing data 

Optical satellite data used in the study was a SPOT 5 HRG XS scene from August 20, 2009. The pixel size is 
10 m × 10 m for the green, red and near infrared bands, and 20 m × 20 m for the shortwave infrared band. 
The image had been geometrically precision corrected to the Swedish grid system SWEREF 99, with an 
error of less than 0.5 pixels. A laser scanning of the test area was done on September 4, 2008, using a 
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TopEye MkII system carried by a helicopter. The wavelength was 1024 nm, the flying altitude 250 m above 
ground and the average point density 26 m-2. First and last returns were recorded for each pulse. 

 

2.3 Vegetation reference data 

Ground truth samples were collected by aerial photo interpretation in color infrared DMC images acquired at 
1200 meters above average ground level in September 2009. 999 circular sample plots with 10 meter radius 
were distributed in a regular grid with 40 meter spacing. The following data were registered per plot: mean 
basal area weighted tree height (m), tree species composition (percentage of canopy cover), diffuse canopy 
cover (percentage) and vegetation class. Canopy cover is defined as the area of the ground covered by a 
vertical projection of the canopy (Jennings et al. 1999). Diffuse canopy cover means the total vertical 
projection of the tree crowns on the ground, including any gaps within the crowns (Allard et al. 2003). The 
classification scheme has 6 classes and is based on the GSD Marktäcke data base, which is the refined 
Swedish national version of the CORINE land cover data base (Engberg 2005). Class definitions are given in 
table 1. Only plots that fall within the forest and clear cut masks in the Swedish terrain map were used. Plots 
that contained two or more classes were excluded, which left a set of 519 points. 

 

Table 1. Classification scheme. 

Class Canopy 
cover (%) 

Tree height 
(%) 

Species composition (%) N° of 
sample 

plots 

Proportion 

(%) Coniferous Deciduou
s 

Clear cut† 0-100 <3 0-100 0-100 57 11.0 

Young 0-100 3-5 0-100 0-100 26 5.0 

Conif. 5-15 ≥30 >5, ≤15 ≥70 <30 74 14.3 

Conif. >15 ≥30 >15 ≥70 <30 234 45.1 

Decid. ≥30 >5 <30 ≥70 69 13.3 

Mixed ≥30 >5 <70 <70 59 11.4 

†The plot should show traces of felling, e.g. stumps, machine tracks and debris. 

 

2.4 Processing of remote sensing data 

Height distributions of laser returns were used to create a raster covering the entire laser scanned area. 
First, the laser returns were classified as ground or vegetation returns using a progressive triangular irregular 
network densification (TIN) method (Axelsson 1999, 2000) implemented in the TerraScan software (Soininen 
2004). A digital elevation model (DEM) was estimated by linear TIN interpolation with the laser returns 
classified as ground hits. The height value (dz) of a laser return was computed as the difference between the 
z-value of the laser return and the z-value of the DEM. A height threshold of 10% of the maximum laser 
height and ≥ 1.0 m was applied in order to separate canopy returns from returns of ground, stones, and low 
vegetation. Several variables were extracted from laser data within each raster cell, based on the dz 
distribution of laser returns above the height threshold, and used to calculate raster cell values, one band for 
each derived variable. The variables were 10th percentile (h10), 20th percentile (h20),.... , 90th percentile 
(h90), 95th percentile (h95), and 100th percentile (h100). A vegetation-ratio (Vr) was calculated as the ratio 
between number of laser returns above the height threshold and total number of returns.  
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The ALS grid cells coincided with the pixels in the SPOT scenes, and each ground truth sample plot was 
centered in the corner between four adjacent pixels (figure 2). A training data set was generated by 
extracting the mean value of these four pixels or grid cells, which corresponds to a resampling of the data to 
20 m × 20 m pixels. 

 

Classification was done with the Minitab 15 statistical software, using the 
maximum likelihood method. The accuracy was estimated through cross 
validation by excluding one plot at the time. A first classification was made using 
the four SPOT bands, then different combinations of height percentiles and/or 
vegetation ratio from the ALS data were used as additional ”bands”. 
Classifications with only ALS data were also made in order to better understand 
the influence of these data on the result. Care was taken not to combine height 
percentiles that are too close and thus strongly correlated. An additional approach 
which was tested, was to do the classification in several steps, using the ALS data 
to create height classes that were then treated separately and classified according 
to the scheme. 

 

Figure 2. Schematic sketch of a circular 
sample plot (shaded), centered over four 

SPOT pixels/ALS grid cells. 

3. Results 
Over-all classification accuracy for different band combinations is shown in table 2, together with producer’s 
accuracies for each class. 

 

Table 2. Over-all accuracy and classwise producer’s accuracies (%) for different band combinations. 

Bands† Clear cut Young Conif. 5-15 Conif. >15 Decid. Mixed Over-
all 

S1-4 84.2 50.0 51.4 83.8 53.6 27.1 67.1 
S1-4, h70 89.5 61.5 74.3 89.3 72.5 37.3 77.6 
S1-4, Vr 82.5 61.5 41.9 86.3 58.0 27.1 67.8 
S1-4, h70, Vr 89.5 69.2 70.3 88.0 69.6 37.3 76.5 
h30, h70 17.5 84.6 29.7 75.6 31.9 11.9 50.1 
h30, h70, Vr 61.4 69.2 58.1 75.2 26.1 27.1 59.0 

† S1-4 are the four SPOT bands, h10, h20, are height percentiles 10, 20 and so on, and Vr is the vegetation 
ratio 

  

Classification using the four SPOT bands gave an overall accuracy of 67%. The highest overall accuracy, 
78%, was obtained by combining the SPOT bands with percentile 70 from the laser data. The clear cut class 
had a high accuracy in both cases. Adding h70 resulted in a better separation between the classes 
coniferous 5-15 m and coniferous >15 m. The result for young forest was also improved, with fewer plots 
being classified as deciduous and vice versa. The accuracy for mixed forest was clearly improved, with less 
confusion with the deciduous class, but was still low. In the case S1-4,h70, 27% of the deciduous and mixed 
plots are classified as either coniferous 5-15 m or coniferous >15 m, compared to only 9% of the coniferous 
being classified as deciduous or mixed. S1-4,h70,Vr gave results similar to S1-4,h70. When using h30,h70, 
18% of the clear cut pixels were correctly identified. The number increased to 61% when Vr was added.  
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Table 3. Error matrix for classification using S1-4. 

Classification 
data 

Training set data User’s 
accuracy 
(%) 

Clear cut Young Conif. 5-15 Conif. >15 Decid. Mixed 

Clear cut 48 3 0 0 1 0 92.3 
Young 7 13 2 2 10 2 36.1 
Conif. 5-15 0 4 38 21 1 9 52.1 
Conif. >15 1 1 22 196 3 18 81.3 
Decid. 1 4 8 5 37 14 53.6 
Mixed 0 1 4 10 17 16 33.3 
Producer’s 
accuracy (%) 84.2 50.0 51.3 

 
83.8 

 
53.6 

 
27.1 

 

 

Tables 3-5 show error matrices for the cases S1-4, S1-4,h70 and h70,h30,Vr. In the first two cases, the clear 
cut and coniferous >15 m classes had the highest accuracies, while mixed forest had the lowest. Preliminary 
results (not shown) indicate that a classification made in several steps can increase the accuracy further. 

 

Table 4. Error matrix for classification using S1-4 and h70. 

Classification 
data 

Training set data User’s 
accuracy 
(%) 

Clear cut Young Conif. 5-15 Conif. >15 Decid. Mixed 

Clear cut 51 3 0 0 0 0 94.4 
Young 4 16 5 0 3 2 53.3 
Conif. 5-15 1 5 55 7 3 14 64.7 
Conif. >15 0 1 4 209 2 15 90.5 
Decid. 1 0 3 7 50 6 74.6 
Mixed 0 1 7 11 11 22 42.3 
Producer’s 
accuracy (%) 89.5 61.5 74.3 

 
89.3 

 
72.5 

 
37.3 

 

 

Table 5. Error matrix for classification using h30, h70 and Vr. 

Classification 
data 

Training set data User’s 
accuracy 
(%) 

Clear cut Young Conif. 5-15 Conif. >15 Decid. Mixed 

Clear cut 35 2 1 8 2 1 71.4 
Young 12 18 7 0 4 0 43.9 
Conif. 5-15 0 5 43 3 14 24 48.3 
Conif. >15 8 0 1 176 16 15 81.5 
Decid. 0 0 10 25 18 3 32.1 
Mixed 2 1 12 22 15 16 23.5 
Producer’s 
accuracy (%) 

 
61.4 

 
69.2 

 
58.1 

 
75.2 

 
26.1 

 
27.1 

 

 

4. Discussion 
The main objective of our study was to investigate how a vegetation classification using optical satellite data 
can be improved by integrating ALS data. It was found that the combined use of these two data sources 
increases the classification accuracy, compared to using only satellite data. The laser feature giving the 
greatest improvement of the result was h70, probably because it is more strongly correlated with the mean 
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height than for example h100. The advantage of ALS data can be seen in the case of young forest, which 
often contains lots of birch before the pre-commercial thinning has been done. Several plots from this class 
were mistakenly classified as deciduous forest when only satellite data were used. When h70 was added, 
the young forest class with its low mean height was easily separated from the higher deciduous class. As 
could be expected, also the separation of coniferous forest into two height classes worked better when 
height information was used in the classification. 

 

One might expect clear cuts to be easily identified when ALS data are used alone, as they are characterized 
by tree heights lower than 3 m. However, this was not the case – the accuracy was below 18% for 
classification using h30,h70. This might be explained by the fact that some retention trees are left on the 
clear cuts. A grid cell containing such a tree will get high values on the percentiles, as virtually all of the 
vegetation hits originate from this tree. It is also possible that clear felling of some areas occurred after the 
laser scanning but before the acquisition of aerial photos and satellite images. The vegetation ratio will 
remain low even if one or a few trees are present on the clear cut, and the accuracy increased from 18% to 
61% when this feature was added. 

Among the error sources can be mentioned the aerial photo interpretation, since it is based on subjective 
estimations and the performance of the interpreter is likely to vary. This will affect the quality of the training 
data, and thus the classification. As an attempt to improve the accuracy in the estimation of canopy cover, 
the interpreter used a calibration software (Gallegos 2005). The maximum likelihood classification assumes 
normally distributed training data for each class, which is not always the case in our data set. The distance 
between sample plots is small, which may lead to auto-correlation in the training data set. 

 

Further studies will be performed using data from the national laser scanning (approx. 0.5 pulses/m2) to 
evaluate the potential of this method for forest mapping on a national scale. Mire classes, that were to rare in 
the Remningstorp test site, will then be included. One way to improve separation of the mixed forest class 
could be to use two satellite scenes over the same area, acquired under leaf on and leaf off conditions, 
respectively. Other classification methods, such as decision tree, will be tested. A single SPOT scene 
measuring 60 km × 60 km does not contain enough NFI plots to be used as training data, and methods for 
merging several scenes should be investigated. 
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Abstract 

In this paper, we present an approach to detect trees in low resolution LIDAR data. Trees are important 
objects for the landing and the take-off of airplanes, forestry applications, canopy modeling problems, etc. 
The density of LIDAR data affects directly the quality of the results but usually National LIDAR data don’t 
have high density and it is not possible to use the first and last pulse information for tree detection. We made 
our investigations using Swiss national data which have 2m resolution which include four pulses LIDAR data. 
In this study, we investigate two different methods, the first one uses LIDAR DSM & DTM and CIR images, 
the other method uses only LIDAR data. The performance evaluation of the results has been done using the 
vector data of the tree regions. Omission and commission errors have been computed and reported. 

 

1. Introduction 
In this work, we focus on the extraction of trees by using low resolution LIDAR data. We present two 
methods, the first one is using LIDAR DSM&DTM and CIR image data, and the other one is based only on 
LIDAR data. 

It is not always possible to have LIDAR data which provide all pulses separately and have a high density. 
Because of these constraints, some methods are needed to overcome this kind of problems. We have 
developed two different methods which are based on the data that are available. The first method applies a 
simple subtraction of DTM from DSM and intersection of the blobs with the classification result of NDVI 
image, and the second one is a two-step method and it uses only LIDAR DSM and raw point cloud data for 
tree detection. These two steps are, first a filtering step for the extraction of all the off-terrain points, and 
secondly, detection of trees in the off-terrain points. 

Both results have been compared with vector data and a quality assessment has been performed. 

Previous Work 

Aerial images and Lidar data are common sources for object extraction. In digital photogrammetry, features 
of objects are extracted using 3D information from image matching or DSM/DTM data, spectral, textural and 
other information sources. Pixel-based classification methods, either supervised or unsupervised, are mostly 
used for land-cover and man-made structure detection. For the classical methods e.g. minimum-distance, 
parallelepiped and maximum likelihood, detailed information can be found in Lillesand and Kiefer (1994). 

In general, the major difficulty in using aerial images is the complexity and variability of objects and their 
form, especially in suburban and densely populated urban regions (Weidner and Foerstner, 1995). 

Regarding object extraction from LIDAR data, it has been defined as a filtering problem of the DSM (raw or 
interpolated) data by several researches. Some algorithms use raw data (Sohn and Dowman, 2002; 
Roggero, 2001; Axelsson, 2001; Vosselman and Maas, 2001; Sithole, 2001; Pfeifer et al., 1998), while 
others use interpolated data (Elmqvist et al., 2001; Brovelli et al., 2002; Wack and Wimmer, 2002). 

 

For tree and canopy extraction, Meng et al. (2008) apply a morphological filter to filter off-terrain objects, and 
use images to detect trees. They assume that trees do not have linear shapes and additionally they use 
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morphological indices such as roundness or compactness. Lo and Chen (2008) first filter the digital surface 
model to derive the terrain model and then they extract the canopy using vertical profiles. 

Clark et al. (2004) use the elevation threshold between DSM and DTM to detect tree height and sub-canopy 
using inverse distance weighting and ordinary kriging techniques. Wulder et al. (2007) combined LIDAR data 
and satellite imagery to identify tree crown changes.They used images to locate the species in spectral 
domain. On the other hand, they analyzed vertical profiles using LIDAR data to measure the changed areas. 
Lang et al. (2006) developed a local maxima algorithm to identify tree tops. They incorporated a region 
growing algorithm to delineate the respective tree crowns. 

 

Koch et al. (2006) use rasterized laser data and tree tops are detected with a local maximum filter. 
Afterwards they delineate the crowns with a combination of a pouring algorithm, knowledge-based 
assumptions on the shape of trees, and a final detection of the crown-edges by searching vectors starting 
from the trees’ tops. Secord and Zachor (2006) propose a two-step method for tree detection consisting of 
segmentation followed by classification. The segmentation is done using a simple region growing algorithm 
using weighted features from aerial image and LiDAR, such as height, texture map, height variation, and 
normal vector estimates. The classification is done using weighted support vector machines (SVM), allowing 
us to control the miss-classification rate. Kwak et al. (2007) present an approach for delineating individual 
trees and estimating tree heights using LiDAR. For delineation of individual trees, they apply watershed 
segmentation to the distance-transformed image from the detected tree tops. They extract the tree heights 
using the maximum value within the segmented crown boundary by LIDAR data. Rottensteiner and Briese 
(2002) separate the tree points from the points on buildings by evaluating the surface roughness using 
LIDAR data. 

 

Few commercial software packages allow automatic terrain, tree and building extraction from Lidar data. In 
TerraSCAN, a TIN is generated and progressively densified, the extraction of off-terrain points is performed 
using the angles between points to form the TIN facets and the other parameter is the distance to nearby 
facet nodes (Axelsson, 2001). In SCOP++, robust methods operate on the original data points and allow the 
simultaneous elimination of off-terrain points and terrain surface modeling (Kraus and Pfeifer, 1998). 

In summary, most approaches try to find the trees using high resolution data. In our work, we try to show the 
results in different cases by using national low resolution LIDAR data. The first case is based on DSM, DTM, 
and CIR images, and the second one is based on only LIDAR DSM data is available. 

 Input Data 

The test area is Zurich Airport. CIR aerial images with 8.7 cm GSD, LIDAR raw and interpolated DSM and 
DTM data, 2D vector data are available. Vector data has only been used for quality assessment purposes. 

LIDAR data were acquired with the characteristics given in table 1. 

 

Table 1. LIDAR data characteristics (Zurich Airport). 

 
Lidar Data 

DSM DTM 

Provider Swisstopo Swisstopo 
Type Raw & grid Raw & grid 
Raw point density & 
Grid Spacing 

1 pt / 2 sqm & 2m 1 pt / 2 sqm & 2m 

Acquisition Date Feb. 2002 Feb. 2002 

The images have been first radiometrically preprocessed (noise reduction and contrast enhancement), then 
the DSM was generated with the software package SAT-PP, developed at the Institute of Geodesy and 
Photogrammetry, ETH Zurich (Zhang, 2005).The NIR band was selected for DSM generation. The final DSM 
was generated with 50cm grid spacing. Using this DSM, CIR orthoimages were produced with 12.5cm 
ground sampling distance. LIDAR raw data (DTM-AV and DSM-AV) have been acquired with “leaves off” in 
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February 2002 by Swisstopo. The DSM-AV point cloud includes all Lidar points (including points on terrain, 
tree branches etc.) and has an average point density of 1 point per 2 m2. The DTM-AV data includes only 
points on the ground, so it has holes at building positions and less density at tree positions. The height 
accuracy (one standard deviation) is 0.5 m generally, and 1.5 m at trees and buildings. The 2m spacing grid 
DSM and DTM were generated by Swisstopo with the Terrascan commercial software from the original raw 
data. 

 

2. Tree Detection Using LIDAR DSM & DTM and CIR Orthophoto 
The above-ground objects have been detected by subtracting the LIDAR DTM from the LIDAR DSM, the 
blobs include buildings and trees. The height threshold has been selected as 1.5 m (see figure 1). 

 

Figure 1. Detected blobs (red) overlaid on orthoimage. 

 

A standard unsupervised (ISODATA) classification of the CIR orthoimage was used to compute an NDVI 
image, containing vegetation (mainly trees and grass) (see figure 2). The intersection of the nDSM with NDVI 
corresponds to mainly trees. The errors are mainly vegetation on the roofs. (See figure 3(a)- 3(d)). 

 

Figure 2. Detected vegetation (green) overlaid on orthoimage. 
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Figure 3(a)- 3(d).Tree detection result overlaid on orthoimage. 

 

After the quality analysis with the reference data, the correctness has been calculated as 82% and the 
omission error is 5%.  

3. Tree Detection Using only LIDAR Data 

Reduction of DSM to DTM and detection of the blobs 

Since the data do not allow using the pulses for tree detection, a filtering approach is needed to detect 
terrain points and off-terrain objects. A progressive morphological filtering method has been used for blob 
detection. For the filtering approach, an input interpolated DSM data has been used. Then a morphological 
filter has been used to detect all off-terrain objects (see fig. 4) which include buildings, trees and other 
objects. We perform an opening (erosion + dilation) operation on the interpolated surface to derive a 
secondary surface. The elevation difference of a grid between the previous and current surface is compared 
to a threshold to determine if the grid points are non-ground measurements. The height difference threshold 
(dh) has been computed using the predefined maximum terrain slope(s). The size of filtering windows (w) 
has been increased and the derived surface has been used as an input for the next operation (Zhang et al., 
2003).  

 

 

dh is the height difference threshold 

dh0 is the initial elevation difference threshold which approximates the error of DSM measurements (0.2-0.3 
m), 

dhmax is the maximum elevation difference threshold (m) 

c is the grid size (m) 

s is the predefined maximum terrain slope (percent slope) 

wi is the filtering window size (in number of cells) at ith iteration. 

dh=s(wi-wi-1)c+dh0 

If dh>dhmax  dh=dhmax 
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Figure 4. Detected blobs (red) overlaid on orthoimage. 

 

After detection of the blobs, terrain regions have been interpolated and a DTM has been generated with 2 m 
resolution.  

Tree detection 

As mentioned above, in the raw DSM data the point density is generally much higher at trees than at open 
terrain or buildings (see figure 5). We start from the blobs that are generated by reduction of DSM, and we 
have intersected the blob regions with raw LIDAR data. 

Figure 5. Trees in LIDAR data, profile view. 

In the detection step, RANSAC method has been applied on all off-terrain points to find all planar surfaces 
which are assumed that they belong to the buildings. After the removal of all the planar objects, all the 
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remaining points consist of the unfiltered terrain, the building roofs which do not have planar surfaces, other 
objects e.g. cars and the tree regions. 

 

First, raw LIDAR data have been overlaid on the blob detection result and later the plane detection process 
has been applied. Schnabel et al. (2007a, 2007b)’s RANSAC method has been used for fitting of the roof 
surfaces into the planes. RANSAC generates a large amount of hypotheses of primitive shapes by randomly 
selecting minimum subset of sample points that each uniquely determine the parameter of a primitive. The 
scoring mechanism is employed to detect the best primitive. The process starts with calculating the surface 
normal vectors of each point with selection of neighboring points. They use localized sampling strategy using 
octree data structure for the random selection of minimal subset of points. The score of the candidate shape 
is evaluated by using the parameters which are the tolerance distance of shape, minimum deviation of 
surface normal and connectivity of points. 

 

After detection of the points which belong to roof surfaces, all these points, which belong to plane shapes, 
have been removed, and remaining points which include the tree regions, cars, and other objects have been 
used for further processing. 

 

In the next step, we used a search window over the raw LIDAR DSM data with a size of 5 m x 5 m. 
Neighboring windows have an overlap of 50%. The window size has a relation with the number of points in 
the window and the number of the points in the search window affects the quality of the detection result. The 
method uses all points in the window and labels them as tree if all parameters below have been met. The 
size of 25m2 has been agreed to be enough to extract one single tree. A bigger size may result in wrong 
detection especially in areas where the buildings are neighboring with single trees. 

 

The points in each search window are projected onto the xz and yz planes and divided for each projection in 
eight equal sub-regions using xmin, xmid, xmax, zmin zmid1 zmid2 zmid3 zmax as boundary values of sub-regions, with 
xmid = xmin + 2.5m , xmax = xmid + 2.5m, zmid1=zmin+(zmax-zmin)/4, zmid2 =zmin+2*(zmax-zmin)/4, zmid3=zmin+3*(zmax-
zmin)/4 and similarly for the yz projection. The density in the eight sub-regions is computed. The first step is 
the detection of trees and the second the subtraction of tree points from all off-terrain points. The trees have 
been extracted by three different parameters. Since the estimation of the parameters is based on the LIDAR 
points which are in the tree regions, the parameters have been calculated using the statistics of previous 
results. 

 

 The first parameter (vd) is the number of the eight sub-regions which contain at least one point. The trees 
have high Lidar point density vertically. Thus, at trees more sub-regions contain Lidar points. Using the 
results of previous method, we have observed that at least 4 out of the 8 sub-regions contain points. Thus, 
the parameter (vd) has been selected as vd≥4. The third parameter (z) is the tree height. Using the results 
from the previous method, we calculated the minimum tree height as 3m. The fourth parameter (d) is the 
point density. The minimum point density has been calculated for the tree areas as 15 points/ 25m2. By 
applying these four parameters to the raw DSM Lidar data, the tree points have been extracted (see figure. 
7). The workflow can be seen in Figure 6. 
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Figure 6. Workflow of detection of buildings. 

 

 

 
Figure 7(a)- 7(d). Detected trees(green) overlaid on orthoimage. 

 

After the quality analysis with the reference data, the correctness has been calculated as 75% and the 
omission error is 15%. 

Tree + building points

Morphological filter

Fit plane: NO

Vertical density vd>4 
Point density d≥15 
Minimum height z ≥3

Tree points

Blobs LIDAR data 

DSM 
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4. Conclusions 
In this paper, two methods for tree detection in Lidar data and aerial images have been presented. National 
LIDAR data often have low density and using only LIDAR data have limitations. In our method which is 
based on only LIDAR data, we developed several steps to overcome the problems which are related to the 
data itself. First we tried to eliminate non-tree points as much as possible, then we tried to extract trees using 
vertical density analysis. Very dense tree areas which do not have high vertical density and some single 
small trees which do not have sufficient density could not be extracted, but the accuracy of all detection is 
reasonable with 75% correctness. We also showed the results in the case when image data is available. In 
this case, with usage of image data, the correctness becomes 82% with 5% omission error. 
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ABSTRACT 

Forest stand map contains many attributes for each sub-compartment (the basic forest management unit). 
Traditional methods for forest stand map generation are based on high space resolution remote sensing 
image, topographic map and field inventory, and generally are very tedious and time-consuming. The 
airborne lidar technology brings new possibilities for forest stand map generation, especially in forest stand 
parameters estimation. The purpose of this study is to demonstrate the potential of lidar-derived fine-
resolution forest information as a complement or even substitute to forest stand maps generated with 
traditional inventory methods. We used airborne lidar data and field data of concomitant plots in a forest of 
the Northeastern China to estimate several typical forest parameters, including dominate height, mean 
height, volume density, biomass, and canopy closure. The results showed the R2 for Lorey’s height, canopy 
closure and volume density estimations were of 0.85, 0.46 and 0.84. The results indicated that these forest 
parameters could be estimated accurately using airborne laser scanner data with comparable accuracy to 
forest inventory based measurements. 

 

1. Introduction 
Forest stand map, which is generated by forest management inventory, is the most fundamental map in 
forest management. In a stand forest map, the smallest unit is forest stand subcompartment which is also the 
smallest operational unit forest management planning in many countries such as China, Russia, and Finland. 
The soil, relief, tree status are at the same level in a subcompartment. Each forest stand subcompartment 
has an inventory database which contains the information of soil, tree, understory vegetation, disturbance 
history and management methods, etc. A forest stand subcompartment has uniform management plan and 
method. Detailed forest management plans cannot be produced without subcompartment-level estimates of 
site characteristics and growing stock and without silvicultural treatment proposals for each subcompartment. 
Models describing forests and forestry in forest management planning packages are merely simplifications of 
reality (Siitonen et. al. 1996).  

Traditional method for forest stand map generation is based on topographic map and field inventory, which is 
very tedious and time-consuming. With the advent of high spatial resolution remote sensing images, the 
boundary of subcompartment could be divided with aid of topographic map in laboratory. But the attributes of 
each subcompartment still need to be collected with field measurements. 

 

Laser altimeter systems provide high-resolution geo-located measurements of the vertical structure of 
vegetation and the ground elevations beneath the canopies, which can characterize the vegetation and 
terrain surfaces with high accuracy (Lefsky et al., 2002). It brings new possibilities for forest stand map 
generation with its capability of highly accurate height measurements and high spatial resolution 
photographs collected simultaneously.  

Early researches found that canopy closure was most strongly related to the penetration capability of the 
laser pulse, and indicated that the pulsed laser system may be used to remotely sense the vertical forest 
canopy profile and assess tree height. Then the forest biomass and volume were estimated in related 
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researches which also obtained good results (Nelson et al., 1984; 1988). In the past decades, many 
researches exposed the enormous potential of laser applications in the forestry, forest variables such as tree 
height, basal area, biomass, etc. can be estimated accurately using airborne laser scanner data (Nelson et 
al., 1997; Popescu et al., 2002; Holmgren et al., 2004; Zhao et al., 2009). Till now, aerial photographs and 
low density lidar data have already been used to estimate Lorey’s height with the aid of field data 
(Magnussen & Boudewyn, 1998; Lim et al., 2003; Næsset, 2004; Pang et al., 2008b). High density lidar data 
have been used successfully to estimate tree location, height, crown size and crown length at the level of 
individual trees (Hyyppä et al., 2001; Popescu et al., 2003; Falkowski et al., 2006; Solberg et al., 2006; Zhao 
& Popescu, 2007; Pang et al., 2008a, Popescu & Zhao, 2008). 

The purpose of this study was to investigate the potential of airborne lidar data for estimation of mean height, 
volume density, and canopy closure to generate forest stand maps. The data acquisition and processing will 
be introduced first. Then the lidar indices calculation and forest parameters estimation algorithms and 
inventory based forest map will be described. The usefulness will be analyzed in comparison to field 
measurements.  

Study area and Data acquisition 

Study area  

The study area is Liangshui National Natural Resever (centered at 47˚10’N, 128˚53’E) (Fig. 1) in the south 
part of Xiaoxinganling, Northeast of China. This area is intended to maintain and restore broad-leaf Korean 
pine forest conditions since 1980. Its annually mean, maximum and minimum temperatures are of -1°C, 
37.4°C and -47.7°C respectively. Mean precipitation is 676.0 mm. Elevation range in the study area is 
approximately 280~707 m above sea level. 

 

The main forest species in this region are coniferous, including Pinus koraiensis, Picea jezoensis, Abies 
nephrolepis, Larix gmelin. There are also several deciduous species such as Betula platyphylla, 
Populus ussuriensis, Fraxinus mandshurica, Phellodendron amurense. 

  

(a) Study area and experiment design. 
Solid filled polygons are digitized forest 
stand maps. Black boundaries are lidar 
flight lines. Red and gree dots are plots 
by Northeast Forest University and 
Chinese Academy of Forestry.  

( b) Acquired air-photos overlayed by 
subcompartment polygons (white color) 

Fig. 1 Research area and project design 
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Field data 

According to forest types and tree height, volume density levels, 78 circular plots (radius of 13.82 m) data 
were collected from July 26th to August 14th in 2009. The trees with a diameter at breast height (DBH) ≥5cm 
were recorded. DBH were measured using PI-tape. Tree height was measured using TruPulse laser 
altimeter. Crown widths were measured using the tape measure. The center location of each plot was 
measured using a differential global positioning system (DGPS). Then the Lorey’s mean height (i.e., mean 
height weighted by basal area) and volume density were calculated.  

The canopy closure was measured over another 32 plots. Two 20 meters transects were sampled with 1 m 
interval stop for each plot. Sky or canopy was marked for each stop from observer’s vertical above. And 
canopy closure was calculated by total marks from these observations.  

ALS data  

Airborne waveform data was collected using the LiteMapper 5600 system in September of 2009 using a Yun-
5 aircraft. The Riegl LMS-Q560 laser was used. This system has a wavelength of 1550 nm, with a 0.5 mrad 
beam divergence and 3 ns pulse length. It operated at a 50 kHZ pulse rate at 650 m AGL. The resulting 
footprint size was 35 cm with a point density of approximately 2 points/m2. The digital air-photos with nominal 
spatial resolution of 18 cm were collected simultaneously. 

 

Combining the range estimates from the lidar itself with platform position from Global Positioning System 
(GPS) receivers, platform attitude (roll, pitch and yaw) from an Inertial Navigation System (INS), and angle 
encoders for the orientation of the scan mirror, yields the absolute position of the reflecting surfaces for each 
laser pulse. Accuracy reports compared to GCPs from RTK measurements indicated that the RMS errors of 
the x, y, z coordinates for each point were within acceptable tolerances (vertical error < 15 cm, horizontal 
error < 50 cm, as estimated on smooth level surfaces).  

2.  Methods 

 ALS data processing  

The acquired lidar waveform data were transformed into point cloud, key points from Gaussian 
decomposition. In cases which the lidar shots do not reach the actual ground surface (e.g. when dense 
vegetation is present), the minimum elevation of the lidar shots within a grid cell is not a good estimate of the 
actual terrain elevation. In these cases, the lowest elevation recorded most often reflects a dense layer of 
vegetation which the lidar cannot penetrate. The processing of the initial estimates of elevation to remove 
this effect is referred to as retrieving the “bare-earth surface” digital terrain model (DTM). In this work, the 
DTM was developed using the Terrascan software system and a digital terrain model was provided as a 
deliverable by the vendor. 

 

Then the estimates of height for each lidar point were calculated as the difference between the point's 
elevation and the elevation of the DTM at that location. Then the lidar data were subset for each field plots 
and 1 km by 1 km tiles for further processing. The plot subsets will be used for forest parameters estimation 
with field measurements. And the tiled data will be used for parameters estimation for the whole study area. 

 

Lidar indices calculation 

Two sets of lidar indices were tested in this study. One is height indices and the other is density indices. The 
height indices evaluated included the maximum height of all points, mean height of all points, the quadratic 
mean height (the square root of the mean squared height of each lidar point) as well as height percentiles. 
Height percentiles are defined as the height at which a certain percent of data fall below - we evaluated 5% 
intervals from 5% to 95% (denoted as h5, …, h95). Those points with a height value > 2 m were considered to 
belong to the tree canopy and used for indices calculation (Pang et al., 2008; Næsset & Gobakken, 2008). 
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The percentiles of the canopy height distributions for 5% (h5), 10% (h10), ..., and 95% (h95) were computed. 
Canopy density was then computed as the proportions of laser points above each percentile height to total 
number of points. 

 

The DGPS coordinates and exact plot radius were used when calculating lidar indices plot subsets. 
Considering the plot size and the number of lidar points for lidar indices calculation, 10 m square cell was 
used when calculating lidar indices for the whole study area. This resulted to a 40 bands remote sensing 
dataset.  

 Forest parameters estimation using airborne lidar data 

According to previous studies (Næsset, 2004; Næsset & Gobakken, 2008), the following linear regression 
models were selected 

L 1 5 10 19 95 20 max...h h h h hβ β β β β ε0 2= + + + + + +  （1） 

 

1 5 10 19 95 20 max 21 5 22 10 39 95

40

... + d + d  +...+ d  + 
         c
CC h h h hβ β β β β β β β

β ε
0 2= + + + + +

+
 （2） 
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21 5 22 10 39 95 40

ln ln ln ... ln ln +
         ln d + ln d  +...+ ln d  + ln c

V h h h hβ β β β β
β β β β ε

0 2= + + + + +
+

 （3） 

 

where hL is the Lorey’s mean height (mean height weighted by basal area) (m); CC is the canopy closure; 
and V is the forest volume density per hectare. The h5, h10, …, h95 are percentiles corresponding to 5, 10, …, 
95% of laser canopy heights (m); hmax is maximum of the laser canopy heights (m); d0,d1,…,d9 are the 
canopy densities corresponding to the proportions of laser echoes above fraction 0,1,…,9 to total number of 
echoes; c is the canopy density corresponding to the proportions of laser echoes with a height value > 2 m to 
total number of echoes; ε = a normally distributed error term [ε ~ N (0, σ2)]. 

 

Stepwise regression was used for variable selection and the maximum R2 improvement variable selection 
techniques were applied to select the ALS-derived variables to be included in the models (Næsset & 
Gobakken, 2008). Independent variables could be removed if the value of statistic F value is too small and 
the result of T-test do not reach the level of significance (P >0.1). On the contrary, independent variables are 
allowed to entered regression model (P < 0.05). The least squares method was used generally, and 
repeated until all the independent variables of the regression equation are accord with the requirements of 
entering models. 

 

After the relationships between the Lorey height of each of the field plots and the airborne lidar data 
coincident with them have been developed, the trained equations were used to the lidar indices of each cell. 

 

3. Results and Discussions 
 

Comparison of Lidar estimated forest parameters with field measurements 

Appropriate variables of laser indices were selected by stepwise regression  



Silvilaser 14th - 17th September 2010, Freiburg - Session 2  156 
 

 
  

L 95
ˆ 0.75 2.63h h= +  � 0.87 0.12CC c= +  

2
0.18 2.02

95
0.31ˆ 0.4025c exp( )
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(a) Estimation of Lorey’s Height (b) Estimation of Canopy Closure (c) Estimation of Volume Density 

 

Fig. 2 Estimation of forest parameters using Lidar indices with field plot measurements 
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(a) Lidar Estimated Stand Mean Height (b) Lidar Estimated Forest Volume Density 
(c) Stand Volume Density from Inventory-

based Forest Stand Map at Subcompartment 
Level 

Fig. 3 Lidar estimated of forest parameters and comparison with inventory-based forest stand map 
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analysis method for each forest variables. The 95th percentile height ( 95h ) was selected for the Lorey’s height 

( Lh ) estimation. There was high correlation (r = 0.92) between 95h  and Lh at plot level (Fig. 2a). 85% of the 
variability could be explained, and the root mean square error (RMSE) was 2.07 m, accounting for 6% of the 
average mean tree height. In order to test the stability of system, 50 plots were sampled randomly for regression 
analysis; another 23 plots were sampled for validation. The RMSE was 1.86 m. The average R2 was 88%. 

 

The lidar calculated canopy density at 2 m level (c), 15h  and 95d  were selected when we did stepwise variable 

selection for canopy closure estimation. But 15h  and 95d  are not significant statistically. Only c was used for CC 
estimation (Fig. 2b). The correlation is 0.68 between c and CC at plot level (Fig. 2b). 46% of the variability could 
be explained, and the RMSE was 0.07, accounting for 11% of the average canopy closure. This accuracy was 
less than height and volume density (below) estimation. The selection of different height threshold when 
calculating density indices might affect this. And the canopy closure from field measurement also affected by the 
experiences of observers. 

 

The 95 percentile height ( 95h ) and density variable c were selected for the volume density (V) estimation. The 
correlation is high (r = 0.92) at plot level (Fig. 2c). 84% of the variability could be explained, and the root mean 
square error (RMSE) was 1.36 m3ha-1. When we did similar validation schema as height estimation, the RMSE 
was 1.32 m3ha-1 and R2 was 82%. 

 

Forest parameters estimation for forest stand map using ALS 

As there were good relationship between lidar indices and forest variables, the regression equations as shown in 
Fig. 2 were used over lidar metrics over each tiled cells as described in section 3.3. The lidar estimated forest 
mean height and volume density for the whole study area were shown in Fig. 3a~b.  

When compared with volume density from the inventory-based forest stand map (Fig. 3c), the general patterns 
shown good consistent. The forest stands still shown some heterogeneous for some subcompartments (Fig. 
3b~c). There were several inconsistent areas between lidar-based and inventory-based volume density (e.g., the 
central left corners), which might be caused by the selection of angle-gauge plots. This might bring new chances 
for more accurate characterize the attributes of subcompartments in stand maps, even for more intensive and 
automotive subcompartment segmentation using Lidar technology.  

4. Conclusions 
This study investigated the possibility of estimation forest variables from airborne lidar data for stand map 
generation. The forest mean height and volume density were estimated with high accuracy (R2 was 0.85 and 
0.84 separately). The accuracy of canopy closure estimation was less (R2 was 0.46), which might be caused the 
selection of height threshold when lidar calculation and field measurement uncertainties. The quantitative 
continuous forest parameter maps from lidar data provided new chances for characterizing the attributes of 
subcompartments in stand maps more accurately, and more intensive, automotive subcompartment 
segmentation. 
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Abstract 

In this study a semi-empirical model that was originally developed for stem volume estimation is used for 
aboveground biomass (AGB) estimation. The semi-empirical model is based on the relative heights of first echo 
LiDAR point cloud data and assumes a linear relationship between AGB and canopy volume. However, the 
usage of point cloud data leads to a computationally demanding task when processing large point cloud datasets 
for the generation of area-wide AGB maps. In the presented study the effects of using rasterized LiDAR data as 
input for the AGB model are investigated in order to speed up processing and to make use of the model on large 
spatial datasets. The canopy volumes are calculated from a Canopy Height Model (CHM). The optimum 
resolution of the CHM is determined by analyzing the effects of varying cell sizes (1.0 m, 1.5 m, 2.0 m, 3.0 m) on 
the achievable accuracies. Calibrating the model with rasterized input data having a spatial resolution of 2.0 m 
instead of using first echo point cloud data leads to a slight increase of the coefficient of determination (R2 = 0.70 
to R2 = 0.72) and a slight decrease of the standard deviation of the prediction errors. For calibrating the model 
reference AGB is calculated per sample plot from local forest inventory data by means of averaged weighted 
(according to tree species and age class composition) extension factors. The influence of using rasterized LiDAR 
input data on the achievable accuracy of the assessed AGB is investigated for a coniferous dominated study 
area in Vorarlberg, Austria. 

 

1. Introduction 
Aboveground biomass (AGB) is defined as the total amount of aboveground oven dry mass of a tree that is 
expressed in tons per unit area (Brown 1997). Accurate estimation of AGB, also referred to as dry total biomass, 
in forested areas provides an indication of the potential energy that is stored in cellulosic material. Gaining 
knowledge about the spatial distribution of the potential bioenergy is essential for developing sustainable low 
carbon climate friendly strategies such as the optimization of timber harvesting chains. In contrast to time 
consuming and expensive field methods remote sensing is capable for mapping area-wide forest inventory (FI) 
data in a less expensive, fast and accurate way. This procedure is mainly based on the extrapolation of FI data 
measured at stand or plot level. In recent years Airborne Laser Scanning (ALS), also referred to as Light 
Detection And Ranging (LiDAR), has been established as a standard technology for the acquisition of high 
precision topographic data and has been widely used for mapping vegetation and forest inventory data, 
respectively (Lim et al. 2004, Næsset et al. 2004, Hyyppä et al. 2008). In contrast to multi-spectral satellite 
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imagery or arial photographs ALS data represent the horizontal and vertical distribution of the forest canopies 
and does not suffer from saturation in spectral response to dense canopies with high biomass (Zhao et al. 2009).  

There are two methodological approaches for utilizing LiDAR data for AGB assessment. The (i) single-tree-
based approaches and the (ii) area-based approaches. Both approaches mainly involve the use of empirical or 
semi-empirical models by using linear or non-linear regression analysis (e.g. Næsset 2004a, Popescu 2007, 
García et al. 2010). Single tree based approaches require LiDAR data with high point densities (>5 points/m²) 
and are mostly based on regression models focusing on a relationship between LiDAR derived individual tree 
parameters (e.g. tree height, crown dimensions) and field based estimates of AGB. Area-based methods can 
also be used for lower point densities but require an extensive set of reference data. Such methods analyze the 
vertical distribution of the laser echoes at stand or plot level by deriving various statistical quantities and estimate 
area-based forest inventory parameters (e.g. mean tree height, basal area, stem volume) and AGB, respectively. 

 

LiDAR based estimations of AGB can be performed by means of both rasterized and point cloud data. Using 
rasterized data requires an aggregation of the 3D point cloud to 2.5D raster cells, meaning that the canopy 
surface is represented by a single-valued function. This procedure is accompanied with an irreversible loss of 
the 3rd dimension but makes processing less time consuming and reduces the amount of the storage size 
drastically. Hence, using rasterized data for the generation of area-wide digital high resolution maps is 
computationally more efficient. 

In this paper a semi-empirical model (Hollaus et al. 2009) that was originally developed for stem volume 
estimation is used for AGB estimation. Furthermore, the model is investigated concerning the effects on the 
achievable accuracies of using rasterized instead of point cloud input data in order to make processing a less 
computationally intensive task and to apply the model on large spatial datasets. The optimum resolution of the 
rasterized input data is determined by analyzing the effects of different cell sizes on the accuracy of the 
assessed AGB. For this study an area of about 560 km² in the western part of Austria is analyzed. 

This paper is structured as follows: In Section 2 the study area, the available ALS datasets as well as the 
estimation of the reference AGB are presented. The methodology including a short description of the semi-
empirical model is subject of Section 3. In Section 4 the results are presented and discussed. A conclusion and 
outlook on future studies are given in Section 5. 

Study area and datasets 

The coniferous dominated study area is located in the southern part of the Federal State of Vorarlberg (Austria) 
in the so-called Montafon region, and covers an area of about 560 km². The main tree species in the area are 
Norway spruce (Picea abies) with 96% and fir (Abies alba) with 3%. The used ALS data are provided by the 
Land Survey Adminstration Feldkirch and were retrieved during several flight campaigns in the framework of a 
Vorarlberg-wide terrain mapping project. The ALS data were acquired under snow-free conditions in the years 
2002 to 2004 using Optech Mapper systems (ALTM 1225, ALTM 2050) and Leica ALS-50 scanner. The Optech 
sensors have a beam divergence of 0.3 mrad and the ALS-50 scanner of 0.33 mrad, which resulted in a mean 
footprint diameter of 0.33 m and 0.36 m, respectively for the average flying height of 1100 m above ground. The 
mean point density within the study area varies between 0.9 point/m² and 2.7 points/m². 

Besides the original ALS point cloud data a Digital Surface Model (DSM) and a Digital Terrain Model (DTM) with 
a spatial resolution of 1 m are available. The DTM was generated by using last echoes only and applying the 
hierarchic robust filter technique as described e.g. in Kraus and Pfeifer (1998). By subtracting the DTM from the 
DSM a Canopy Height Model (CHM) is produced. The relative height value of each laser point is derived by 
subtracting the underlying DTM elevation from each laser point. 

 

For the investigated forests, FI data from 500 sample plots, which are regularly distributed in a 350 m grid are 
available. They were provided by the forest administration Stand Montafon Forstfonds and were collected in the 
year 2002 using the angle count sampling method (Bitterlich 1948), meaning that the plot areas and number of 
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sampled trees may vary strongly from sample plot to sample plot. For each sample plot the stem volume per unit 
area [m³ ha-1] was determined from tree specific parameters, such as tree species, tree height and diameter at 
breast height (DBH). The possible inaccuracies in the spatial positions between the LiDAR data and the FI data 
are corrected by performing co-registration as described in Dorigo et al. (2009). 

 

The reference AGB that is used as target variable in this study and is estimated by means of averaged weighted 
(according to tree species and age class composition) extension factors taken from Weiss et al. 2000. The 
extension factor is determined for each sample plot separately. The AGB is estimated from the stem volume that 
is assessed from FI data for each sample plot as described in Hollaus et al. (2009). The first step contains the 
transformation of the estimated stem volume into dry stem biomass by using tree specific average raw density 
factors (Weiss et al. 2000, p.29). In the following step the dry stem biomass is converted in dry total tree biomass 
by means of extension factors given in Weiss et al. (2000, p.31).  

2. Methods 

Semi-empirical model 

The semi-empirical model is based on the assumption that there is a linear relationship between AGB and the 
canopy volume (Vcan) that is defined as the entire volume between the terrain surface and the topmost tree 
surface. Vcan is determined for circular areas A around the center coordinates of the FI sample plots and is based 
on the relative heights of the first echoes. The relative heights are derived by subtracting the DTM height from 
the absolute heights of the first echoes. In order to take the height-dependent differences in canopy structure 
into account the relative height above terrain surface of each first echo point is used to classify the points into m 
different height classes, whereas all points having a relative height value of less than 2.0 m are classified as 
points being reflected from the ground, stones or bushes (Naesset, 2004b) and are not included into the canopy 
volume calculation. Based on the findings of the study from Hollaus et al. (2009) four canopy height classes 
having a canopy height interval of 10 m are most suitable for the calculation of the canopy volume. Vcan,1 ranges 
between 2 m and 12 m, Vcan,2 ranges between 12 m and 22 m, Vcan,3 ranges between 22 m and 32 m and Vcan,4 
contains all first echoes having a relative height greater than 32 m. Vcan, i is calculated as: 

 
meanife,ican, chp = V ∗  (1) 

where chmean is the mean canopy height of all first echoes within the corresponding canopy height class. pfe,i is 
the relative portion of first echo points (between 0 and 1) within the canopy height range i. The linear regression 
model is formulated as: 

 
ican,

m

=i
i Vβ = AGB ∗∑

1
 

 

(2) 

where iβ are the unknown model coefficients that can be interpreted as the fraction of the corresponding canopy 
volume that is occupied by AGB. 

 

Determining of the optimum sample plot size 

The estimation of the reference AGB is based on FI data that was collected using the angle count sampling 
method (Bitterlich 1948), meaning that the reference AGB is not related to a defined sample plot size. The 
challenge is to find the optimum sample plot size in order to allow a proper comparison of the ALS data with the 
FI data. Therefore, an approach introduced by Hollaus et al. (2007) is chosen that analyzes different sample plot 
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sizes with radii ranging from 8.0 m to 16.0 m. This procedure is based on all co-registered sample plots 
containing at least 90% coniferous trees. The 90% coniferous trees threshold is introduced to avoid effects of 
different flight dates (winter/summer) on the calibration of the model for different tree species i.e. coniferous and 
deciduous trees. The sample plot size leading to the highest coefficient of determination (R²) and the lowest 
standard deviation (SD) of the residuals derived from cross-validation (Section 3.4) is taken for further analyses. 

 

Effects of rasterizing input data 

Generating biomass maps for large spatial datasets based on first echo point cloud data is very time consuming 
and computationally intensive. Using rasterized data as input for the semi-empirical model speeds up processing 
and overcomes the disadvantages related to point cloud data (huge amount of storage size, computationally 
intensive task when performing spatial queries within the point cloud) when computing large area AGB maps. 
The effects of using rasterized input data on the achievable accuracies are analyzed by using a CHM for 
deriving the canopy volumes. The CHM is generated by aggregation of all first echo points into a regular grid, 
whereas the maximum relative elevation is chosen as cell value. Cells containing no laser point at all, obtain an 
elevation value of zero and consequently are not considered for the calculation of the canopy volumes. The 
optimum spatial resolution of the CHM is determined by investigating the effects of different cell sizes (1.0 m, 
1.5 m, 2.0 m, 3.0 m) on R² and SD of the prediction errors, respectively. 

 

Validation of the semi-empirical model 

The predictive accuracy of the calibrated model is assessed by performing a leave one out cross validation 
procedure. This means that the model is fitted n times (n is the number of available sample plots), whereas for 
each step one sample plot is excluded and serves for the calculation of the prediction error. The remaining 
sample plots are used for the calibration of the model. Finally, one gets n prediction errors that are used for the 
calculation of statistical parameters such as minimum, maximum, mean and standard deviation. 

 

3. Results and discussion 

Determination of the optimum sample plot radius 

The 90% coniferous trees threshold resulted in 450 out of 488 successfully co-registered sample plots that are 
taken as input for the determination of the optimum circular sample plot size. A sample plot radius of 12.0 m 
results in the highest R² (0.66) and the lowest SD of the prediction errors (109.0 tha-1). 

 

Table 4: Determination of the optimum circular sample plot size. Various radii are analyzed according to their R² 
and SD of the prediction errors. 

Sample plot radius [m] 8.0 10.0 12.0 14.0 16.0 

R² 0.60 0.64 0.66 0.64 0.61 

SD [tha-¹] 120.2 111.4 109.0 111.2 115.7 

This procedure is followed by the selection of sample plots containing all trees measured in the field for 
reference AGB estimation within a radius of 12.0 m. This results in a selection of 196 out of 450 sample plots 
that are taken for the calibration of both the point cloud and the raster based semi-empirical model. 
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Calibration of the point cloud based model 

The calibration of the point cloud based model is based on the 196 selected sample plots (Section 4.1) using the 
optimum sample plot radius of 12.0 m and four canopy height classes having a height interval of 10.0 m. The 
calibrated model achieved an R² of 0.70 and a SD of the prediction errors of 87.6 tha-1 (37.0 %). The scatter plot 
of the reference AGB versus the AGB estimated from LiDAR data is shown in figure 1. 

 

Hollaus et al. (2009) achieved R² values up to 0.86 for the 
estimation of stem volume. The deviations to the presented 
approach can be explained by several reasons: (i) they used 
stem volume instead of AGB, (ii) the conversion of stem volume 
per sample plot to the reference AGB is accompanied with 
several uncertainties and (iii) the different sizes of the study 
areas. The study area in Hollaus et al. (2009) is about three times 
less in size and results in the usage of 103 reference sample 
plots. Investigating a larger study area means both an increase of 
the heterogeneity of the LiDAR data (e.g. varying flying heights, 
acquisition dates, different point densities) and an increase of the 
spatial variability of the forest stand properties. The latter is due 
to the alpine topography of the Montafon region that influences 
forest growing conditions. 

Figure 1: Scatter plot of reference AGB versus 
AGB estimated from first echo LiDAR data. 

Effects of rasterizing input data 

Calibrating the model with canopy volumes derived from rasterized instead of point cloud data does not change 
the achievable accuracy significantly. A slight increase of R² (0.72) as well as a slight decrease of SD of the 
prediction errors (84.11 tha-1) can be observed when using a CHM having a cell size of 2.0 m. This is 
considered to be the optimum spatial resolution when generating AGB maps for the investigated study area. 

The effects of varying cell sizes, ranging from 1.0 m to 3.0 m on the accuracy statistics and the β coefficients are 
shown in table 2. Concerning R² and SD of the prediction errors the AGB model seems to be very robust against 

the varying cell sizes of the CHM. Analyzing the β coefficients confirmed the findings of Hollaus et al. (2009) 
where canopy heights between 22 m and 32 m are the highest contributors to growing stock and AGB, 
respectively. This applies to both the first echo LiDAR based (Section 4.2) and the CHM based AGB model. 
However, the coarser the spatial resolution of the CHM gets, the lower the values of 

the β coefficients .2,1, β3ββ  

 

This can be explained by the overestimation of the canopy volume with increasing cell size as small gaps in the 

forest canopy are neglected. The variation of the corresponding β4 values is less distinct. The CHM is generated 
by using the maximum relative elevation within one cell as the corresponding cell value, meaning that points of 
lower canopy height classes are not considered anymore if one or more points within a cell fall into a upper 
canopy height class. Hence, the bigger the cell size the lower the fraction of the lower canopy height classes to 

the reference AGB. The minor change of the β4 values might be due to the small amount of first echo points 
falling into the canopy height class greater than 32 m. 
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Table 5: Accuracy statistic of the AGB model when using rasterized and point-based input data. R², SD of the 
prediction errors and the estimated ß coefficients are shown. 

Point Cloud Resolution of CHM
Parameters (0.9 – 2.7 p/m²) 1.0 m 1.5 m 2.0 m 3.0 m
R² 0.70 0.70 0.70 0.72 0.71

87.60 (37.0%) 88.84 (37.5%) 88.60 (37.2%) 84.11 (34.4%) 84.6 (34.6%)SD [tha-1]
7.71*10-4 6.97*10-4 4.56*10-4 2.70*10-4 1.38*10-4

19.91*10-4 19.19*10-4 17.34*10-4 14.62*10-4 10.98*10-4

29.75*10-4 28.36*10-4 25.40*10-4 22.80*10-4 18.87*10-4

15.87*10-4 15.85*10-4 15.84*10-4 15.46*10-4 15.48*10-4

β1
β2
β3
β4

 
The scatter plots of the reference AGB versus the AGB estimated from the canopy volumes derived from a CHM 
are shown in figure 2.  

 
Figure 2: Scatter plots showing AGB derived from in-situ measurements versus AGB estimated from canopy 

volumes derived from rasterized input data. The x-axis represents the AGB of the sample plots estimated by the 
AGB model. The y-axis shows the reference AGB calculated from in-situ measurements. 
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4. Conclusion and outlook 
In the presented study a semi-empirical model that was originally developed for stem volume estimation is 
investigated concerning its reliability for AGB estimation. The semi-empirical model assumes a linear relationship 
between AGB and canopy volume that is derived from first echo LiDAR point cloud data. Furthermore, the 
effects of using rasterized LiDAR data as input for the AGB model are analyzed in order to make processing a 
less computationally demanding task when applying the model on large spatial datasets. Therefore, the canopy 
volume is calculated from the 3D first echoes and the CHM, respectively. The effects of varying cell sizes on the 
achievable accuracy are investigated to find the optimum spatial resolution of the CHM-based canopy volume 
calculation. The results show that the semi-empirical model can also be used for AGB estimation of a spruce-
dominated alpine forest and that AGB maps can be generated by means of rasterized input data. The usage of 
first echo point cloud data with leads to a R² of 0.70 and a SD of the prediction errors of 87.6 tha-1. Calibrating 
the model with canopy volumes derived from a CHM does not change R² and SD of the prediction errors 
significantly. A spatial resolution of 2.0 m leads to the highest R² (0.72) and the lowest SD of the prediction 
errors (84.11 tha-1).  

Future studies will concentrate on the application of the AGB model on regions that are characterized by both a 
wider range of tree species and higher point densities. Due to the different crown properties of deciduous and 
coniferous trees it is expected that the consideration of tree species (deciduous versus coniferous trees) in the 
AGB model will increase the accuracy of the assessed AGB. Furthermore, the improvement of the calculation of 
the reference AGB will be in the focus of future research including the consideration of the biomass 
compartments (stem, branches, needles, foliage). 
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Abstract 

Aerial data based forest inventories should be able to provide accurate species-specific information on forest 
resources for practical forest management purposes. In Finland forest inventories based on aerial images and 
airborne laser scanning are usually carried out with nearest neighbor imputation of field sample plots. This study 
examines the effect of reduced sampling intensity on the errors of species-specific volume estimates on five 
forest holdings. The results indicate that the accuracy of the estimated Picea abies volume does not decrease 
until reducing the sample size under 200. The estimation accuracy of Pinus sylvestris and deciduous tree 
species volumes decreases remarkably when the sample intensity is decreased. The results stress the 
importance of careful sample design when conducting aerial data based species-specific forest inventories on 
privately owned forest holdings. 

 

1. Introduction 
Forest inventory augmented with airborne laser scanning (ALS) and aerial images is in operational use in Nordic 
countries. It can provide significant advantages when accurate information on forest resources is needed. 
Besides being accurate, a practical forest inventory tool should also be cost-efficient in providing tree species-
specific forest information. 

In forest planning the gathered data is typically used as an input to a decision support system. Incorrectly 
gathered, measured or predicted data may lead to non-optimal decisions, errors in the optimization of forest 
treatment schedules and thus, a non-optimal forest plan. Generally, the more precisely the present state of a 
forest is described the more accurately the future development can be estimated. On the other hand, the more 
precisely the description is wanted to be done the more measurements should be carried out. The cost-efficiency 
of the inventory method can be considered as an optimal sampling intensity which minimizes the errors in the 
data and the costs of the inventory but maximizes the accuracy of the information. 

 

A sample of accurately measured field plots required in ALS based practical forest inventories forms a significant 
portion of the total inventory costs. Field measurements are utilized with variables calculated from height and 
density distributions of low-resolution ALS data (pulse density < 1 pulse/m2) to predict stand-level attributes (e.g. 
volume) for the whole inventory area. This is usually done with regression models. 

 

In Finland ALS based forest inventories are usually carried out with a Nearest Neighbor (NN) imputation in which 
aerial images and ALS data are used in the estimation of species-specific attributes (see Packalén and Maltamo 
(2006, 2007)). Species-specific growing stock estimates are the basis for Finnish forest management decision 
support systems. Traditionally the forest information is acquired with a stand-wise inventory method, in which 
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forest characteristics are estimated using angle count sampling and visual assessment. The gathered data is 
utilized in forest holding specific forest planning. Privately owned forest holdings and stands covered by them 
may vary in their size and characteristics a lot due to varying forest treatment histories. Species-specific 
estimation accuracy obtained with ALS based methods being better than that obtained with traditional inventory 
methods, it is possible to get growing stock estimates accurate enough for practical forestry purposes (Packalén 
2009). The accuracy and the costs of the method are still dependent on the sample design, the amount of field 
observations and also on the characteristics of the forest in question. 

 

Sampling design of carrier data in a species-specific estimation should be carefully considered since the 
discrimination of tree species is often burdensome (e.g. Packalén 2009). Species-specific estimation is 
especially difficult in mixed stands in which several tree storeys exist. To the very best of our knowledge, no 
studies have yet investigated the impact of the sample intensity on the precision of species-specific forest 
inventory augmented with ALS and aerial image data. Neither has any study focused on the precision of these 
estimations on privately owned forest holdings. These are relevant interests in Finland where forest inventories 
and management plans on privately owned forest holdings are being carried out with the aid of the remote 
sensing techniques and NN imputation. 

This study examines the effect of reduced sampling intensity on the errors of species-specific growing stock 
volume estimates in ALS and aerial image based forest inventory on five privately owned forest holdings.  

 

2. Material 

2.1 Study area 

Experiments were carried out at about 46 000 hectares area at Eastern Finland. The forests at the study area 
are mainly owned by private forest owners. They are mostly Norway spruce (Picea abies) dominating fertile 
forests whereas Scots pine (Pinus sylvestris) dominates at the dryer forest sites. Also birches (mainly Betula 
pendula) may be dominating but usually deciduous trees (Betula pubescens, Alnus incana, Alnus glutinosa, 
Sorbus aucubaria, Populus tremula) occur as admixtures.  

 

2.2 Modeling data 

Totally 431 field sample plots were measured in summer 2008. Sampling was carried out as it is designed in the 
Finnish aerial data based forest inventories on privately owned forests. The design attempts to mimic Finnish 
NFI with varying cluster and shorter plot distances, stratification and subjectively allocated additional 
measurements. The stratification is done on the basis of a priori information on the forest characteristics and the 
spatiality of the stands locating on the study area. Strata were (1) forest site type, (2) development class (young 
growing stand, mature growing stand, regeneration maturity stand), (3) dominating tree species (pine, spruce, 
deciduous trees), (4) basal area and (5) mean diameter. The used design aimed to get a good non-probability 
sample which also includes the extreme kind of forests (table 1).  

 

The circular sample plots (radius 9 m) were prior-located but when measuring the plots in the field the actual 
center of each plot was located accurately with differential GPS. Diameter at the breast height (dbh), tree storey 
class (dominating or dominated) and tree species were measured for each tree with a dbh greater than 5 cm. 
Height was measured for the basal area median tree of each species and storey class by plots. The height 
measurements were used to construct linear mixed-effect height models (see details below). Species-specific 
volumes were calculated with Laasasenaho (1982) taper curves which are based on the tree height and the 
diameter at the breast height. Individual tree volumes were aggregated on the plot-level. 
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Table 1. Statistics of the volumes (m3ha-1) of the sample plots by dominating tree species and development 
classes. N = number of observations, SD = standard deviation, Min = minimum, Max = maximum. 

Young growing 
stand

Mature growing 
stand

Regeneration 
maturity stand

All

N 154 150 127 431
Pine

Mean 43.66 47.57 76.21 54.61
SD 51.33 72.47 119.19 84.57
Min 0.31 0.27 6.57 0.27
Max 193.37 332.18 588.92 588.92

Spruce
Mean 53.45 98.64 206.62 114.31

SD 58.6 104.2 146.71 123.56
Min 0.23 0.25 0.25 0.23
Max 231.19 340.17 637.75 637.75

Deciduous trees
Mean 28.81 59.04 46.56 44.57

SD 34.74 70.04 79.68 64.59
Min 0.29 0.31 0.29 0.29
Max 168.82 256.39 390.10 390.10

Total
Mean 125.92 205.25 329.40 213.49

SD 43.25 67.59 120.63 115.19
Min 33.29 57.32 94.21 33.29
Max 248.45 384.96 754.10 754.10

Development class

 

 

2.3 Validation data 

Independent stand-level validation data was collected in summer 2009. Data was gathered from an area 
confining to about 2 000 hectares in the Southern border of the whole study area. The network of 183 field plots 
distributed over five privately owned forest holdings and over 30 stands. Sampled stands represent all 
development classes and tree species admixtures existing on the area. A systematic sample plot inventory was 
carried out within each stand at intervening distances of 20 m to 100 m depending on the stand size and shape. 
The stand size being rather small (average 1.3 ha) the number of the plots within a stand varied between 3 to 10 
plots. The plots were circular with radius of 8 m or 10 m if the stand was near to the rotation age. The stands 
eventually used in the study consist of the accurately measured plots alone. The size of the stands vary between 
0.06 ha and 0.2 ha. 
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Table 2. Statistics of the volumes (m3ha-1) of the post-stratified validation stands by dominating tree species and 
development classes. nh = number of stands from stratum h included in the sample, P = number of strata, 

MeanST = sample mean of the population, SDST = weighted mean of the standard deviations among sampling 
units within each stratum, Min = minimum of the observed stands, Max = maximum of the observed stands. 

Young growing 
stand

Mature growing 
stand

Regeneration 
maturity stand All

nh 9 11 10 30
P 6 7 7 20

Pine
MeanST 29.9 50.61 125.88 78.88
SDST 9.31 3.39 35.23 19.28
Min 1.5* 0.16* 27.83* 0.16*
Max 94.95 177.88 356.63 356.63

Spruce
MeanST 51.67 138.71 155.49 122.98
SDST 12.28 5.46 11.80 10.13
Min 1.04 1.08 8.88 1.04
Max 113.67 349.86 267.80 349.86

Deciduous trees
MeanST 40.49 47.33 35.87 40.35
SDST 3.40 12.55 3.44 6.01
Min 0.99 0.69 2.61* 0.69*
Max 116.71 93.08 141.65 141.65

Total
MeanST 122.07 236.66 317.24 242.21
SDST 5.21 9.06 41.47 22.59
Min 76.21 95.62 195.93 76.21
Max 148.95 389.50 529.10 529.10

*The true minimum is zero

Development class

 

The location of the centre of each sample plot was determined with differential GPS. Diameter at the breast 
height (dbh), tree storey class (dominating or dominated) and tree species were measured for each tree with a 
dbh greater than 5 cm. Height was measured for the first observed tree of each species and storey class by 
plots. The height measurements were used to construct linear mixed-effect height models for each species and 
storey class with Näslunds (1937) formulation. The height models were done with one dataset consisting both 
the modeling and the testing measurements. Species-specific volumes were calculated with Laasasenaho 
(1982) taper curves. Individual tree volumes were aggregated on the stand-level. 
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The validation stands were post-stratified. Totally 21 stratum were defined according to the tree species and 
development classes. Tree species classes are: stand has only (a) pine, (b) spruce or (c) deciduous trees, stand 
has either (d) spruce and pine, (e) pine and deciduous or (f) spruce and deciduous so that dominated tree 
species covers at least 10% of the total volume, or (g) stand has all the tree species so that the two dominated 
tree species cover at least 10% and 5% of the total volume of the stand. Development classes are (i) young 
growing forests, (ii) mature growing forest and (iii) regeneration maturity forests. Measured stands distribute into 
20 strata as such that each strata include one or two stands. The basic statistics of the stratified data can be 
seen in table 2. 

 

Stratum estimates for the measured species-specific volumes are calculated with the following equations: 

 
 

(1) 

 

 

(2) 

 
 

(3) 

 
 

(4) 

where P = number of strata into which the population is divided; now P=20, Wh = weight of stratum h; now h=1, 
…,20, Nh = number of the sampling units in stratum h within the whole population, N = number of the sampling 
units in the whole population; N = , nh = number of the sampling units included in the sample from 
stratum h, MeanST = sample mean of the population, yih = an observed value of the variable y on sampling unit i 
in stratum h; i=1, …,nh, SDST = weighted mean of the standard deviations among sampling units within each 
stratum, Syh = standard deviation among sampling units within stratum h. 

 

2.4 Remote sensing data acquisition 

The ALS data from Karttula study area were collected in August 2009 using Optech 3100 laser scanning system 
operating at an altitude of 2000 m above ground level (agl) using a half-angle of 15 degrees and side overlap of 
about 20 percent. This resulted in a swath width of 1070 metres and a nominal sampling density of about 0.64 
measurements per square metre. The divergence of the laser beam (1064 nm) was 0.3 mrad, which produced a 
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footprint of 60 cm at ground level. The used laser scanning system produces four types of echoes which were 
re-classified as the first and last pulse data so that only echoes were in both classes. The ALS data were further 
used to generate a digital terrain model (DTM) using one-metre pixel size by the method explained in Axelsson 
(2000). 

 

The aerial photographs were captured with Vexcel UltraCamD digital aerial camera during 5 different days on 
July and September 2009. Images were taken at an altitude of about 5630 m agl with the sidelap of 30%. As the 
camera actually consists of eight independent cameras it captured four high-resolution panchromatic images 
and four lower-resolution multi-spectral images from red, green, blue and near-infrared (NIR) portions of the 
spectrum. The final image is produced by applying image fusion technique called pan-sharpening, which 
combines these separate images to one. Pan-sharpened images were orthorectified to a pixel size of 0.5 m 
using the DTM generated from the ALS data.  

 

3. Methods 

3.1 Independent aerial data variables 

Independent variables were calculated from the ALS data and the aerial images. ALS metrics were determined 
by using the pulses falling inside plot boundaries and hitting on tree canopy (height at agl > 0.5 m). Laser pulse 
height and density distributions were created separately with the first and the last pulses for each plot. Height 
and density percentiles for 10%, 30%, 50%, 70%, 90% (f_h10,…,f_h90; f_p10,…,f_p90) and for 20%, 40%, 60%, 
80%, 95% (l_h20,…,l_h95; l_p20,…,l_p95) were computed with the first and the last pulses, respectively. Also the 
proportions of the hits on the forest canopy and ground (limit 0.5 m) were calculated for both the first and the last 
pulse data. All the calculated laser variables were included in the model formulation phase. 

 

The aim of using aerial image features was to improve the separation of the tree species. Aerial photo pixels that 
centre fall inside the plot boundaries of a plot were used to calculate spectral statistics and grey-level co-
occurrence matrix for that plot according to the principles presented by Haralick et al. (1973). The calculation of 
textures on the basis of grey-level co-occurrence matrix was done with varying rescaling classes and lag 
distances using a pixel size of 0.5 m, and as an average of all directions (0°, 45°, 90°, and 135°). All the 
variables were calculated by means of four image bands. The features were further analysed with regard to the 
correlations between the variables themselves and between them and the tree species. The ability of the aerial 
image variables to discriminate spruce and pine, and on the other hand detect deciduous trees, was tested also 
with the aim of discriminant-analysis. Variables selected on the basis of correlations and discriminant-analyses 
were imported into the NN model formulation phase. 

3.2 Dependent variables 

Volume (m3ha-1) estimates for pine, spruce and deciduous trees were predicted by means of the independent 
aerial data features. The estimation was done on the plot-level and further aggregated on the stand-level. 

 

3.3 K-MSN model for volume estimation 

Modeling and variable selection were done as explained in details in Packalén and Maltamo (2006). Model was 
of multivariate type i.e. volumes were estimated simultaneously with basal areas, stem numbers, mean heights 
and diameters by tree species. Complete plot-level model consisted of totally 19 independent variables. Six of 
the variables were calculated on the basis of the aerial images and the rest with the ALS data (table 3). Because 
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the variable selection and the model formulation is quite burdensome and time-consuming the variable selection 
was executed only once with the complete carrier data. 

Table 3. Predictor variables in the final k-MSN model and their explanations. 

Variables based on aerial images  Variables based on laser pulse distributions  
meanBLUE, p40BLUE

2, p50NIR, ln(dentRED), 
sentroGREEN, √svarNIR 

 ln(f_veg), 1/f_havg, ln(f_h90), 1/f_p30, √f_p50, 
ln(l_veg), ln(l_hstd), √l_h40, l_h60, ln(l_h95), l_p20, 
l_p95 

The subscript denotes the band, mean = mean 
intensity, dent = difference entropy, sentro = 
sum entropy, svar = sum of squares or 
variance, p40 refers to the pixel value 
corresponding to the percentile at which 40% of 
the value distribution has accumulated. 

 In the variable names f or l denote to first and last 
pulses, respectively, veg = proportion of the pulses 
hit on the vegetation, havg = average of the pulse 
heights, h90 refers to the height at which 90% of the 
height distribution has accumulated, p30 refers to 
the canopy density corresponding to the proportion 
of pulses hits above the 30% height quantile. 

3.4 Reduction of the sample intensity and validation 

Several sample intensities were tested with Monte Carlo simulations with 1000 iterations. Tested sample 
intensities were 35, 50, 100, 150, 200, 250, 300, 350, 400, 430 and 431 plots. Plots for each sample and 
iteration were selected randomly from the complete data set. Selected sample plots were used as carrier data in 
the k-MSN imputation to search for the weights for the model predictors and to estimate the species-specific 
volumes. Estimation was carried out at the plot-level and further aggregated at the stand-level by calculating the 
arithmetic mean of the plots inside each stand. Accuracies of the estimation with the reduced sample intensities 
are calculated on the stratified sampling basis: 

 

 

(5)

 

(6)

, where m = number of simulations, p = number of stratum, nh = number of stands inside stratum h, Wh = weight 
of stratum h, yihj = observed volume of stand i in stratum h in simulation j,  = estimated volume of stand i in 
stratum h in simulation j. 

4. Results 
The results show that the accuracy of the volume of the main tree species, spruce, doesn’t decrease remarkable 
until reducing the sample size under approximately 200 (see figure 1(a) and table 4). The RMSE of the total 
volume behave similarly (figure 1(a)) but is slightly lower with all the tested sample intensities. The errors of the 
volume of the other tree species increases, on the other hand, quite rapidly when the sample intensity is 
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decreased. The error level of the estimated volumes is surprisingly high: RMSEs of pine and deciduous trees 
volumes are even in the most optimum case about 74% and 91%, respectively (table 4). The RMSE of the 
spruce and total volumes are about 33% and 21% on their best, respectively. 

Table 4. Root mean square error (RMSE, m3ha-1), bias (Bias, m3ha-1) and their relative values (RMSE%, Bias%) 
for the species-specific volume estimates on the forest holding level. 

m3ha-1 % m3ha-1 % m3ha-1 % m3ha-1 %

431 44.26 35.99 -14.97 -12.17 36.82 91.24 15.04 37.26
430 43.55 35.41 -14.71 -11.96 36.56 90.60 15.06 37.32
400 42.37 34.46 -14.22 -11.57 36.87 91.38 15.26 37.83
350 41.38 33.65 -13.19 -10.72 38.72 95.96 15.64 38.75
300 41.10 33.42 -11.84 -9.63 40.78 101.07 16.01 39.67
250 41.72 33.56 -11.05 -8.98 42.23 104.64 16.24 40.25
200 41.85 34.03 -10.00 -8.14 43.30 107.30 16.05 39.76
150 43.16 35.09 -8.62 -7.01 43.70 108.31 15.47 38.34
100 46.78 38.04 -7.17 -5.83 43.98 108.98 14.44 35.79
50 69.62 56.61 -6.46 -5.25 44.87 111.19 9.51 23.57
35 97.85 79.57 -6.52 -5.30 46.67 115.65 6.48 16.05

431 58.66 74.36 -21.87 -27.72 50.80 20.97 -21.80 -9.00
430 60.11 76.20 -22.44 -28.45 52.09 21.51 -22.09 -9.12
400 62.75 79.55 -23.05 -29.23 53.69 22.17 -22.02 -9.09
350 66.32 84.07 -24.62 -31.21 55.10 22.75 -22.17 -9.15
300 70.01 88.75 -25.94 -32.88 56.80 23.45 -21.77 -8.99
250 74.10 93.93 -27.03 -34.26 59.29 24.48 -21.83 -9.01
200 77.36 98.07 -27.67 -35.08 61.25 25.29 -21.63 -8.93
150 81.51 103.33 -28.33 -35.91 63.69 26.29 -21.47 -8.86
100 87.04 110.67 -29.49 -37.38 68.77 28.39 -22.22 -9.17
50 96.14 121.87 -28.05 -35.55 78.07 32.23 -24.99 -10.32
35 105.07 133.20 -24.78 -31.42 102.86 42.46 -24.83 -10.25

Pine Total

Sample 
intensity

Spruce Deciduous trees

RMSE Bias RMSE Bias

 

 

The biases of the estimates are significant (table 4 and figure 1(b)). The biases of the spruce and pine volumes 
are between -6.52 and -14.97 m3ha-1, and between -21.87 and -29.49 m3ha-1, respectively. The biases of the 
deciduous trees volume are between 16.05 and 40.25 m3ha-1. The biases imply that the volumes of spruce and 
pine are averagely underestimated and the volume of deciduous trees is overestimated on the forest holdings. 
The biases of the total volume are between -21.02 and -24.99 m3ha-1. As such, the total volume is also 
underestimated. An unexpected result was that the amount of bias increases when the sample intensity 
increases (see figure 1(b) and table 4). 
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Figure 1. Relative root mean square error (RMSE%) (a) and relative bias (b) of the species-specific volume 

estimates (m3ha-1) on the forest holding level. 

 

5. Discussions 
Timber volume calculations and growth models, for example, are based on species-specific measurements in 
Finnish forest management decision support system. Thus, correct tree species recognition and species-specific 
estimation of forest characteristics is essential when conducting a forest inventory. In the present study we 
tested the effect of reduced sampling intensity on the errors of species-specific volume estimates in ALS and 
aerial image based forest inventory on five privately owned forest holdings. 

In previous studies the k-MSN imputed species-specific estimates have been rather accurate. Packalén and 
Maltamo (2006) estimated volume for different tree species at plot-level. In their study relative RMSEs for pine, 
spruce and deciduous trees were 45.50%, 61.98% and 92.30%, respectively. Error of the total volume estimate 
was 23.86%. In the study of Packalén and Maltamo (2007), on the other hand, the relative errors of the plot-level 
estimates of total, spruce, pine and deciduous trees volumes were 20.51%, 55.72%, 51.55% and 102.84%, 
respectively. In the same study the corresponding errors on stand-level were 10.36%, 32.64%, 28.08% and 
62.33%, respectively. Stand-level estimation accuracies in Maltamo et al. (2009) for pine, spruce, deciduous 
trees and total volumes were about 30%, 130%, 115% and 19%, respectively. The biases of the estimates 
introduced in the both studies mentioned above were significantly smaller when compared to the biases 
presented in our study. The stand-level estimation errors obtained with the traditional inventory methods for pine, 
spruce, deciduous trees and total volumes are about 29%, 43%, 65% and 25%, respectively (Haara and 
Korhonen 2004). 

When comparing between the previous and the present studies it has to be kept in mind that the estimation 
levels and the amount of the plots in the carrier data differ. Larger carrier data and wider estimation unit should 
produce more accurate results. As such, the errors in the present study appear to be of a high quantity with all 
the tested sample intensities if the change in the dominating tree species (spruce or pine) is considered. Now, 
however, the stands from which the forest holding level was averaged with post-stratification were very small 
(0.06–0.2 ha) since they consisted of the measured plots alone. We prospect that the error level would have 
been substantially lower if the stand-level estimation was done with e.g. grid-based approach adopted by 
Næsset et al. (2004). 
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Species-specific estimation is always rather burdensome in heterogeneous forests and the accuracy of the 
estimates depends on how well the modeling data covers the variation in the forests of interest. With the nearest 
neighbor methods, as k-MSN, an extrapolation is impossible and thus, extremely high values might be 
underestimated and extremely small values overestimated. In the present study the volume estimates for spruce 
and pine were clear underestimations and the volume of deciduous trees overestimation. It seems that the 
modeling data didn’t covered enough observations comparable to the forest of interest and as such, k-MSN 
model could not find proper nearest neighbors for them. Privately owned forests are generally rather diverse: 
even a forest holding may cover both extremely small and high values of the forest characteristics.  

The selection of the sample design and the intensity of the carrier data should be considered carefully when 
conducting a remote sensing based forest inventory by tree species in privately owned forests. Sample design 
used in this study was non-probability sample, designed as it is currently carried out in the Finnish aerial data 
based practical forest inventories. The design attempts to mimic the Finnish NFI with stratification and 
subjectively allocated additional measurements. Our results indicate that the use of the non-probability sample 
should be weighed up and the use of probability sample considered again.  

Multivariate type of the modeling might have had its own affect on the results. In this approach of modeling the 
weighted average of the RMSEs of the estimated variables is minimized instead of minimizing the RMSE of one 
variable only. Predictor variable selection for the k-MSN model was conducted identically to Packalén and 
Maltamo (2007) who presented rather accurate species-specific estimates with the method. Even though, it 
might have been that the aerial image-based metrics were not that useful in discriminating between tree species 
in our study. Also the assumption of achieving some modeling synergy by combining aerial image and ALS 
metrics might have retracted. 
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Abstract 

The boreal-alpine transition zone represents the gradient, or ecotone, from boreal forest to open alpine tundra. 
At present, resource inventories and/or systematic monitoring of mountainous areas are not commonly 
undertaken in many regions and countries. Current plot-wise national forest inventories typically focus on 
monitoring of the productive forests which are more valuable from an economic perspective. There is an 
increasing demand for information concerning high altitude forests and full capture of treed areas to support 
national and international biomass and carbon reporting. Further, impacts of climate change are expected to be 
most pronounced over this transition zone, leading to a need for methods for monitoring the status and dynamics 
of vegetation over the ecotone. We propose a method for integrating airborne laser scanner (ALS) data collected 
as a strip sample and ancillary information to delineate the boreal-alpine transition zone. In this study, the 
boreal-alpine transition zone is defined according to international definitions based on tree heights and crown 
coverage to provide the basis for reporting according to established international standards. The 3-dimensional 
measurements of forest structure obtained from an airborne laser scanner provided the basis for detecting the 
boreal-alpine transition zone. We establish, validate, and discuss an heuristic method to delineate the boreal-
alpine transition zone using ALS data. The method was implemented using 53 ALS sample strips in Hedmark 
County, Norway, and validated with field measurements of the transition zone represented by forest and tree 
lines at 26 locations. The ALS delineation of the boreal-alpine transition was accurate when compared to field 
measurements. Furthermore, a non-parametric method was used to upscale the ALS estimates to the entire 
area of Hedmark County (27 400 km2) using Landsat images and information derived from a digital terrain model 
as ancillary data. The size of the estimated boreal-alpine transition zone in Hedmark was 3750 km2. 

 

1. Introduction 
The boreal-alpine transition zone is the shift between the forest and alpine vegetation communities (Kimmins 
1997). In the current study, the boreal-alpine transition was defined to be the area between the forest line and 
the tree line. Until now inventory and systematic monitoring of such mountainous areas are not undertaken in 
many regions and countries, including Norway. Current plot-wise national forest inventories typically focus on 
monitoring of the productive forests which are more valuable from an economic perspective. There is an 
increasing demand for information concerning high altitude forests and trees, to support national and 
international biomass and carbon reporting activities that are intended to be inclusive of all treed areas. 
Furthermore, impacts of climate change are expected to be most pronounced over this transition zone, leading 
to a need for methods for monitoring the status and dynamics of vegetation over the ecotone.  

Forest- and tree lines are expected to advance (e.g., increased altitude and latitude) as a result of a warmer 
climate (Harsch et al. 2009). In addition, changes in human use and activities in mountain areas will affect the 
boreal-alpine transition zone. Additionally, the presence of grazing domestic animals has over the last centuries 
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pushed the tree line below the expectation due to climatic constraints alone; diminished grazing would result in 
an advance of forest- and tree lines (Hofgaard 1997, Cairns and Moen 2004). The effect of land use change may 
override the responses of climate change on the vegetation in the boreal-alpine transition zone (Hofgaard 1997). 
A meta-analysis, showed that half of the studied tree lines worldwide had advanced during the last century 
(Harsch et al. 2009). Hence, there is an urgent need for inventory and monitoring systems to characterize the 
boreal-alpine transition in systematic, transparent, and repeatable manner.  

Airborne laser scanning (ALS) are the most promising technique for measuring biophysical properties in forested 
areas (e.g. Hyyppä and Hyyppä 1999, Hyde et al. 2006). Tree heights and canopy cover, which are essential for 
delineating the boreal-alpine transition zone, are frequently derived using ALS data (c.f. Andersen et al. 2006, 
Hopkinson and Chasmer 2009). Hence, a wall-to-wall acquisition of ALS data over a region would probably 
provide the most accurate monitoring system of these transition zone areas. However, a full coverage ALS 
scanning will be costly. To minimize cost and achieve a high accuracy in regional forest inventory using ALS as 
a strip sampling tool has been suggested and is under development (Næsset et al. 2009). In the proposed 
inventory protocol ALS strips will sample boreal-alpine transition zones where they occur. Gathering field 
information is costly in these mountainous and often remote areas, ALS provides accurate measurements of 
these transition zones with the possibility to detect, e.g. forest lines (Rees 2007). However, full coverage maps 
are often required, such as for providing separation of land areas into strata for carbon and biomass inventories. 
In such cases, remote sensing data covering the entire region of interest are needed. Medium spatial resolution 
satellite images that provide wide-area coverage with a sufficient level of spatial detail are ideal for stratification. 
The spatial, spectral, temporal, and radiometric resolutions of Landsat, combined with a large image footprint, 
making Landsat among the best sources of information (Wulder 1998, Cohen and Goward 2004, Wulder et al. 
2008). In addition, other spatial data layers with full-coverage are known to increase the accuracy of maps 
created from satellite images (Franklin 1995). 

The current study utilize ALS data from 53 flight-lines collected in support of testing ALS as a strip sampling tool 
for regional forest inventories (Næsset et al. 2009). Canopy cover are thought to be nearly unbiased when 
derived from ALS data (Lucas et al. 2008). There are limitations in direct canopy cover estimates from ALS data 
related to the underestimation of tree height (Gaveau and Hill 2003), the need of nadir measurements and 
inclusion of small canopy gaps in the canopy cover required by the definitions described above (Gschwantner et 
al. 2009). However, ALS derived canopy cover are known to be a good approximation (McLane et al. 2009). A 
heuristic approach was used to delineate the boreal-alpine transition zone in the ALS data. This heuristic 
approach used the United Nations Food and Agriculture Organization (FAO) definitions of forest and other 
wooded land to define the boreal-alpine transition zone. The ALS estimates provide a large sample of transition 
zones suitable for use to produce a full coverage map (mask) of the boreal-alpine transition zone and to estimate 
the area of this zone in the study area. The specific objectives of the current study are to 1) delineate the boreal-
alpine transition zone in ALS data, 2) upscale ALS information from sample strips to full coverage using Landsat 
and digital terrain data, and 3) estimate the area of the boreal-alpine transition in Hedmark, Norway. 

2. Materials and Methods 

2.1. Study area  

The study was conducted in Hedmark County in south-eastern Norway. The total land area of Hedmark is 
approximately 27 400 km2. The county is covered by boreal and alpine vegetation zones with a slightly 
continental climate (Moen 1999) . Elevations range from 120 to 2180 m above sea level.  

 

2.2. Field data collection 

During the summer of 2008 the boreal-alpine transition zone was mapped at 26 locations in Hedmark. Locations 
were selected subjectively based on the following criteria: located in the ALS transects, orthophoto available, 
accessibility, and contributing to suitable spatial distribution of plots. The boreal-alpine transition zone was 
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manually digitized by applying common practices following the forest- and tree-lines. Digitizing was conducted 
with a Bluetooth GPS receiver (Holux M-1000) connected to a Personal Data Assistant with a Geographical 
Information System.  

 

2.3. Airborne laser scanner data 

ALS data were acquired during summer 2006 with two different Optech ALTM 3100 sensors (Table 1). Flight 
lines were flown in an east-west direction with 6 km spacing between flight lines. The total length of all flight lines 
was over 4500 km. When considering the scanned swath of 490 m, the areal coverage is approximately 8% of 
the study area. The initial processing of the data was accomplished by the contractor (Blom Geomatics, 
Norway). Ground returns were determined using the Terrascan software (Terrasolid Ltd., 2004) and a 
triangulated irregular network (TIN) was created from the echoes classified as ground returns. Heights above the 
ground surface were calculated for all echoes by subtracting the respective TIN heights from the height values of 
all echoes recorded.  

 

Table 1. ALS sensor and acquisition settings. 

Parameters  
Sensor ALTM 3100 
Mean flying altitude AGL (m) 800 
Pulse repetition frequency (kHz) 100 
Scanner frequency (Hz) 55 
Half scan angle (deg.) 17 
Mean pulse density (m-2) 2.7 
Footprint diameter (cm) 21 

2.4. Landsat images and digital elevation data 

Four different Landsat-5 TM images were obtained from USGS to cover the study area. The scenes used were 
WRS Path 197 / Row 18 and 16 acquired at 3 June 2007, and Path 198 / Row 18 and 17 acquired 10 June 
2007. The images were georeferenced, orthorectified, and converted to top of atmospheric reflectance (TOA) 
following the procedure of Han et al. (2007). The TOA corrected images were mosaicked together. From the 
TOA corrected Landsat mosaic the normalized difference vegetation index (NDVI) and the brightness, 
greenness and wetness from the tasselled cap transformation was derived (Kauth and Thomas 1976). From the 
DTM elevation, slope, curvature, and solar radiation were derived and used as ancillary support in the 
subsequent classification.  

 

2.5. Processing of airborne laser data 

The point cloud obtained from the ALS sensors can be considered as a sample of the forest canopy where each 
echo (x, y, z) is a sample point. Classifying each point according to presence or absence of canopy makes the 
point cloud a sample of a binomial distribution (canopy or not) (Cochran 1977). Hence, the canopy cover can be 
computed as the number of echoes in the canopy over the total number of echoes: 
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            (1) 

where C is canopy cover, Nc is number of first returns in canopy, and Nt is total number of first returns. Similar 
approaches have previously been used (c.f. Hopkinson and Chasmer 2009). The canopy coverage was 
computed using two height thresholds, 0.5 and 5m, to represent canopy cover for shrubs and trees and for only 
trees, respectively. The boreal-alpine transition zone was indentified where canopy cover of shrubs and trees 
were above 10% and/or canopy cover of only trees was between 5 and 10%. The thresholds used for canopy 
cover and heights was according to the FAO definitions of forest and other wooded land (FAO 2006). 

The accuracy of the implemented procedure is validated with the field measured forest- and tree lines. At the 26 
field locations three classes (boreal, alpine, and transition zone) were determined. The class map was validated 
to the field measured tree- and forest lines, separately. In the accuracy assessment an image gradient based 
method was utilized (Pitas 2000, Wulder et al. 2007). In the ALS class map the rate of change in a local 
neighbourhood was computed as the gradient: 

 
    (2) 

 
, where  is the gradient and x and y are row and column in the raster file created at each location. 

The gradient is aggregated with information related to the distance to the field measured line and the average 
gradient values are summarized over all locations for both the forest- and tree lines. 

2.6. Processing of ancillary data 

To estimate the boreal-alpine transition zone a non-parametric random forest method was used (Breiman 2001). 
Random forest is a development of regression and classification trees that is subject to increasing usage due to 
a capacity to handle a large amount of classification features, mixing of variable types, high predictive 
performance, and an absence of over fitting (Falkowski et al. 2009, Ørka et al. 2010). The spectral indexes 
(NDVI, brightness, wetness, and greenness), elevation, slope, solar radiation, curvature, and location variables 
(latitude and longitude) were used as classification features. Since, transition zones are best represented with 
soft classifiers (Foody 1996) the random forest classification was used to predict the probability of boreal using 
only boreal and alpine classes from the ALS as input. A feature selection algorithm was used to select relevant 
features (Díaz-Uriarte and Alvarez de Andrés 2006). The reference data include the plots with size equal to the 
image pixel size, laid out every three kms on the ALS transects. Reference data were pre-stratified according to 
the potential boreal-alpine transition area using the DTM. 

To determine the three classes; boreal, alpine, and transition zone, we estimated the probability of boreal zone 
for the reference plots. However, we now also included the locations indicated by the ALS data to be in the 
transition zone. Furthermore, the probability density function was estimated separately for all three classes. Then 
the alpha-cuts were set for the upper and lower boundary where the transition zone had higher density than 
boreal and alpine. 

The random forest probability classification and the alpha-cut were validated using a test dataset which 
represent the plots located ± 1 km in the east-west direction of the calibration plots.  

3. Results and discussion 
The ALS derived classes of boreal, alpine, and transition zones using the simple heuristic approach fits the field 
data with a high accuracy (see figure 1). The highest gradient values appear at the forest line and tree line. 
There was however, a presence of high gradient values in some other areas, such as transitions with within 
some forested areas. The forest below the forest line is diverse and include mires, peatland and also patches of 
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alpine meadow. In the current study only the upper forest and tree lines were mapped in field. In some locations 
the forest or tree lines could be characterized as diffuse; it was obvious that these “lines” not are strict 
boundaries. This situation is also known from the vector representation of transitions zones in geographical 
information systems, since transitions cannot be readily represented using a vector model (Franklin 1995, Wang 
and Hall 1996). The ALS classes developed here using the heuristic classification are represented with a raster 
model in an attempt to mitigate this limitation / consideration. 

 
Figure 1. Accuracy assessment using an image gradient analysis of 26 field locations against forest line (left) 

and tree line (right). Relative gradient in ALS classes against distance to forest and tree line. Dotted lines 
indicate forest and tree lines, respectively. 
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Figure 2. LEFT: The mean decrease in Gini coefficient for the five features in classification. RIGHT: Alpha-cuts 
derived using the density functions for probability computed from the binary random forest classification for all 

calibration plots and for separate classes. 

The feature selection resulted in five features used in the classification. The selected features included the tree 
spectral features; brightness, wetness, and NDVI; plus elevation and slope derived from the DTM. The 
importance of the features appears in figure 2. NDVI and brightness represent different objects in the images. 
NDVI values are related to vegetation and brightness is usually related to soil, both important in the boreal-alpine 
transition zone where vegetation is decreasing and soil intensity is increasing from the boreal- to the alpine 
environment. Contrary to expectation, solar radiation was not selected, even though it is known to relate 
environmental factors related to slope among others. Latitude is related to the regional trend as altitude and the 
altitude of forest- and tree lines are increasing further north in the county. The alpha-cuts derived from the 
density functions was 0.15 to alpine areas and 0.69 to forested areas (see figure 2). Hence, areas with a 
probability predicted between 0.15 and 0.69 belong to the boreal-alpine transition zone. The calibrated random 
forest classification and alpha-cuts were applied on the whole region. The error matrix for the three classes - 
boreal, alpine and transition zone, for the test dataset, appears in table 2. The hard classification is accurate 
when taking into account the problems of mixing between classes that occurs in the transition. Table 2 shows 
highly accurate characterizations of the distinct boreal and alpine classes (especially when excluding the 
confusion related to the transition class), with variable accuracy and across class confusion by the transition 
class. The confusion evident in depicting the transition class is expected as the category is a mixture of the 
conditions dominant in the boreal and alpine classes. 

 

The total area of the boreal-alpine transition zone in Hedmark was 3750 km2. Hence, about 14 % of the area in 
Hedmark is a transition between the boreal forest and the alpine environment. From the known impacts of 
climate change (Harsch et al. 2009) this area could change to a forest class. The full coverage maps are also an 
important source to enable monitoring of possible changes. Both the soft classification represented by the 
probability for a boreal class and the hard classification produced by the alpha-cuts can support different needs. 
For monitoring purposes the soft classification is most useful (Foody 2001), but for some needs, such as area 
estimation, a hard classification is preferred. 

 

Table 2. Error matrix of classification of boreal, alpine, and the transition zone based on the test dataset using 
binary random forest classification and alpha-cuts.  

  Reference    
Classification  Boreal Alpine Transition Sum User accuracy 
Boreal 302 20 75 397 76.1 
Alpine 6 488 42 536 91.0 
Transition 88 173 118 379 31.1 
Sum 396 681 235 1312  
Producer accuracy  76.3 71.7 50.2   
      
Overall accuracy     69.2 
Kappa     0.523 
      

4. Conclusion 
In this research, we apply a heuristic classification of ALS data which enables an accurate depiction of the 
boreal-alpine transition zone over a large region. The information derived from ALS data can further be 
combined with ancillary information to produce full coverage maps when needed. The described method does 
not use any field data for calibration. Hence, there is no need to gather expensive field data from remote 
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mountainous areas. The high accuracy of a non-field calibrated method is also promising for similar approaches 
when field data is available for calibration. An improved capacity to capture an entire forested area, rather than 
limited to managed forest areas, is increasingly desired and aided by the approach presented here. The ability to 
portray boreal, alpine, and related transitional areas augments our ability to monitoring and report on carbon 
stocks and change and to ensure that all applicable forested areas are included. Studies of climate change are 
also aided by the ability to map the boreal-alpine transition zone over large areas. Changes found over time will 
be important on describing the processes operating and the rates of transition among classes.  
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Abstract 

In this study the strengths and weaknesses of eight filtering algorithms are evaluated by using the mean, 
standard deviation and RMSE metrics. Seven of these algorithms are implemented in the freeware software 
ALDPAT (Airborne LiDAR Data Processing and Analysis Tools) and the eighth, known as the Axelsson filter, in 
the commercial software Terrascan. The referred metrics are calculated by using DTM of topographic surfaces 
with quite different morphologies and vegetation covers. Forty-three of these surfaces, on circular plots of 400 
m2 each, are covered by brushwood and unmanaged eucalypt forest with different stand characteristics. The 
mean tree density is around 1600 trees per hectare. The reference DTM for assessing the DTM produced by 
filtering full-waveform LiDAR data using the eight filtering algorithms are created with the help of a total station 
and geodetic GNSS receivers. The results show that the Axelsson and the so-called Polynomial Two Surface 
Fitting filters give the best results in terms of RMSE. Nonetheless, the results also show that all the tested filters 
are suitable for the filtering of full-waveform LiDAR data used in forestry related work, and collected over areas 
with great amount and high brushwood, chaotic eucalypt tree distribution and high tree density. The results 
obtained for a forest area with such characteristics – among which it should be mentioned a RMSE of 15 cm - 
are quite surprising. 

 

1. Introduction 
The characteristics of data collected by small footprint LiDAR systems are adequate to derive estimates of 
several 3D vegetation structure metrics (such as canopy height and crown diameter). The estimation of these 
metrics requires the separation of the ground surface from the vegetation on it. The ground surface, represented 
by a Digital Terrain Model (DTM), is obtained by the filtering of the laser-point cloud. This filtering process is a 
key issue for the computation of vegetation heights. Errors in DTM may result in erroneous vegetation structure 
metrics, which may have unforeseen repercussions. 

 

During the last decade several filtering algorithms have been proposed to cope with different types of 
landscapes (urban and forest), and terrain morphologies. While a general understanding of the accuracy of the 
LiDAR systems has been achieved, the accuracy of the derived DTM from LIDAR data in forest environments 
has not been thoroughly evaluated (Hodgson and Bresnahan, 2004; Reutebuch et al., 2003), mainly in 
unmanaged eucalypt forests. Indeed, while in the recommendations of the work of (Hyyppä et al., 2008) it is said 
that the extraction of DTM for forest areas is well established, this conclusion is based on a list of works using 
other forests than eucalypt. Moreover, the full-waveform data have, in comparison to conventional pulsed LiDAR 
data, the advantage of echo detection being done in post processing making the ranging process more robust. 
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While this is expected to lead to higher accuracy of the derived distances and thus to a more accurate DTM 
(Ullrich et al., 2008), it remains to be proved in areas with the characteristics of the one here studied. 

The few published works on the assessment of the performance of LiDAR filtering algorithms mainly address the 
statistics of omission and commission errors of the filtered data and not the geometric quality of the derived DTM 
with respect to an external reference. Huising and Gomes Pereira (1998) mentioned an error of 15 cm for the 
standard deviation of height differences on flat, bare terrain and identified some problems that may exist in the 
filtering process. Sithole and Vosselman (2004) conducted an experimental comparison of eight filters to 
evaluate their performance. The performance was assessed mainly by generating error matrices and by spatial 
representation of these error matrices in 15 subsets of the dataset. Zhang and Whitman (2005) compared three 
filters by using three LiDAR datasets collected on urban flat areas, coastal areas on smooth terrain and on 
mountainous areas and by testing their sensitivity to the filters parameters. Seo and O’Hara (2008) compared 
three filter algorithms that exploit morphological operations, progressive TIN densification and kriging, and by 
computing the omission and commission errors and RMSE for three LiDAR datasets (collected on residential 
areas on smooth terrain, residential areas on hilly terrain and commercial areas on moderate terrain relief). In 
order to compute the RMSE values they used reference surfaces interpolated from the manually filtered ground 
points. This so-called reference surface is bias since it is derived from the filtered LiDAR data. 

 

Although the comparison of the performance of several filter algorithms has been assessed quantitatively by 
using the omission and commission errors, this procedure becomes impractical when the data are collected in 
unmanaged forested areas with high point densities (>1 pts/m2). This is because the manually classification of 
the millions of points involved in a single survey is an unfeasible task. 

 

In this paper it is assessed the performance of eight filtering algorithms by using full-waveform high density 
LiDAR data (> 10pts/m2) of an unmanaged eucalypt forest. Seven of these algorithms are implemented in the 
freeware software ALDPAT (Airborne LIDAR Data Processing and Analysis Tools) and the eighth, the Axelsson 
filter, in the commercial software Terrascan. Their strengths and weaknesses are investigated by using DTM 
produced for topographic surfaces with quite different morphologies and vegetation covers. Forty-three of these 
surfaces, on circular plots of 400 m2 each, are covered by brushwood and unmanaged eucalypt forest with 
different stand characteristics. The mean tree density is around 1600 trees per hectare. The DTM used to 
assess the DTM obtained with the eight filtering algorithms are produced with the help of a total station and 
geodetic GNSS receivers. The results show that the Axelsson and the so-called Polynomial Two Surface Fitting 
filters give the best results in terms of RMSE. Nonetheless, the results also show that all the tested filters are 
suitable for filtering of full-waveform LiDAR data used in forestry related work, and collected over areas with 
great amount and high brushwood, chaotic eucalypt tree distribution and high tree density. The results obtained 
for a forest area with such characteristics – among which it should be mentioned a RMSE of 15 cm - are quite 
surprising. 

Study area and data 

The study area, with 900 ha, was selected nearby the city of Águeda, in the district of Aveiro, situated in the 
Northern part of Portugal (Figure 1-a). Its topography varies from gentle to steep slopes, with altitudes varying 
from 27 to 162 m (Figure 1-b). Being the area dominated by eucalypt plantations, it also includes some pine 
stands and few built-up areas. The mean tree density is around 1600 trees per hectare. The forest stands in the 
area comprise regular and irregular spacing plantations, both even and uneven-aged stands, and stands with 
various undergrowth characteristics (Figure 1-c). 

 

The LiDAR data were acquired on the 14th of July of 2008. The laser system utilized was the Litmapper 5600, 
operating with a pulse repetition frequency of 150 KHz, an effective measurement rate of 75 KHz and using a 
half-angle of 22.5º. Thirty overlapping strips (70% of sidelap) were flown from an average flying height above the 
ground of 640 m with an average single run density of 3.3 pt/m2. The full-waveform laser data were processed 
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with the RiAnalyze software from Riegl. A maximum of 5 returns were obtained with a minimum vertical 
separation of 50 cm and the average values of laser footprint and point density were 30 cm and 10 pts/m2 
respectively. 

 

Reference data are needed to verify, in terms of precision and reliability, the DTM produced by means of the 
laser data and a filtering algorithm. The strategy for the reference data collection was not straightforward. In 
forest areas, the collection of these data is time consuming, mainly in plots with a high density of shrubs and 
trees. Furthermore, because the data were georeferenced, geodetic GNSS receivers had to be used. The 
reference DTM is represented by the coordinates of terrain points located aside trees, which give also the 
locations of the trees, and by the 
coordinates of prominent terrain 
points, like those on breaklines. 
This information was collected 
by means of a topographic 
survey. The coordinate system 
in which the LiDAR data were 
collected is the WGS84 UTM 
zone 29, for X and Y 
coordinates, and the WGS84 
ellipsoidal height for the Z 
coordinate. Because this is not a 
local system, the geographic 
information collected in the field 
had to be converted to that 
system by using the Global 
Positioning System (GPS). To 
this end, it was decided to attach 
to each plot two points, named 
GPS base, whose coordinates 
were measured with two GNSS 
receivers. These two points were 
placed as close as possible to 
the plot and as much as possible 
in an opened space. This 
criterion turned out to be difficult 
to fulfil in the study area. Finally, 
3 174 points were measure on 
43 circular plots, of radius 11.28 
m, using this methodology. 

Figure 1: (a) Localization of study area within Portugal and its delimitation; (b) 
DTM of the study area; (c) Examples of vegetation covers inside plots. 

 

2. Filtering methods 
As stated above, seven of the eight filters tested are implemented in the free software ALDPAT®. The eighth 
filter is the well-known Axelsson filter (ATINT) implemented in the TerraScan® software. A short description of 
each filter and of its basic parameters is presented underneath. 
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1. Elevation threshold with expand window (ETEW) – To label the points as ground, this filter uses the 
concept of minimum height value inside square windows with growing size. Its main parameters are: 

Initial cell size (c) for gridding the point cloud. 

Slope factor (s) used for calculating the threshold value (thi) of the elevation differences between the point with 
minimum elevation value (Zmin) and any other Zj point located inside the window. The threshold is computed from 

i ith s c= × , where ci is the cell size at iteration i (which is twice that of the previous iteration). For the ith iteration 
the point j is labelled as ground point if: 

minj ii
Z Z th⎡ ⎤− ≤⎣ ⎦   (1) 

Number of iterations (i). 

 

2. Iterative polynomial fitting (IPF) - This filter classifies the LiDAR points into ground points by selecting 
iteratively the ground measurements from the original point cloud inside a size decreasing moving window. A 
candidate point (lowest point inside the moving window) is added to the set of ground points if the elevation 
difference between the elevation of this point and that at the same planimetric location given by the polynomial 
fitted ground surface is less than a threshold (th). In each iteration, the ground points used for the surface fitting 
with piecewise polynomials are selected as the lowest points within the moving window. For the sake of 
simplicity, the cloud point is converted to a grid format and all the filtering process is done over this minimum 
elevation grid. The main parameters of this filter are: 

Cell size (c) used in each iteration for the fitting of the piecewise polynomial surface to the ground points. 

Maximum vertical difference (th) between the elevation of a point and that at the same planimetric location given 
by the fitted ground surface. 

Maximum vertical difference (to) between the elevation of a point and that computed at the same planimetric 
location by using the final interpolated ground surface. 

Initial size of the moving window (wi) for selection of the ground points. In the first iteration the points with 
minimum elevation falling within the window are selected as ground points. For the remaining iterations, the 
moving window is centred over each grid node and the minimum elevation point within the window is selected as 
a ground candidate. 

Number of windows (or iterations) (wn). 

Window sizes (ws) used in iteration i. Although ws at iteration i can be set automatically as half of its size at 
iteration i-1, ws may be chosen. 

 

3. Polynomial two surface fitting (P2Surf) - This filter is an extension of the IPF filter and uses two polynomial 
fitting surfaces. In order to remove the omission errors (ground points classified as non-ground) the difference in 
elevation between that of a candidate point (or cell) and that of the current surface is calculated and compared 
with a threshold. To remove the commission errors (non-ground points classified as ground) the fitness of the 
current and of the previous surface to the ground points are compared to a threshold. A candidate point that falls 
within a given interpolation window (iw) is added to the set of ground points if the fitness of the current surface is 
better than that of the previous fitting surface within this fitting window. The filter parameters are similar to those 
of IPF filter adding the following: 

Maximum value for the fitness (sig) of the current and previous polynomial surfaces to the ground points.  

Radius of the neighbour search window (nr). 

Size of the window (iw) used in the fitting operation. 
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Degree of the polynomial function (p) used for fitting the ground surfaces (current and previous). 

4. Maximum local slope (MLS) - This filter uses the assumption that the terrain slope is different from the slope 
between the ground and the tree or building tops. It is similar to the filter described by Vosselman in [6]. A point 
pi of a given point cloud V is classified as ground if the maximum value of slopes between this point and any 
other point pj located in the circular neighbourhood of pi with radius r ( ( )

ipv r ) is less than the predefined slope 
threshold (s). That is, denoting by dij the Euclidian distance between the two points pi and pj: 

 

( ),
i

i j
i j p ij

Z Z
Ground p V p v r s d d

d
⎧ − ⎫⎪ ⎪= ∈ ∀ ∈ < ∧ >⎨ ⎬
⎪ ⎪⎩ ⎭

 (2) 

The main parameters of this filter are: 

Cell size (c) for creating the minimum elevation grid. 

Minimum separation (d) between points allowed in slope computation. 

Slope threshold (s). 

Size of the search window (r). 

 

5. Progressive morphology 1D (PM1D) - This filter is the progressive morphological (PM) filter presented in [7], 
and uses successive morphological openings for removing, from the ground non-ground objects of varying sizes. 
At each iteration (i) an opening (erosion + dilation) is performed on the previous opened surface. A cell j is 
classified as ground if the elevation difference between the previous (i-1) and current surface (i) is smaller than 
the height threshold: 

1 0( )i i ith s ws ws c th−= × − × +       (3) 

 

where 0th  is an initial elevation threshold to allow for small ground variations, s is the predefined maximum 

terrain slope, c is the cell size and iws  is the size of the structuring element (window size) at ith iteration. This 
structural element used by the PM filter can be either 1D (line segments) or 2D (squares or circles). The main 
parameters of the PM1D filter are: 

Size of the cells (c) into which the point cloud is subdivided. All points, except those with minimum elevation are 
discarded. 

Maximum terrain slope (equation (3)). 

Maximum elevation difference (th) between terrain and ground objects. 

Number of iterations (wn). 

Sizes of windows (ws) used in the successive openings. For iteration i this size is calculated as 
2 1, 0,1, ,i

iws b i N= + = K , where b is the base of an exponential function. 

Search radius (r) used in the initial nearest neighbour interpolation for filling the empty cells. 
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6. Progressive morphology 2D (PM2D) - In this case, the structural element used to perform the morphological 
erosion and dilatation operations is a square window of size (ws). The main parameters of this filter are similar to 
those of the PM1D filter. 

7. Adaptive TIN (ATIN) - The main concept used in this filter was originally developed by Axelsson (see the 
ATINT filter) and slightly modified as follows: i) the point cloud is first reduced by projecting it onto a grid of cell 
size (c) and keeping for each cell the point with minimum z value; ii) in this new point cloud a coarse TIN is 
obtained from this points using the Delaunay triangulation algorithm. The TIN is progressively densified (see 
below). 

 

8. Adaptive TIN in TerraScan® (ATINT) – The basic assumption of this method is that the terrain relief can be 
locally and globally approximated by triangular facets. As mentioned above, this algorithm starts by creating a 
coarse TIN based on seed points (those with minimum elevation within a given square neighbourhood (wi)). 
Adding one ground point to each Delaunay triangle successively densifies this TIN. A point is added to the 
triangle if its distance to the triangle surface is less than a predefined threshold (th). An angle threshold (ta) may 
be also used to control the inclusion of a point close to a ground point with a steep slope. In this case it is 
necessary to calculate for each point the maximum of three angles between the triangular surface and the lines 
connecting the point and the vertices of the triangle. The main differences between this filter and the ATIN are: i) 
it works with the original point cloud; ii) in each iteration statistics from the points classified as ground are 
collected in the form of histograms of surface normal angles and elevation differences. These histograms are 
used to update the values of the thresholds used in the iterative process. The main parameters of this filter are: 

 

Window size (wi) (size of the largest structure). 

Steepest allowed slope (s). 

Maximum distance (th) between the candidate point and the triangle plane. 

Maximum angle (ta) between the candidate point, its projection on a triangle plane and the closest triangle 
vertex. 

Procedure to assess the performance of the filters 

The filters performances are assessed by estimating the accuracy of the DTM produced by filtering the LiDAR 
data. This accuracy assessment relates to the estimation of the mean, standard deviation and RMSE of the 
residuals or differences (dz;) between the Z values of the reference points ( RefZ ) and those at the same 

locations ( , )x y  of the LiDAR terrain points ( LiDARZ ). 

 

 LiDAR Ref( , ) ( , ) ( , )dz x y Z x y Z x y= −  (4) 

These LiDAR terrain points are interpolated from a TIN computed with the filtered LiDAR terrain points. It was 
decided to create a TIN from the filtered LiDAR data instead of from the reference data because the density of 
LiDAR terrain points is higher than that of reference points (3.8 versus 0.2 points/m2). The higher density of 
LiDAR terrain points per m2 implies that points on the terrain are represented in the LiDAR filtered data but not in 
the reference data. Therefore, it is more adequate to interpolate the laser data to the planimetric positions of the 
reference data. The TIN format is also more appropriate than the grid format once the interpolated height is 
influenced only by the unaltered height values of its neighbours (3 neighbours when linear interpolation is used). 
The accuracy of the DTM obtained with the LiDAR data was computed for each plot individually and collectively. 
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Table 1 shows the values of the main parameters used in the filtering process for each of the filters above listed. 
These values were tuned experimentally by trial-and-error and by evaluating the quality of the resulting surface 
visually using shaded relief techniques. 

 

Table 1: Parameters for each of the eight filters. 

 c s th ta to sig wi wn ws r iw 

ETEW 0.2 0.25 0.2     5 [0.2 0.4 0.8 1.6 3.2]   

IPF 0.2  0.1  0.05  10 4 [10 5 2 1]   

P2Surf 0.4  0.1  0.05 0.01 10 4 [10 5 2 1] 10 5 

MLS 0.2 0.25 0.2     5    

PM1D 0.2 0.01 0.1    1 5 [0.2 0.4 0.8 1.6 3.2]   

PM2D 0.2 0.2 0.2    1 5 [0.2 0.4 0.8 1.6 3.2]   

ATIN 0.4  0.1 10   10     

ATINT   1.4 6   10     

3. Results and final considerations 
Figures 2, 3 and 4 illustrate, respectively, the estimated values for the mean, standard deviation and RMSE, of 
the residuals obtained in the 43 circular plots and by using the eight LiDAR filters. 

 

 
Figure 2: Values of the Mean of residuals per plot for the eight filters. 
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Figure 3: Values of the Standard deviation (STD) of residuals per plot for the eight filters. 

 

 
Figure 4: Values of the RMSE of residuals per plot for the eight filters. 

Table 2 shows the same results for the eight filters when considering all the plots together, i.e., the 3 174 control 
points located within the 43 circular plots. 
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Statistical parametric tests of hypotheses were carried out to compare the mean and standard deviations of the 
residuals. By using a 5% level of significance the null hypothesis, i.e., the assumption that the mean values are 
equal was rejected (except for the mean of residuals obtained by using the P2Surf and ATINT filters). For the 
same level of significance, the tests indicate that the standard deviation values obtained with the filters P2Surf 
and ATINT are statistically equal and smaller than those obtained by using the other filters. These results show 
that both filters P2Surf and ATINT have similar performances, which are superior to those of the other filters. The 
ATIN filter, which is a different implementation of the Axelsson algorithm, has surprisingly the worst performance. 
In spite of these conclusions, the differences in the accuracy of the various DTM (maximum 6 cm) are not 
significant for work carried out in a forest environment.  

Therefore, all the eight tested filters are suitable for the filtering of full-waveform LiDAR data collected in areas 
with great amount and high brushwood, chaotic eucalypt tree distribution and high tree density. 

 

Table 2: Mean, standard deviation and RMSE values of residuals obtained by using the eight filters on LiDAR 
data within the 43 plots together. 

  ETEW IPF P2Surf MLS PM1D PM2D ATIN ATINT 

Mean 0.10 0.09 0.08 0.12 0.12 0.11 0.14 0.08 

STD 0.15 0.14 0.13 0.14 0.14 0.14 0.15 0.13 

RMSE 0.18 0.16 0.16 0.18 0.18 0.18 0.21 0.15 
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Abstract 

Tree volume, a key parameter in all forest inventory systems, is typically calculated by using species-specific 
polynomial equations which are constructed by using measurements obtained from destructive tree sampling. 
Owing to cost, logistic, and sometimes policy constraints, typically only a small number of trees within the often 
large, multiregional distribution range of a species is destructively sampled. In areas characterized by diverse 
ecological, climatic, and forest structure conditions, such as the US Pacific Northwest region, this practice has 
lead to the development and use of volume equations whose prediction accuracy and precision at the local level 
is often unknown, even for common tree species. The detailed representations of tree stems offered by modern 
terrestrial LiDAR technologies are sometimes assumed to be an alternative, economical, non-destructive source 
of stem dimensionality information capable of supporting the development of local tree volume equations. We 
evaluate this assumption by comparing the merchantable volume of trees calculated from multiple diameter 
measurements obtained by experienced tree climbers at short intervals along the stem of standing trees in 
eastern Oregon to the volume estimated by processing corresponding terrestrial LiDAR data. Our methodology 
attempts to reconstruct the tree stem by exploring the mathematical morphology of terrestrial laser point clouds 
in voxel space and by utilizing elements of the graph theory. We found that if at least one stem segment near the 
upper end of the tree and a few other segments below are not obstructed when viewed from the laser scanning 
station, volume estimation errors no larger than 2% can be expected. For most trees, however, poor 
representation in the point cloud of the upper parts of the stem leads to an often substantial underestimation of 
volume. As expected, the accuracy of volume estimates improves with higher point densities. 

Keywords: Terrestrial LiDAR, tree volume, voxel morphology 

 

1. Introduction 
Estimation of individual tree volume is a key component of forest inventory systems. Volume estimates are 
obtained via species- or species-group-specific equations that usually comprise two independent variables, tree 
diameter at breast height (DBH) and height, both characteristic, easy-to-measure descriptors of tree size. 
Volume equations come in a variety of forms including polynomial curves that approximate the tree diameter at 
regular intervals along the tree stem, or represent integrations of taper functions (Max & Burkhart, 1976). 
Pending on the specific portion of the woody tissue of a tree targeted, these equations can be used to predict the 
merchantable volume to a minimum stem diameter, the total volume of the main stem (rarely), or the volume with 
or without bark. Volume equations often form the basis for predicting tree biomass by using known specific 
gravity values for individual tree species. 

The traditional approach used for developing volume equations involves destructive sampling. A set of trees 
believed to represent the targeted tree-species population is identified and the trees are subsequently felled. 
Diameter measurements made at regular, short intervals along the felled stems provide the data for developing 
taper functions and ultimately volume equations. The logistical complexity and cost associated with the 
traditional approach often hinders efforts aiming at the development of new or the refinement of existing volume 
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equations fit to local conditions. The next biggest impediment in the development of locally-unbiased tree volume 
equations in many regions is regulations that prohibit the harvesting of trees, or at least of trees over a certain 
size, and, hence, of obtaining a representative sample of the local tree population for a given species. In such 
circumstances, non-destructive-tree-sampling approaches could a useful, and likely the only viable, alternative 
for forest mensuration purposes, assuming of course that they meet accuracy and precision standards. 

 

One such alternative comes in the form of terrestrial light detection and ranging (TLiDAR), a technology capable 
of generating abstract representations of objects illuminated with laser pulses from one or more near-ground 
locations. It has been increasingly used lately for forest applications including estimation of dendrometric 
parameters (Hopkinson et al., 2004) and the assessment of tree-stem dimensionality (Thies et al., 2004). 
TLiDAR data comprise a usually dense cloud of pulse returns or points from object surfaces precisely 
georeferenced in three dimensions. Processing of the point cloud could yield detailed representations of tree 
elements that range in size from the main stem to small twigs or leaves. 

 

Pfeifer et al. (2004) managed to derive the structural architecture of trees scanned from multiple stations in the 
form of skeletons constructed by exploring the three-dimensional mathematical morphology in voxel space and 
they estimated stem thickness by fitting cylinders to skeleton sections. Many tree branches, especially those in 
the upper parts of the crowns were not reconstructed. Tree skeletons can also be derived by first organizing the 
point cloud into a geodesic graph (Verroust and Lazarus, 2000) which constitutes a three-dimensional network of 
points, each connected to a pre-selected number of closest neighbors. Given a reference point within the cloud, 
the minimum-distance path that connects each point to the reference can be computed. Connecting the 
centroids of points that belong to the same minimum-distance class produces the skeleton (Xu et al., 2007). A 
variant of this approach designed to support automation was implemented by Cheng et al. (2007) who applied it 
to laser points pertaining to two small deciduous trees at leaf-off conditions collected from a single scanning 
station. For one of the two trees manual editing was necessary to obtain an accurate reconstruction of branch 
structure. 

Bienert et al. (2007) used diameter profile fitting on tree stems the locus of which had been previously identified 
via segmentation of point density rasters and then applied a set of heuristics labeled ‘reliability factors’ to detect 
and correct diameter over- or underestimation. 

More recently Lefsky and McHale (2008) estimated the stem, branch volume and canopy volume of 179 
deciduous trees with complex structure scanned at leaf-off conditions in an urban setting. By examining the 
connectivity of voxels that contained at least one point, they first identified clusters of connected voxels. 
Processing of the clusters, application of heuristic rules, and manual editing yielded representations of the main 
stem and for the majority of larger branches, and volume was computed by cylinder fitting. The authors noted 
that computer memory limitations often enforced voxel resolution coarser than what it was considered optimal 
and that processing time requirements constrained recursive application of heuristic rules. As a surrogate of tree 
volume, they compared stem diameter measurements obtained with an optical dendrometer to corresponding 
diameters of fitted cylinders and reported high correlation between the two (R2 between 96 and 98 percent). 

The objective of this study was to evaluate the utility of TLiDAR data for assessing stem diameter and volume of 
trees represented by a range of sizes and belonging to two coniferous species. The evaluation process 
combined elements of the approaches mentioned above and it was based on in-situ measurements of stem 
diameter at regular intervals recorded by experienced tree climbers. 

2. Methods 

2.1. Field data 

Nine fixed-radius (7.32 m) subplots in 4 Forest Inventory and Analysis (FIA) plots located in the Malheur National 
Forest of eastern Oregon, USA, dominated by coniferous tree species (Ponderosa pine and Abies grandis) were 
visited in August of 2009. Omnidirectional laser scanning was performed by using a Leica ScanStation II 
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instrument positioned on each subplot center. The specifications of the instrument are reported in Table 1. 
Nominal angular resolution of 0.1146o, or 2 cm at 10 m range, was used during the scanning. A selected subset 
of subplot trees, and five other trees outside the subplot limits but within the FIA hectare plot footprint (56.4 m 
radius) were scanned from additional stations with field of view just wide enough to include the entire tree and 
with finer angular pulse resolution. A total of 10 trees received high-density scans, and 6 of them were scanned 
from two different stations. Point data from independent scans targeting the same tree were co-registered 
automatically using proprietary software and reference targets placed appropriately within the scanning scenes. 
In a subsequent visit in early October 2009, the FIA database records from the latest regular inventory plot visit 
pertaining to each of the 9 subplots were updated using high precision field measurements that included DBH, 
height, and the location relative to the subplot center of all subplot trees. Ten of the 78 trees with DBH greater 
than 12.6 cm in the 9 subplots, and all other 10 trees scanned with high pulse densities were climbed by 
experience personnel who measured the over-bark diameter of the main tree stem at short, 1 to 1.5 m intervals. 
The measurements continued upwards the stem until the merchantable diameter threshold (10.2 cm) was 
reached. A distance tape was used to record the distance along the main stem at which each diameter 
measurement was obtained. Bark thickness was measured at every fifth diameter measurement. For trees 
growing on a slope, ground elevation differences between the base of the stem facing the scanning station and 
the uphill side were recorded, because the latter serves as reference for determining the elevation of the DBH 
measurements. All 20 climbed trees, a representative sample of the local distribution of tree sizes assessed by 
using data from the FIA databases, were free of structural deformities and in plain view from the scanning 
stations. 

 

Table 6. Specifications of Leica ScanStation II instrument 

Type Dual axis compensated pulse laser 
Pulse wavelength 532 nm (green) 
 frequency < 50 kHz 
 footprint 6 mm at 50 m 
 range 300 m at 90% target albedo 
Range precision 4 mm 
Field of view 360o horizontal, 270o vertical 
Scanning pattern Top-down, bottom-up sequential 
Intensity quantization 12-bit 

 

2.2. Assessment of stem diameter and volume 

The processes used to assess stem diameter and volume entailed determining the locus of individual tree stems 
in the point cloud, identifying the laser points belonging to each targeted tree, generating a tree representation in 
voxel space, processing the voxels to determine connectivity and extract the stem and branch architecture, and 
finally computing the dimensionality of the stems. All computations were performed using libraries ‘graph’ 
(Gentleman et al., 2010) and ‘RBGL’ (Carey et al., 2010) available in the R software (R Development Core 
Team, 2010) with external calls to custom scripts written in the C programming language. 

 

For all omnidirectional scans a raster (25 cm cell resolution) ground surface was computed using the TiFFs 
software (Chen, 2007) and then used to convert point elevation to height values. Point subsets that included only 
returns no higher than 3 m from the ground were processed to compute point frequency (count) rasters of same 
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resolution and co-registered to the ground surface rasters. The approximate, near-ground, two-dimensional 
location of tree stems was then retrieved as the center of cell clusters in the count rasters with values much 
higher than those of surrounding raster cells. All laser points located horizontally within 1 m from the center of 
each cell cluster and with height value up to 3 m were subsequently identified. These groups of points 
represented the portion of each tree stem just above ground. For each point group, a single reference point in 
the scanner-facing direction of the stem and at DBH reference height was manually identified in point 
visualizations. In directional scans the reference point was selected directly from the point cloud. For each 
reference laser point, all other laser points horizontally within an arbitrary radius were selected, thereby forming 
point sets equal to the number of identified trees. The length of the radius was determined by inspecting 
visualizations of the corresponding point cloud, and was always large enough to include the tree stem in its 
entirety along with most of the branches, or all of them for free-standing trees (Figure 1a). A voxel representation 
of the point set was then generated for each tree, with each individual voxel labeled ‘1’ if it contained one or 
more points, and ‘0’ if empty. The resolution of the representation or, equivalently, the size of each voxel side, 
was determined by considering the angular resolution of the pulses and the distance between the scanner and 
the furthest voxel; it ranged between 8 and 15 cm. Note that excessively fine resolutions would produce a large 
number of filled voxels without any non-empty voxels as immediate neighbors, while with too coarse a resolution 
there would be too few empty voxels. Controlling the voxel size to ensure an adequate balance between filled 
and empty voxels was a critical prerequisite for retrieving the stem and branch architecture of the tree. 

 

Each tree’s voxel representation was processed with a variant of the connected components algorithm (Lumia et 
al., 1983). By examining the 26 immediate neighbors of each voxel, the algorithm identified clusters of filled 
voxels where each member voxel of a cluster had at least one filled voxel as neighbor. Once all clusters had 
been identified, a unique identifier for each voxel, the coordinates of its center, and the identifiers of and 
Euclidean distance in three dimensions to all neighboring voxels were organized in files, one for each cluster. In 
the standard implementation of the algorithm, computer memory availability often constraints the size of the 
voxel representation that can be processed. In our variant, the algorithm operates in partitions of the 
representation and thus it can process very large number of voxels, such as those constructed from dense scans 
of large trees. Owing to the explicit topology present in each voxel representation, neighbor identification and 
distance computations are far simpler and less demanding on computing resources compared to working directly 
with the laser cloud points. 

 

The information embedded in each of the cluster files mentioned above is in essence a graph G which can be 
expressed as G = (V, L), where V is a vector of voxel labels or nodes, and L is a list of minimum one to a 
maximum of 26 links or edges to the neighbors of each element in V. The distance between two neighboring 
nodes Vi and Vj can be retrieved from the cluster files and attached to the corresponding link Lij. Since each 
cluster represented by G was identified by using the connected components algorithm, any Vj can be reached by 
any Vi by querying G to determined the sequence of links, or path, that has to be followed. Of the usually large 
number of paths that link two non-neighboring elements of G, of practical interest is the one that minimizes the 
distance or sum of weights of the visited links. In our application we computed the minimum distance path 
between the reference node Vr and all other nodes (Figure 1b) using Dijkstra’s (1959) algorithm, calculated the 
number of shortest paths that pass through each node, and then we extracted the paths from Vr to the nodes 
that define the convex hull of G (Figure 1c). The collection of extracted paths resembles the stem and branch 
architecture of the tree. Tracking the nodes where two or rarely more paths merge starting from the reference 
node and progressing upwards the tree while considering the number of minimum paths crossing the nodes 
adjacent to those examined, leads to the identification and subsequent ‘pruning’ of the branches and to the 
subset Gs = (Vs, Ls) of G that contains the nodes and links that represent the main stem of the tree. 
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Figure 1. a. Subset of laser point cloud from dense directional scanning, b. Voxel representation colored by 

Dijkstra’s distance from reference voxel at the base of the tree. Cooler colors indicate larger distances. c. Voxels 
defining the tree’s convex hull denoted by dots and corresponding shortest paths to the reference voxel, and d. 

retrieved stem of the tree. 
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The sequence of nodes Vs and links Ls in Gs often exhibits localized meandering, especially in segments along 
the tree stem partially obstructed by branches and foliage situated between the stem and the scanning. Most of 
this meandering can be removed by fitting a spline through Gs (Figure 1d). In the last step of the process, all 
points in the immediate vicinity of any Gs element are identified and a sequence of short, often overlapping 
cylinders is fit to them so that the axis of each cylinder is in parallel to the corresponding spline section. The 
length and width of each cylinder is evaluated repetitively to minimize the chance that its dimensionality is 
influenced by points that actually belong to branches or foliage. For cylinders that pass the consistency test, the 
diameter and the location of the middle of the axis is recorded. Finally the volume of the stem is calculated as 
the sum of frustum of cones formed by the diameters calculated along the stem’s length. 

3. Results and discussion 
For 28 of 78 subplot and 5 hectare plot trees, approximately one in three, occlusion by other trees or insufficient 
laser point density precluded assessment of DBH. All 28 trees were scanned with standard density from the 
subplot center. The relationship between measured and laser-estimated DBH is shown in Figure 2. As expected, 
the precision of estimates obtained by using high-density scans is higher compared to those obtained by using 
standard density. For trees scanned with standard density, precision appears to 

 
Figure 2. Relationship between measured and LiDAR estimated DBH. 

decrease with diameter size. With the standard scan density used in this study, a stem at 10 m from the 
scanning station and with a diameter of 15 cm would be represented with a mere 7.43 points at a scan line 
across its axis. A planimetric assessment of diameter for this tree, similar to the one traditionally obtained by 
using dendrometers, would lead to a 7% underestimation of DBH. In theory, this negative bias is avoided by the 
cylinder fitting process, which capitalizes on the variability in the distance from the scanner to the cylinder 
surface to compute the radius of the cylinder and, hence, the diameter of the tree. For the tree in question, 
however, the expected standard deviation of distance to a horizontal cross section of its main stem at DBH 
elevation is only 1.65 cm which makes the computed cylinder radius particularly susceptible to noise in the 
measurement of range by the laser instrument or due to small objects near the surface of the stem. The effect of 
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these error sources is less pronounced for biggest trees; the expected standard deviation of distance to the stem 
for a 40 cm DBH tree is 4.39 cm and for an 80 cm tree is 5.59 cm, well above the noise level one would 
anticipate under normal conditions. On the other hand, departure from stem roundness may introduce error in 
the assessment of diameter for larger trees (Figure 2). 

Stem reconstruction succeeded for all 20 climbed trees, but the accuracy of the reconstruction varied. With one 
exception, the volume of all trees scanned with standard density was underestimated substantially (mean -
21.29%, std 10.25%) (Figure 4a-c). The volume of those scanned with high density 

 
Figure 3. a. and b. Relationship between field measured and laser-estimated volume, c. magnitude of error in 
laser-derived estimates of merchantable stem volume of tree stem, and d. magnitude of error in estimates of 

merchantable stem length derived from laser-based reconstruction of individual tree stems. Trees scanned with 
standard pulse density are represented in red and those with high density in blue. 
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was also underestimated but the bias was smaller (mean -3.49%, std 6.37), and for 4 trees the bias was actually 
positive. For four trees the absolute volume error was below 2%. For all 14 trees with underestimation of 
merchantable volume greater than 4.5%, the stem reconstruction missed a portion of the upper part of the stem, 
and for 6 of those trees the missed portion was greater than 40% of the total merchantable stem length (Figure 
3d). For several trees occluded portions of the stem were followed upwards the tree by portions that were 
successfully reconstructed (Figure 4). In those cases the volume of the missing part(s) could be retrieved by 
assuming a linear reduction in stem diameter between the upper diameter of the lower recovered stem section 
and the lower diameter of the upper section. Although this diameter interpolation improves the accuracy of the 
overall volume estimate it cannot be used to obtain reliable estimate of diameter that are needed for the 
development of volume equations. 

 

 
Figure 4. Laser-estimated and in-situ measured stem diameters at locations along the main stem of a ponderosa 
pine tree. Dash lines represent portions of the stem where reconstruction based on the laser point cloud failed. 

The continuous line linking measured diameters is for visualization purposes only. 

These findings corroborate previous studies in which the upper parts of tree stems could not be reconstructed 
from terrestrial LiDAR data. When omnidirectional terrestrial LiDAR scanning is used to obtain a record of the 
plot or subplot vegetation structure, it is unlikely to expect that all trees in the scene will be reconstructed, except 
perhaps at leaf-off conditions. Where, however, only one tree is targeted for special purposes, including the 
development of localized volume equations, the operator of the laser instrument has a lot of flexibility in 
determining the location of the scanning stations, so as to maximize the chances for a successful, accurate, and 
precise reconstruction of the targeted stem. Experience from this study suggests that for a given pulse density at 
the tree level and tree species with predominantly horizontal branch structure, it is preferable to operate the 
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scanner from a longer distance and higher density setting than from closely underneath with lower density. This 
is because in the former setup the pulse has to travel shorter distance through foliage and branches. 

4. Conclusion 
We evaluated the potential of terrestrial LiDAR as an alternative approach to destructive tree sampling for 
assessing the dimensionality of tree stems and for the development of volume equations. We managed to 
estimate the merchantable volume with acceptable amount of error (< 2%) and retrieve the entire length of the 
merchantable stem only for 2 of the 20 trees we considered, although even for those two trees, a few stems 
diameters had to be interpolated. At the present state of algorithmic development, an unobstructed section at or 
near the top of the merchantable tree stem is a prerequisite for obtaining an accurate estimate of stem volume 
using terrestrial LiDAR data.  
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Abstract 

The assessment of the spatial distribution of the tree biomass by means of terrestrial LiDAR scanning in forest 
environment still remains a challenge. This paper aims at presenting a method coupling terrestrial LiDAR 
measurements (FARO LS 880 HE) to a point cloud processing software (InnovMetric Software Inc., PolyWorks) 
allowing for tree architecture and wood volume distribution modeling, at the tree scale, for two Beech trees 
(Fagus sylvatica). This method is compared to a detailed and labour-intensive way of tree biomass distribution 
assessment (tacheometer and manual measurements), considered here as the reference. Our results quantify 
the appropriateness of the T-LiDAR method to estimate wood volumes and to correctly represent the three-
dimensional architecture of a tree and the spatial distribution of its woody biomass. However, some 
measurement parameters must be carefully considered and further refinements are still needed to automate the 
extraction of information from point clouds. 

 

1. Introduction 
The architecture acquired by a tree during growth is the result of its adaptation to environment, particularly in 
terms of competition for space, accession to light resources and posture control against gravity. Understanding 
the spatial distribution of the tree biomass is a key factor in assessing the functioning of forest ecosystems and 
estimating wood resources (timber wood and bioenergy resources). However, obtaining such information 
remains time-consuming and often destructive by traditional ways (field measurements). For a few years, 
airborne LiDAR scanning have been used to obtain non-destructive information about forest structure at the 
stand or the forest scale, but this method provides rather limited information at the tree scale. Nowadays, a 
complementary level can be achieved thanks to terrestrial LiDAR (T-LiDAR) scanning, allowing for the rapid, 
almost complete and accurate digitization of single trees or entire plots. 

 

T-LiDAR scanning in forest environment to obtain the structural parameters of standing trees is a very active 
research area and appears to be useful for various fields of forest science such as forest inventories (Hopkinson 
et al. 2004, Wezyk et al. 2007), management (Murphy 2008) and ecology (Michel et al. 2008). Also, several 
works have been done in the topic of tree topology reconstruction by means of voxel-based processing (Gorte 
and Winterhalder 2004) or cylinder fitting (Thies et al. 2004). However, such works mainly focused on the 
reconstruction of the stem or the main branches of a tree. The assessment of the complete tree architecture and 
the three-dimensional (3D) distribution of the woody volumes for heavy branching trees by means of T-LiDAR 
scanning still remains a challenge. 
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This paper is part of a study on tree biomechanics which aims at assessing the effect of the unbalanced biomass 
of a tree on its internal wood quality, hence the effort devoted to model the tree architecture. In this paper, the 
objective is to present the first step of this study, i.e. to evaluate the capabilities of T-LiDAR scanning for tree 
architecture modeling and wood volume estimation by comparing it to a very detailed, labour-intensive and 
destructive way of tree architecture and biomass assessment. 

2. Methods 

2.1 Selected trees 

Two beech trees (A and B) coming from a mixed stand dominated by sessile oak trees were selected in the state 
forest of Bride in North-East France (Table 1). The tree A was composed of 42 branches with insertion diameters 
ranging from 3 to 62 mm, and the tree B was composed of 19 branches with insertion diameters ranging from 26 
to 78 mm (manual measurements). Both manual and T-LiDAR measurements were performed in leaf-off 
conditions, each method providing a three-dimensional model of the woody structure of the tree. 

 

Table 1. Manual and T-LiDAR estimations of the main characteristics of the two trees. 

  

Tree A Tree B 

DBH (cm) Tree height (m) DBH (cm) Tree height (m) 

Manual 20.37 20.22 31.83 24.27 

T-LiDAR 18.57 19.26 29.73 23.51 

2.2 Manual description of the tree architecture and biomass 

The first step of our study was to establish a reference 3D model for each tree and to manually estimate their 
woody volume, for the stem and for each branch (Figure 1). The method used was derived from the 
methodology already developed for other studies (Constant et al. 2003; Barbacci et al. 2009). This manual 
method allowing for the 3D reconstruction of trees resulted from the coupling of tacheometer (Leica TCR 307) 
measurements, i.e. 3D points, to manual measurements (i.e. diameter and length). 

The tacheometer was used to digitize the 3D geometry of the standing tree, firstly for the trunk and the insertion 
segments of branches. Secondly, each branch was cut and placed in a branch-holder on the ground. The distal 
extremity of the distal quasi-linear segment belonging to a branch axis was digitized with the tacheometer. Then 
the segment was cut and its diameters measured as well as its length, giving access to its geometrical volume. 
Gradually, the whole branch was measured, and the data of its main segments processed to constitute a 3D 
branch mock-up which was virtually inserted on its corresponding starting segment from the trunk by a 
geometrical transformation. The stem was also processed in the same way. The result is a reference 3D tree 
mock-up composed by straight segments and corresponding to the spatial distribution of the main tree axes and 
their woody volumes which will be further mentioned as the geometrical estimation. 
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Furthermore, the weight of each main segment of branches (including the finest branching elements connected) 
was also recorded, allowing the weight of each branch to be determined. Additionally, small samples distributed 
in the whole tree were collected to assess a conversion factor between mass and volume from laboratory 
measurements. Their analysis led us to use the same uniform conversion factor for all the branches belonging to 
the same tree and another one for the stem. The estimation of the woody volume of the tree elements by this 
way is considered as the reference. 

 
Figure 1. Manual assessment of the tree architecture (example of the tree A) 

 

2.3 T-LiDAR scanning for tree architecture and biomass assessment 

Before the previously described measurements, T-LiDAR scanning was performed with a phase-shift-based 
scanner, the FARO LS 880 HE. Several scans were made around each tree to reduce occlusions and ensure 
the digitization of the major part of the tree material. Three scans were made around the tree A (one scan every 
120°) and two opposite scans were made for the tree B. The scans were performed with a distance from the 
trunk of about 6 m, with a scanning resolution of 1/2, i.e. a spatial resolution of about one point every 4 mm at 25 
m. All the scans of the same tree were merged under the IM Align module of the PolyWorks software (point 
cloud processing, InnovMetric Software Inc.) by identifying at least three points common in both scans.  

 

The characterization of the tree axes through geometrical reconstruction of point clouds was made thanks to the 
IM Inspect module of the PolyWorks software, which already proved its potential for forest inventory 
measurements (Hopkinson et al. 2004, Tansey et al. 2009). Several processing steps were defined to obtain the 
woody volume of each tree axis from its curved length and the variation of diameters along it. Firstly, polylines (a 
succession of points characterized by 3D coordinates) were fitted along both the stem and branches to obtain 
their 3D geometry and their curved length. 
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Two options were used for defining polylines depending on the size of the tree axis, (i) an automatic method 
allowing a polyline to be fitted as the neutral line of a tube-shaped axis (typically for the stem and the largest 
branches of the tree), and (ii) a manual method allowing a polyline to be anchored on point clouds (for the thin 
branches). Secondly, cylinder sequences were fitted on point clouds to provide the variation of diameters along 
polylines. If not measurable, a diameter of 3 mm was attributed to the extremity of the axis (approximately the 
size of a bud or a shoot). This geometrical reconstruction allowed to obtain a complex 3D mock-up of the tree 
(Figure 2). Then, polylines and cylinders characteristics were exported in a spreadsheet and diameters were 
attributed to their corresponding point of the polyline. Finally, volumes were estimated by applying a frustum of 
cone formula between two successive diameters, leading to the calculation of several volumes along a polyline 
which can be added to obtain a global volume for each axis, for each branch and for the entire tree. 

 

 
Figure 2. Assessment of the tree architecture using T-LiDAR (example of the tree A) 

 

3. Results and discussion 

3.1 Tree architecture 

The visual comparison between reconstruction from point cloud and manual modeling of the tree architecture is 
very satisfactory, more especially for the tree A for which the complex tree structure appear to be quite complete, 
even for the thin branching elements. The comparison between both methods for the tree B reveals that a lot of 
the tree axes were missing, particularly for the thin branching elements and especially at the top of the tree 
(Figure 3). Keeping in mind that very thin shoots were not geometrically described, it seems that even in good 
scanning conditions like for the tree A the geometry of such woody elements cannot be reached without special 
conditions (higher number of scans leading to limited occlusions, higher resolution, short distance and no wind). 
Some differences between both models are also visible for the insertion angle of branches. 
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These differences are due to inaccuracies in determining the same insertion segment between those measured 
on the standing tree with the tacheometer and its simplified geometrical description made by linear segments on 
the ground. A promising result about branching was that, in both cases, no major difficulty was encountered to 
find the same number of branches of the order two with insertion diameters by both methods and whatever the 
completeness of T-LiDAR data (only some epicormic shoots of the tree A, representing insignificant volumes, 
could not be detected). These characteristics can be used as inputs to complete missing volumes through 
allometric relationships, or as criteria for other purposes linked to crown description or wood quality assessment. 

 
Figure 3. Comparison between the two ways of tree architecture assessment 

3.2 Global volumes of trees 

As presented in Table 2, the estimation of the wood volumes for a deciduous tree by means of T-LiDAR 
scanning gives rather good values and confirms its ability. Whether the stem volumes can be determined with a 
difference of less than 20% for a tree volume ranging from 0.3 to 1 m3, the branch volumes can differ depending 
on (i) the tree architecture itself (occlusions) and (ii) the tree environment and the weather circumstances 
governing the scanning conditions. Nevertheless, these results have to be weighted by the volume proportion of 
the branches which is very close to 20 % for both trees. 

 

 
Geometrical 
volume 

Volume derived 
from mass T-LiDAR volume 

Tree A 

Stem volume (m3) 0.316 (-10.8%) 0.298 (-5.4%) 0.282 

Volume of branches (m3) 0.054 (11.1%) 0.074 (-18.9%) 0.060 

Total tree volume (m3) 0.370 (-7.8%) 0.372 (-8.3%) 0.341 
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Tree B 

Stem volume (m3) 0.949 (-10.8%) 1.034 (-18.1%) 0.847 

Volume of branches (m3) 0.211 (-40.7%) 0.219 (-42.8%) 0.125 

Total tree volume (m3) 1.160 (-16.2%) 1.253 (-22.5%) 0.972 

Table 2. Comparison between the three ways of wood volume estimation. The error percentage for T-LiDAR 
estimation appears into brackets. 

For the tree A, T-LiDAR data processing underestimates the total volume of the tree of 7.8% and 8.3% when 
compared to the geometrical volume and the volume derived from mass, respectively. The same comparison for 
the stem volume shows underestimations of 10.8% and 5.4%. The estimation of the total branch volume thanks 
to T-LiDAR shows an overestimation of 11.1% when compared to geometrical measurements, and an 
underestimation of 18.9% when compared to the volume derived from mass. 

For the tree B, the T-LiDAR method underestimates the total volume of the tree of 16.2% and 22.5% when 
compared to the geometrical volume and the volume derived from mass, respectively. The T-LiDAR stem 
volume shows underestimations of 10.8% and 18.1%. The estimation of the total branch volume thanks to T-
LiDAR scanning shows an underestimation of 40.7% when compared to geometrical measurements, and an 
underestimation of 42.8% when compared to the volume derived from mass. Once again, these bad results must 
be appreciated with respect to the fraction of the total volume concerned. 

The cumulative wood volumes according to height for the stem and branches of the two trees are presented in 
Figure 4. For the tree A, having the smallest volume, the curves of the cumulative stem volume are very close to 
each other. For tree B, it seems to have clear trends especially after three meters height (Figure 4 (a)). 
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Figure 4. Cumulative wood volumes for the stems (a), for branches of the tree A (b) and for branches of the tree 
B (c). 

Without being able to distinguish the factors, some explanations can be advanced. Firstly, our reference value 
can be slightly overestimated because of the conversion factor, which appears very close to one in any case. 
Indeed, this factor came from measurements performed on clearwood specimens and can lead to such a bias 
whether the conversion factor is overestimated. Secondly, geometrical volumes are estimated from perimeter 
measurement to obtain equivalent diameters, and if the cross-section was not circular, but more elliptical for 
instance, this induces a systematic bias overestimating the equivalent volume. Furthermore, the cross section of 
the stem probably has a trend to be less and less circular with height because of the presence of living or dead 
branches. This characteristic played also a role when obtaining T-LiDAR volumes because of the choice of a 
cylinder as primitive and the fitting procedure which can made diameters to be impacted by irregularities (noise 
or bark features). The use of contours (such as polygonal models) to compute their cross-section areas can be a 
way to test the validity of these assumptions in the future. 

About the branches, the major part of the thin branching elements of the tree A was detected and successfully 
modelled, hence a logical overestimation when compared to the geometrical measurements (only concerning 
the main axes of the branches) and an underestimation when compared to the volume derived from mass. 
Despite the small diameters of its branches, branch volumes were quite accurately estimated for the tree A 
(Figure 4 (b)). Branches of the tree B globally had larger insertion diameters but many branches were not 
properly described due to occlusions and the quality of the 3D cloud built from only 2 scans, hence higher error 
levels when compared to the tree A (Figure 4 (c)). The effect of wind can have influenced the quality of the data 
but the scans were performed in wind conditions rather favorable. 

3.3 Effect of branch diameter and height on volume estimation 

The difference between the T-LiDAR estimation of the volume of branches and the volume derived from mass 
according to their height and their insertion diameter is presented in Figure 5 (the size of the discs being 
proportional to the insertion diameter manually measured). It appears that the modeling processes leads to both 
underestimations and overestimations of the volume of branches for the tree A (Figure 5(a)) and the tree B 
(Figure 5(b)). If no trend can be found for the impact of the height on volume estimation, underestimations are 
always found for branches having the largest insertion diameters. As expected, it also shows that the error in 
estimating the branch volume with T-LiDAR is higher for branches having a large insertion diameter. These 
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branches, often more complex and ramified, are not always well-described in point clouds unless the scan 
number increases and several thin branching elements cannot be detected or properly digitized. 

 

 
 

Figure 5. Difference between T-LiDAR and manual estimation of branch volume (derived from mass) according 
to branch height (x axis) and insertion diameter (proportional to the ring size), for the tree A (a) and the tree B 
(b). Volumes of the last four branches of the tree B were aggregated into one because no correspondences 

were established between T-LiDAR and manual measurements. 

As presented in Figure 6, and contrary to the tree B for which branches never had an insertion diameter less 
than 2 cm, the tree A (Figure 6(a)) had several branches (epicormic shoots having a height between 1 m and 9 
m) for which the insertion diameter was very small (less than 1 cm). For several of these branches, no diameter 
(and therefore no volume) could be found by point cloud processing. However, the correlation curve between 
manual and T-LiDAR measurements for insertion diameters shows a good value for the tree A (R² = 0.82). This 
correlation curve decreases to R² = 0.4 for the tree B. However, this result is largely influenced by a particular 
point which penalized the overall trend. In addition to diameter estimation, the other factor influencing the volume 
of branches could be the length of the different axes detected from T-LiDAR data, but this requires an analysis of 
the architecture of the branch which was not yet carried out. 
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Figure 6. Correlation between T-LiDAR and manual measurements of the insertion diameter of branches, for the 

tree A (a) and the tree B (b). 

3.4. Identification of measurement set-up key-factors 

Our results show the appropriateness of the T-LiDAR method to correctly assess the architecture and the global 
wood volumes of a tree, but the quality of point clouds, and therefore the quality of polyline and cylinder fitting, 
may differ according to the measurement set-up used in the field. The results obtained for the tree A are 
encouraging, in contrast with the higher error levels obtained for the tree B. 

The main problem of our study was the rate of occlusions in the upper part of trees caused by heavy branching. 
This phenomenon, which not only affects the trees presented here but all trees digitized by means of T-LiDAR 
scanners in forest environment, leads to the poor description of branches in the upper part of trees. This effect 
can be reduced by increasing the number of scans around trees. The comparison between the tree A (three 
scans) and the tree B (two scans) gives an example of the profit resulting. It shows that both polyline and 
cylinder fitting find benefits in increasing the number of scans, allowing for the detection of even more tree axes 
and their better description. For the tree B, contrary to the tree A, we cannot obtain the complete coverage of the 
trunk and numerous elements of branches were not detectable in the point cloud. A scan number of four (every 
90°) seems to be very suitable to almost entirely digitize the structure of a tree. 

Weather conditions must also be carefully considered. Particularly, wind is the most important factors reducing 
the quality of point clouds and makes the tree axes moving. It results in the poor detection of the finest branching 
elements, the poor description of the tree axes and makes more difficult cylinder fitting leading to aberrant 
diameter estimations. 

For both trees, another issue lies in the fact that scans were merged under the PolyWorks software by means of 
points considered as identical between all the scans of a tree. This method led in merging biases of some 
millimeters, whereas using reference spheres in the field would have improved the merging quality (often less 
than 1.5 mm). 

3.5 Working hardness and convenience 

The detailed manual measurements presented in this study required the mobilization of four people during two 
week (one week per tree), whereas T-LiDAR scanning was performed by two people during half a day and point 
cloud processing carried out by only one person during two weeks (one week per tree, according to its 
complexity). Moreover, fitting polylines appears as a rapid method to assess both the 3D geometry and the 
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curving length of the tree axes in the same time and up to the finest diameter classes, with lesser handling than 
field measurements. Moreover, the non-destructive nature of T-LiDAR scanning is a significant advantage, 
particularly for periodic measurements studying the evolution of the geometry of a tree and its environment. 
Nevertheless, even if usable and relevant, our method remains laborious and future work is needed to automate 
point cloud processing, and therefore to facilitate the application of T-LiDAR techniques for forestry. 

4. Conclusions 
This study contributes to quantify some factors influencing the assessment of the tree architecture and biomass 
by means of T-LiDAR scanning. As demonstrated in this work, T-LiDAR scanners are able to correctly estimate 
the volume of the woody biomass of a deciduous standing tree in forest environment, but also to catch very 
detailed information about its woody architecture if sufficient time is devoted to perform enough scans, a full 
description requiring at least three scans. However, this demonstration would be stronger with a large number of 
trees. This future work is already in progress for about 100 trees belonging to different forest environments and 
species, with an adapted scanning protocol (FARO Photon 120 laser scanner, four scans per tree, resolution 
1/4, merging with reference spheres). Efficient tools allowing for automated data processing providing crown 
architecture would also be welcome. 
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Abstract 

We investigated how measures derived from small footprint airborne Light Detection and Ranging (LiDAR) data 
can be used to evaluate the relationships between tree height (represented by the digital surface model, DSM) 
and peat swamp dome slope (digital terrain model, DTM). In August 2007 we mapped by helicopter different 
peat swamp forest (PSF) environments with Riegl LiDAR Technology LMS-Q560 in the Mawas area of the Ex-
Mega Rice Project (EMRP) and in the Sabangau National Park (Central Kalimantan, Indonesia). In each LiDAR 
transect we used sample plots of 100x100m along the flown acquisition with a distance of 200m from each 
other. In each sample plot we calculated the peat dome slope and the tree height and we evaluate linear 
regression between both parameters. Our results showed that: a) the tree height increases by approximately 5m 
if the peat dome slope increases from 0.5 to 1.5m pro mille (m/km) from Sabangau River to the peat dome; and 
b) there is a relationship between both variables (r2≥0.60) that may be related with the permeability, interflow, 
water storage capability and nutrient availability in the domes. In a near future we intend to conduct regression 
analysis considering the field-measured stem volumes against together with LiDAR-derived tree height and 
Ortho-photos in the frame of the REDD knowledge. 

 

1. Introduction 
Natural tropical Peat swamp forests (PSF) are important for their rich biodiversity and because they represent 
important carbon pool (Page et al., 2002). However, PSF are decreasing due to conversion into farm land, by 
excessive draining, the use of shifting cultivation on a large scale, illegal logging and forest fire. Furthermore, 
managed land cover types, degraded ecosystems and large deforested areas have been also reverted to 
successional forest stages. This increases the interest for understanding in an ecological point of view and 
mapping such environments as they are recognized as an important source of carbon released in the 
atmosphere (Sorensen 1993, Page et al., 2002, Jaenicke et al., 2008, Ballhorn et al., 2009). 

 

According to Hyde et al. (2007) airborne Light Detection and Ranging (LiDAR) data is nowadays the best single 
sensor to investigate biophysical parameters (e.g. three height and canopy diameter which are strongly 
correlated with above ground biomass and leaf area index). In peatland areas the great variety of ecosystems 
and is ecological rule is still not fully understood and the influence of different degrees of succession and the 
influence of selective logged areas (e.g. species composition, their structures and canopy properties) on global 
change issues also remain a big challenge. Consequently, to optimize the biophysical properties 
characterization, a better understanding of how LiDAR variations measurements could be useful for ecological 
studies in such critically endangered forests is still necessary 

In August 2007 we mapped by helicopter different PSF locations with Riegl LiDAR Technology LMS-Q560 in 
Central Kalimantan, Indonesia. In this study, we evaluated the relationship between tree height and peat dome 
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slope in distinct relief conditions described in the next section. To demonstrate such relationship we extracted 
the tree height information (e.g. average and dominant) as well the slope from sample plots of 100x100m (i.e. 
divided in subplots of 50x50m) along the flown direction in a minimum distance of 200m. 

 

Study Area description 

Our study areas consist on four LiDAR transects located inside the Central Kalimantan province, Indonesia 
(Figure 1). One Landsat image acquired on February 15, 2003 shows the remaining forest in the region. In fact, 
peat swamp forests over the region were impacted with extensive logging activities in the 90th and by the 
implantation of the Ex-Mega Rice Project (EMRP). The failed EMRP with its 4000km channel system leads to 
severe peat damages with reasonable amount of carbon released to the atmosphere. 

 

Two transects are located in Block E of the EMRP, locally known as Mawas. The Mawas area has a North-South 
Channel and the BOS Tuannan Station near river Kapuas which can be identified in the LiDAR data. The main 
forestry areas are characterized by altered primary forest patches, in which trees had been logged selectively 
until the end of the 1990s. Forest ground truth data were collected in this area in frame of the INDREX-II 
campaign (Hajnsek et al. 2009). The last transect is located in the Sabangau National Park along the CIMTROP 
(Centre for International co-operation in sustainable Management of TROpical Peatland) transect. This PSF was 
selective logged by the concession company Setia Alam Jaya using an extraction railway system up to 1997. 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

 

 

Figure 1. Study area location with detail to a Landsat subset acquired on February 15, 2003. In 
this subset three letters indicate the location of three different LiDAR transects under investigation. 
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Figure 2. LiDAR-DTM profiles for Mawas area in (a) km228.8 and (b) km238 and (c) Sabangau area. We 
selected for the cross-section a profile parallel to the visible logging transects. Transects were acquired with 

different lengths and have different scales. 

According to Hirano et al. (2007) the leaf area index of the peat swamp forest in the region in the dry monsoon is 
close to 6, typical for advanced and dense tropical rain forested areas. Areas of pasture, small agricultural fields, 
small villages and actual degraded forest resultant from selective logging can be also observed in the 
surroundings. 

The three transects were selected based on the sample of three different relief conditions showed in Figure 2. In 
this figure we may noticed an asymmetrical peat dome on the left with a terrain peak close to 32m (Fig. 2a and 
Table 1). The second peat dome shows a double peat dome to the left with a peak close to 29m and with the 
upper part of Mentangai river (~25m) located in the middle. At the Kapuas river left the water level was 17.1m 
and on the right at Barito 20m on August 5, 2007 (Fig. 2b and Table 1). The third figure shows on the left side 
the Sabangau Catchment which up to 2.5m (18m) deep with the Sabangau river (15.5m) (Figure 2c and Table 
1). The peat surface increases quickly with 0.17% up to 26m and further to the peat dome to 31m (results not 
shown in Fig. 2c). 

Table 1. Summary of the three LiDAR transects under study. 

 
Peat area transect 

River 
level 

Peat 
dome 

Used trans. 
length 

Max. slope 
(m / km) 

Avg. avg. 
tree height 

Avg. max. 
tree 
height 

Mawas km228S (a) 17.8m 32m 41km 2.1m/km 12.8m 27.5m 
Mawas km238S (b) 17.1m 29m 42km 1.3m/km 9.4m 26.3m 
Sabangau km256S 
(c) 

15.5m 26m 12km 1.7m/km 14.0m 29.4m 
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2. Material and Methods 

2.1 LiDAR Data processing 

The airborne LiDAR transects were acquired from August 5 to 7, 2007 in a helicopter campaign conducted by 
Kalteng Consultants and Milan Geoservice GmbH. We collected for the above described tracks approx. 4200ha 
of PSF with approx. 1.4 laser beams per square meter. The Riegl-airborne laser-scanner LMS-Q560 was 
mounted under the Bell 206 helicopter. Small footprint LiDAR data was collected for a flight altitude of approx. 
500m with a scan angle of 60° with produced a swap-width of approx. 500m (Boehm et al. 2007, 2008). We 
used for this analysis the first and last pulse Laser echoes only, but the full-wave data are available for more 
detailed analyzes. The Laser scanner had a pulse rate of 66kHz resp. 100kHz with a beam divergence of 
0.5mrad or a footprint of 0.25m. The ground backscattering in PSF through the canopy was responsible for 1 to 
3% of the 0.5mrad Laser beams. 

The DGPS reference station was located at the airport of Palangka Raya which has an elevation of 25.0m above 
sea level. The position and orientation of the LiDAR system on the helicopter was measured by an Inertial 
Navigation System (INS) and a GPS located on the tail boom with 256Hz. The Riegl LMS-Q560 airborne Laser 
scanner system itself allows height measurements with an accuracy of ±0.02m. After the correction of the 
attitude of the helicopter, the elevation accuracy of each Laser beam was ±0.15m with a root mean square error 
(RSM) of ±0.5m in both x- and y-direction. The processed laser beams were divided into ground surface and 
overground classes and converted in order to digital terrain model (DTM) and digital surface model (DSM), 
respectively, at a spatial resolution of 1m.  

2.2 Data Analysis and Sampling Criteria 

Observation data were compiled from sample plots of 100x100m collected in the flown acquisition. For validation 
purposes we divided each sample plot in four subplots of 50x50m for statistical analyzes. The spacing between 
each sample plot and/or subplot was 200m res. 500m in part of the Mawas area. We extract both DTM and DSM 
values for each measurement subplot and transect. In the slope determination we only account for the lowest 
values of the DTM in order to minimize the inclusion of the return signal coming from tree trunks and branches 
lying on top of the peat surface.  

We calculated the slope by counting the difference between the DTM values of two samples and converted the 
altitude difference in a space of 200m and when applied to 500m into per mille (m per km). We proceed with the 
extraction of tree height for the DSM where we just account the signal coming from the dominant trees. 
Complementary we also calculated the average of all tree heights inside the sample and/or subplots. The 
number of plots varies according to each transect under study due to differences in length acquisition. The data 
from each transect was divided into training (70%) and validation (30%) datasets for statistical purposes 
described in the following section. 

2.3 Statistical Modeling 

The relationship between tree height and peat dome slope employed a linear regression analysis (i.e. yj=ax+b). 
The slope value for each sample plot was used as the predictor for tree height determination. The linear 
regression analysis was applied to the test dataset in order to perform the accuracy statistics. The accuracy 
statistics include the root mean square error (RMSE) (Eq. 1), Bias (Eq. 2) and their relative counterparts RMSEr 
(Eq. 3) and Biasr (Eq. 4) (Muukkone and Heiskanen, 2005). 
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where: ji is the predicted value, yi is the observed value, ym is the mean of observed value and n is the number of 
plots in test dataset. 

Complementary we also evaluated the analyses of the residuals (i.e. Observed value minus Predicted value) 
and we apply Cook’s distance to identify outliers. Based on this distance we disregard up to 0.5% of the samples 
from the statistical analysis. In fact, some outliers were noticed in flat areas where no slope was observed. To 
examine if there were significant differences between the observed forest attribute (e.g. tree height) and those 
estimated from the linear regression, a non parametric test was applied. We expect the results might reject the 
hypothesis that the mean values of the observed and modeled forest properties differ significantly. 

3. Results and Discussion 

3.1 Mawas Peat swamp area at km 228 

Initially we analyzed the asymmetrical peat dome located at km228.8 (South of the Equator) in the Mawas 
transect between Kapuas and Barito rivers (Figure 2a). We resampled the distance of our samples to 500m 
instead of 200m to facilitate graphic representation of the average tree height and peat dome slope (Figure 3). In 
this figure we found the highest tree height at km888.5 with 18.3m and the overall tree height average was 
12.8m for 82 samples in the transect of 41km 
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Figure 3. Average tree height coupled with the terrain of the peat surface analyzed in 500m steeps over the 

Mawas transect of 41km, at km228.8 south. Sample size was 100x100m. 
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Figure 4 shows the average tree height over the Mawas area. The highest average tree height at km888.5 was 
18.3m (left side of the figure) and at km919 with 15.6m. This transect is relatively very flat and the tree height 
ranged mostly from 9 to 11m only. However, the average of the tree height over the 41km transect was close to 
13m. 
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Figure 4. Average tree height over the Mawas area of 41km, km228.8 South 

 

Figure 5 shows the relationship between tree height and peat 
dome slope over the Mawas area. Although height distributions 
of individual plots have not been fully investigated in our study, 
we noticed a stronger correlation with the maximum tree height 
(coefficient of determination of 0.78) with the slope than the 
average tree height (0.59). Maximum tree height is related to 
dominant height, a common parameter in forest inventories to 
asses the quality of forest stands over a certain region (Lefsky 
et al. 1999). 

 

Figure 5. Average and Maximum tree height as function of the 
peat slope for Mawas transect. The sample plots of 100x100m 
were analyzed every 200m from km887 to km895. The peat 
slope correlation between both tree heights are very good. 

3.2 Mawas Peat swamp forest area at km 238 

The second peat dome cross-section was analyzed at km238 of the Mawas area. Figure 6 shows the average 
tree height coupled with the ground surface altitude. At km890.2 we identify the North-South channel of the Ex-
Mega Rice Project. Forestry stands close to the channel had been logged in the past (indicated by the first 
arrow). Such interventions are better identified if we consider the average tree height information (Figure 7). The 
Mentangai river has his source at km904 with an altitude of 25m (indicated by arrow in the middle) and this river 
allows an easy access to this area with boots. At this Mawas cross-section the average tree height is not so high 
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probably due to the selective exploitation of the forest in the past. In this transect we noticed the highest of 13m 
(Figure 7). The average tree height over the 42km transect showed a value of 9.4m only. This indicates more 
logging activities compared to the Mawas transect illustrated in Figure 2a. 
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Figure 6. Averaged tree height with peat surface for Mawas area at km238 using LiDAR-DSM and DTM-data.  
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Figure 7. Averaged tree height without the peat surface in Mawas area at km238. 



Silvilaser 14th - 17th September 2010, Freiburg - Session 2 223 

-3.0 -2.0 -1.0 0.0 1.0 2.0
Peat dome slope (m/km)

5

6

7

8

9

10

11

12

13

14

A
ve

ra
ge

 tr
ee

 h
ei

gh
t (

m
)

y = 0.94x + 9.49
r2 = 0.15
n = 84

Due to the selective logging we did not found a strong correlation 
between tree height and peat dome slope. At km888 we found 
the highest averaged trees with 12.63m and a slope of more than 
1.3m per km (Figure 8) that probably mask the relationship 
between both variables. At km890.2 the average tree height 
drops down, caused by the N-S channel and opened PSF. A 
similar result is shown on the right sight of the first dome to 
Mentangai river at km901 with 11.6m average tree height and 
slope down in order of 0.7m per km. At km911 on the second 
peat dome we found the lowest averaged tree height value with 
an average tree height of 7.5m. At km922 the average tree 
height increases again to 11.5m with the higher peat slope to 
river Barito. 

 

 

Figure 8. Average tree height as function of the 
peat dome slope for Mawas transect.  

3.3 Sabangau National Park (CIMTROP peat swamp area) 

The Sabangau CIMTROP transect in the National Park is another transect which was selectively logged in the 
past. In this transect, the Sabangau catchment in located on the left side of the profile with lowest ground 
elevation (15.5m) and in other side peat dome with 26m (Figure 9). The highest slope in this transect was up to 
1.7m per km. For the selection of the sample plots we take into account only forest stands approximately 350 to 
500m parallel to the former railway assuming less or moderate logging influence. Samples were reduced 
therefore to 50x50m and were analyzed every 200m 

The average of the average tree height of the sample plots for this 12km transect was 14m, and was relatively 
higher that in Mawas area at km238 where we observed the value of 9.4m. At km258.4 South we found the 
highest averaged tree height with 17.1m whereas 12.63m in the Mawas area. Furthermore, the maximum tree 
height was also higher in this transect. We found the value of 34m in this transect whereas 29m for the Mawas 
area. Such results may be an indicative of logging severity in the past. As a result, the correlation between tree 
height and peat dome slope was better (Figure 11) than the Mawas area (Figure 8). In this transect the steepest 
peat surface was found at km259.2 with 0.30m-0.35m, that indicate a maximum slope of approximately 0.17%.  
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Figure 9. LiDAR-DTM of CIMTROP transect in Sabangau National Park with 1m contour-lines and peat 
topography profile, Landsat image from 5.8.2007. The red arrow shows the highest slope of the transect with 

0.17%. 
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Figure 10. Averaged tree height without the peat surface in Sabangau transect. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11. Average tree height as a function of the Peat dome slope. The slope of the peat dome is up to 
0.17%.  
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3.4 Statistical approach for Mawas and Sabangau peat swamp areas 

The maximum tree height of two less undisturbed peat swamp forest transects at Mawas and Sabangau 
transects were regressed against the predictor variable peat dome slope. Table 2 shows the main statistical 
results of the relationship between both variables using the validation dataset of both transects. The selected 
regression equations were obtained from the training dataset. The coefficient of determination (or explanatory 
power r2) values of the maximum tree height were in order 0.51 and 0.65 for Mawas and Sabangau transects, 
respectively. These indicate that 51 and 65% of the variances in tree height were explained by the peat dome 
slope. The nature of this relationship may be noticed in Figure 12 for the entire dataset. 

The tree height of each stand estimated from the peat dome slope (individual grid cell predictor) was compared 
to the ground-truth (Figure 13). Although the sample plots used to estimate the regression equation that related 
tree heights to the peat dome slope predictor variable were distributed independently throughout less disturbed 
peatland area, the mean difference between observed and predicted values for both transects were lower than 
3m (Table 2 and Figure 14).  

Table 2. Ordinary least square regression and RMSE calculated from the testing pixels. 

Mawas transect 

Tree height Test statistics 
r2 RMSE RMSE r Bias Bias r t p-value 

Maximum 0.51 1.93 7.00 0.08 0.31 3.27 <0.001 

Sabangau transect 

Tree height Test statistics 
r2 RMSE RMSE r Bias Bias r t p-value 

Maximum 0.65 2.78 11.37 -0.10 -0.43 -2.46 <0.001 

 

 

 

 

 

 

 

 

 

 

 

Figure 12. Relationship between maximum tree height against peat dome slope. The LiDAR attributes include 
complete dataset for (a) Mawas (Figure 2b) and (b) Sabangau (Figure 2c) transects. Negative and positive 

slopes values indicate in order descending and ascending relief. 
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The estimated biases confirm such results showing low values for both sites and the non-parametric test showed 
the linear regression estimates and the observed data were significantly different (Table 2). Although a strong 
correlation between tree height and peat dome slope exist it seems highly possible that in both transects the trees 
have different hydrological demands according to the dome position (e.g. beginning, middle or top) implying different 
growth forms due to variations in permeability, interflow, water storage capability and nutrient avaibility. Information 
on tree height variation due to peat dome slope changes may be useful for further forest inventory assessment 
since biophysical properties (e.g. above ground biomass) may vary significantly according to the peat dome 
position. 

 

 

 

 

 

 

 

 

 

Figure 13. Relationship between observed and predicted tree height. The LiDAR and statistical attributes 
include validation dataset for (a) Mawas (Figure 2b) and (b) Sabangau (Figure 2c) transects. 

 

 

 

 

 

 

 

 

 

Figure 14. Residuous obtained from the difference of observed and predicted tree height. The statistical 
attributes include validation dataset for (a) Mawas (Figure 2b) and (b) Sabangau (Figure 2c) transects. Positive 

and Negative values indicate in order over- and underestimation of the tree height. 
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Final Remarks and implications for forest management 

Regarding to the relationship between tree height and peat dome slope we observe a correlation in undisturbed 
forest areas, Fig.5. This relationship between both variables showed a coefficient of determination (or r2) close or 
higher than 0.6. Such parameters reveals a strong correlation between both variables and may be related with 
the permeability, interflow, water storage capability and nutrient avaibility in the peat domes that needs to be 
investigated. In these transects, the intervention to the PSF was limitated and did not affect significantly the 
biophysical properties of the forest. In the linear regression analyses, the maximum tree height parameter 
showed to be a better predicted by peat dome slope than the average tree height. However, a lower correlation 
was found in transects where selective logging activities were common and take place in the past. 

Information on tree height variation due to peat dome slope changes may be useful to assess the dependence of 
biophysical properties (e.g. above ground biomass) with peat dome slope in peatlands environments. Since 
peatlands act as a carbon sink, human interventions due to drainage practices for agriculture and selective 
logging of the peat swamp forest may have a stronger impact in the carbon release than relative flat areas. 

Nonetheless, further research is still necessary in order to test the dependence of other biophysical parameters 
to peat dome slope and feature selection techniques for LiDAR data in different vegetation types in Indonesia as 
well as field work campaigns. In spite of the technique used for dependence assessment, interesting results will 
be probably achieved with the additional use of new LiDAR measurements over the area.  
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Abstract 

This paper presents first results of a study combining satellite, multifrequent radar and lidar data for 
characterising forest height and biomass. Biomass is an important structural parameter because it is the key to 
the carbon content. However, biomass is one of the large unknown components in the global carbon cycle. The 
synergy of pointwise lidar and multifrequent SAR data for forest mapping is promising. The study introduced 
here aims to combine TerraSAR-X, ALOS PALSAR and ICESat/GLAS data.  

Some preliminary results for a test site in the Thuringian Forest are described. The Thuringian Forest is a low 
mountain range in eastern Germany and it mainly consists of temperate forests with Norway spruce, European 
beech and Scots pine. In the first part some preliminary results regarding the PALSAR data are shown. The 
second part focusses on the GLAS data: Two methods for filtering invalid GLAS shots are investigated. 
Moreover, different ICESat/GLAS waveforms parameters were calculated and compared to an airborne lidar 
based Digital Height Model (DHM) and a forest inventory data base. 

 

1. Introduction 
The global forests represent an important CO2 sink and forest degradation is one of the most relevant CO2 
sources. Forest volume or biomass plays a critical role since it is directly related to the carbon content. About 
50% of the dry plant matter is made of carbon. Therefore accurate and regularly repeated estimations of forest 
biomass are needed. However, existing data sets as ground based inventories cannot provide detailed and 
exact information about the global biomass and its temporal dynamics. 

 

Remote sensing techniques have been shown to be a suitable complement to map the global forests and to 
derive biophysical parameters like above-ground biomass. Multispectral remote sensing data can be a good 
basis for continental biomass maps (Dong et al. 2003, Lu 2006). But characterising forest structure is difficult 
since the sunlight mainly gets reflected from the upper canopy. Optical data are particularly suitable to derive 
information about the vegetation condition and health. 

 

Synthetic Aperture Radar (SAR) systems have a big potential to characterise forest structure because the radar 
backscatter is influenced by the geometric properties of a forest stand. However, the relationship between 
backscatter and biomass saturates at a certain biomass level. The exact saturation level depends on several 
factors, like wavelength, polarisation and weather conditions during the acquisition. Longer wavelengths 
penetrate deeper into the vegetation and allow in general better biomass estimations than short wavelengths. 
Moreover, cross-polarised data is more suitable than co-polarised data. The limit of L-Band, the longest 
wavelength available from space, is around 40-100t/ha (Luckmann et al. 1997, Imhoff et al. 1998). Other SAR 
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parameters and techniques, like interferometry and polarimetry, and multitemporal approaches can improve the 
biomass estimations. For example, Santoro et al. (2002) found a good relationship between the interferometric 
coherence and stem volume up to 350m3/ha with an error of 10m3/ha. The still existing saturation, radar effects 
like shadow and foreshortening and the dependence with the given environmental conditions during the 
acquisition complicate the usage of SAR data for a simple and robust biomass derivation. Moreover, any given 
wavelength interacts only with specific features (leaves, branches, trunks, etc.). 

 

Light detection and ranging (Lidar) or laser remote sensing data are of special interest to derive directly the 
vertical dimension of a forest. The laser pulse gets reflected from the tree top, but it also penetrates the canopy. 
Depending on the system configuration, the sensor records the several distinct return echoes (discrete-return 
systems) or a continuous signal (waveform systems) from the upper part of the tree crown to the ground surface. 
Airborne discrete-return and also waveform lidar achieve high accuracies for tree height and biomass 
estimations also at high biomass levels (e.g. Næsset 1997, Means et al. 1999, Drake et al. 2002, Nelson et al. 
2009). Discrete-return systems are already used operationally and support the common forest inventories 
especially in Scandinavian countries (Næsset et al. 2004). Since the launch of ICESat/GLAS in January 2003 
also spaceborne lidar data are available. The waveform system was originally built for ice sheet measurements, 
but GLAS data show also high potential for forestry applications (Levsky et al. 2005, Levsky et al. 2007, Rosette 
et al. 2008, Chen 2010). However, the GLAS footprint size is on average 65 m in diameter and the distance 
between two footprints is about 170 m. Thus, GLAS offers a quite rough spatial resolution and the large footprint 
makes the waveform very sensitive to topography. 

 

The synergy of different remote sensing methods offers a promising approach to overcome the limitations of the 
single data concepts. The study presented here combines spaceborne multifrequent SAR and lidar data to 
characterise forest structure. The overall goal of the study is to develop a validated and robust method to derive 
forest above-ground biomass. The basic idea is to use TerraSAR-X X-Band data to describe the horizontal 
structure and ALOS PALSAR L-Band data to identify the vertical structure. Complementary, ICESat/GLAS 
waveforms provide direct estimations of tree height for the footprint sites. A comprehensive understanding of the 
different signals will be acquired first. This comprises the comparison of the GLAS height measurements with the 
reference heights and the investigation of the relationship between SAR parameters (backscatter, interferometric 
coherence, texture) and biomass. In a second step, potential of fusing SAR and lidar data regarding its different 
spatial resolutions and data concepts will be analyzed. The final step will be the development of a model for 
retrieving biomass using a combination of GLAS and radar parameters. This paper will introduce some first 
results related to the GLAS waveform investigations and the PALSAR data analyses for a test site in the 
Thuringian Forest. 

 

Study Area 

The Thuringian Forest is located in the federal state Thuringia, central Germany, between 09°44’ - 50°58’N and 
11°38 -50°18’E (Fig. 1). It is a low mountain range extending about 50x110 km from northwest to southeast with 
ground elevations up to 900 m ASL and a hilly landscape. The main tree species are Norway spruce and 
European beech. In some parts Scots pine can be found. The forests are managed and silviculture is an 
important industry for the region. A strong storm called “Kyrill” occurred in the region in January 2007 and 
caused heavy damages. The size of the total area affected by the storm is about 11,000 ha and about 2.5 million 
m3 of timber tumbled down. 

 

The focus of this paper is a small site within the Thuringian Forest of about 3x15 km. The site, as from now 
called Schmiedefeld site because of the village in the north, is part of the biosphere reserve Vessertal. The area 
is characterized by a valley from north to south and steep slopes mostly facing to the east or west. In the 
northern part mainly spruce forests can be found whereas in the southern part also beech forests are common. 
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a) b) 

Figure 1. a) Overview of the geographic location of the study area. Big rectangle: Thuringian Forest, small 
rectangle: Schmiedefeld test site. b) Section of Schmiedefeld site. Image taken from GoogleEarth 

 

Data 

SAR data 

ALOS PALSAR data for the years 2007-2009 in Fine Beam Single (FBS) and Fine Beam Dual (FBD) mode were 
obtained from the Japan Aerospace Exploration Agency (JAXA). 9 FBS scenes (HH) for the winter season 
between January and April and 12 FBD scenes (HH/HV) for the summer season between May and October are 
available for the Schmiedefeld site. All images were acquired with an incidence angle of 34.3°. 

 

TerraSAR-X data were ordered from the German Aerospace Center (DLR). High Resolution Spotlight Mode from 
July-November 2009 is used. 11 acquisitions were done in dual polarisation HH/VV and 9 in single polarisation 
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HH. The incidence angles range from 22.8° - 47.5°. Furthermore, four Strip Map (SM) images in dual-
polarization are available. 

ICESat/GLAS 

ICESat/GLAS data for all acquisition dates from February 2003 until March 2007, release 428, were ordered 
from the National Snow and Ice Data Center (NSIDC). The three different products GLA01 Global Altimetry, 
GLA05 Global Waveform-based range Corrections and GLA14 Global Land Surface Altimetry Data are used for 
this study. 

 

An IDL based tool available from the NSIDC website was modified to process the binary GLAS into a simple 
ASCII format useable for later analyses. A total of 211 waveforms within forested areas were available for the 
Schmiedefeld site which had to be filtered for invalid data (see section 4.2). Since the exact footprint size 
changes between the different laser periods and even within one, the footprint size was adjusted for each 
record. The footprints were modelled as circles with the same area as the ellipse with the major axis and 
eccentricity of the transmitted pulse as given in the GLA14 dataset. The footprint sizes vary from 46.94 m – 
63.56 m for the shots selected from the procedure described in section 4.2. 

Ancillary data 

The Thuringian Forest Agency provided a GIS data base with parameters of a common forest inventory. The 
data base includes information about main species, tree height, dbh, age, stocking volume, basal area, stocking 
degree, stocking layers and management type. The data are based on in-situ measurements from 1989-2010, 
i.e. the overall inventory is updated every ten years. The forest stands inside the Schmiedefeld site were 
measured between 2006 and 2010. The stem volume was calculated using allometric equations with a required 
accuracy of 20m3/ha. To select some good stands suitable for later analyses, the data are validated using digital 
orthophotos with a resolution of 15 cm. Moreover, the following criteria were applied for selection: (1) date of the 
field measurement (2) damage of “Kyrill”-storm, (3) homogeneity, (4) canopy closure, (5) visual check with digital 
orthophotos, (6) area > 2 ha after edge erosion with a buffer of 25 m was applied. 

 

Airborne Laser Scannig (ALS) data as last pulse ground and non-ground points are available from the 
Thuringian Land Surveying Office. The data were acquired during several flights between 2000-2005 with point 
densities up to 1 point/m2. This induced to calculate a Digital Elevation Model (DEM) using the ground points and 
a Digital Surface Model (DSM) using the non-ground points with 5 m resolution each. The difference between 
both models resulted into a normalized DSM or here called Digital Height Model (DHM). The gridding of the lidar 
points was done using Surfer software package and the kriging interpolation method. Unfortunately, only last 
pulse data were available, but the heights of deciduous trees did not reveal any problems. 

 

Finally, some meteorological data from the German Weather Service (DWD) are available. Parameters like 
temperature, precipitation, snow depth and wind speed as hourly and daily observations in the period 2006-2010 
will help to analyse the SAR data. 

 

2. Methods 

Processing the SAR data 

Both, PALSAR and TerraSAR-X images were acquired in SLC format. The processing of the SAR data included 
calibration, multi-looking, geocoding and topographic normalization and was done with the Gamma software 
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package. The ALS based DEM with 5 m resolution was used for the geocoding procedure. The images were 
processed to 25 m and 12.5 m for PALSAR FBD and FBS, respectively. 5 m and 10 m pixel size were chosen 
for TerraSAR-X HS data. Figure 2a shows an overview of the location of the PALSAR FBD frames. Frames 6 
and 7 refer to t639/f1000 and t640/f1000 and provide six FBD images each for the Schmiedefeld site. Frame 6 
and the image example for the Schmiedefeld site in Figure 2b will be further discussed in Section 5.1. 

  

 
a)  b) 

Figure 2: a) Location of PALSAR FBD frames and b) Section of frame no. 6 (t639/f1000), 7 September 2009, 
Schmiedefeld site – RGB composite of HH (Red), HV (Green) and HH/HV (Blue) 

 

Filtering invalid GLAS data 

Two methods were tested to remove outliers, i.e. to remove waveforms affected by the atmosphere or by 
waveform saturation. The first approach is based on the GLAS flags. Three criteria, namely waveform saturation, 
atmospheric influence and the existence of large off-nadir angle were checked by using the GL14 parameters 
Saturation Elevation Correction, the Full Resolution 1064 Quality Flag, the Elevation Usage Flag, the Range 
Correction Flag and the Attitude Flag 1. 

 

The second method uses the ALS based DEM and an additional Signal Extent threshold. This procedure is 
based on the method proposed by Gonzàlez et al. (2010). The idea is to check if the surface elevation published 
in the GLA14 product and the surface elevation of the reference DEM are the same. If the difference between 
the two surface elevations exceeds a threshold of 75 m, the corresponding GLAS waveforms were removed as 
outliers. The Signal Extent threshold was added to get an absolute safety to remove all invalid shots. This was 
important because several waveforms with large Signal Extents which would produce unrealistic high height 
estimations were detected. 
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Calculating GLAS waveform metrics 

The GLA14 data product was used to calculate several waveform metrics (Fig. 2). First, different height 
measures were extracted: Signal Extent as distance between Signal Begin and End, and a ground surface 
based height as the distance between the Ground Peak and Signal Begin. The Ground Peak usually refers to 
the Last Gaussian, but sometimes the maximum of the last two or five Gaussians represents the ground surface 
more accurately. The exact definition of the Ground Peak, however, revealed as challenging because of the 
complex waveform structures caused by the surface topography. Second, two parameters related to surface 
topography and canopy roughness were calculated, the Leading and Trailing Edge. They are defined as the 
distance between Signal Begin and End, respectively, and the position of the half maximum amplitude. 

 

 
Figure 3. GLAS heights and relating waveform position. Red line: Return Pulse (V). Blue line: Alternate Modeled 

Waveform (V). Black line: Alternate Gaussian fits 

3.  

4. Results and discussion 

PALSAR 

Some first analyses for the six FBD images of track 639/frame 1000 were carried out. First, the data were 
investigated regarding the general properties of the backscatter and the temporal variation. Second, a first 
comparison to forest structure parameters were done. 

 

Figure 4 demonstrates that the mean backscatter of beech is lower than of spruce (Mean for all six acquisitions: 
beech HH -9.01 dB, HV -14.03 dB vs. spruce HH -7.77 dB, HV -13.55 dB). The discrimination between the two 
species is, however, difficult because of the diversity of the backscatter (Mean Stdv for all six acquisitions: beech 
HH 1.04 dB, HV 1.22 vs. spruce HH 0.64, HV 0.64). 

 

The temporal differences are quite small (<1 dB) but some trends can be detected. The mean backscatter for the 
dry acquisitions (see Tab. 1; 2 September 2007, 7 September 2009 and 23 October 2009) is in general lower 
than for the wet acquisitions (20 July 2008 and 23 July 2009). However, the mean backscatter of the image 
acquired on 18 October 2007 is similar to the dry acquisitions although a small amount of precipitation occurred 
at that day and the day before. This acquisition even shows the lowest mean backscatter for both beech and 
spruce. Another interesting effect can be identified for the beech stands: The image taken on 23 October 2009 

Signal Extent
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with dry conditions is characterized by the highest maximum backscatter for HH and also HV (-3.9 dB and -9.4 
dB, respectively). The maximum backscatter of the most humid acquisition on 23 July 2009 is around 2.5 dB 
lower. The investigation of the minimum backscatter does not show a similar effect and it is more consistent over 
time. Thus, the high dynamic range for the 23 October 2009 image of around 7 dB for HH and HV must has 
been caused by an object with very high backscatter. The other two dry acquisitions have a dynamic range of 
only 3-4 dB for HH and 4-5 dB for HV, the wet acquisitions 4-5 dB for HH and 5-7 dB for HV. The backscatter 
signatures for the 18 October 2007 image are more similar to the wet acquisitions as expected from the details 
listed in Table 1, but against the results for the spruce stands. The spruce backscatter properties demonstrate a 
lower dynamic range with 3 dB for HH and HV. It can be concluded that the environmental conditions obviously 
affect the backscatter. Some specific events probably occurred on 18 October 2007 and 23 October 2009, e.g. a 
short rain event directly before the acquisition or the beginning autumn season. The analysis of the other 
PALSAR images available for the area of he Thuringian Forest but not described in this paper will certainly 
enhance the understanding of the backscatter signatures which is the basis for the retrieval of biophysical 
parameters. 

  

Figure 4. Mean backscatter and one standard deviation (vertical bar) for all FBD acquisitions of track 639/frame 
1000 

 

Table 1. Environmental conditions for all FBD acquisitions of track 639/frame 1000 

Acquisition date Flight 
direction 

Environmental conditions 

02 Sep 2007 A ~13°C, dry, ~4 mm precipitation during the three days before 
18 Oct 2007 A ~6°C, ~6 mm precipitation, ~5 mm precipitation during the day before 

20 Jul 2008 A ~13°C, ~2 mm precipitation, ~18 mm precipitation during the five 
days before 

23 Jul 2009 A ~19°C, ~15 mm precipitation, ~32 mm precipitation during the seven 
days before 

07 Sep 2009 A ~13°C, dry, second dry day 
23 Oct 2009 A ~7°C, dry, ~4 mm precipitation during the day before 

 

Figure 5 presents a comparison between backscatter and ALS DHM Height and Inventory Stem Volume for the 
image acquired on 7 September 2009 as an representative example. The ALS DHM height was used as indirect 
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measure of biomass and volume, respectively. In future, the height will be also converted into volume using 
allometric equations. It can be seen that there is – against the assumption – only a low and even negative 
correlation. There are also significant differences between the two species as already indicated in Figure 4. The 
spruce backscatter spreads only by around 3 dB, whereas the range of the beech backscatter is around 4-6 dB. 
The stem volume range is also a bit higher for beech than for spruce (567 m3/ha vs. 531 m3/ha). In contrast, the 
beech heights range only by 15 m, but the spruce heights by 21 m. The structure of the beech stands is 
obviously more complex. Understorey and the complex phenology of a beech tree crown might be some reasons 
for the noticed backscatter diversity. These relations reveal that a species-specific analysis is critical to 
understand the backscatter behaviour and to develop a biomass model. The low correlation results are still not 
completely understood. Understorey vegetation like young trees or small shrubs might be one important factor 
influencing the backscatter but not considered in the inventory volume estimations or ALS DHM heights. 
Understorey grows particularly in stands where the sunlight can penetrate to the ground, i.e. rather in young or 
middle-aged stands than mature, dense stands. A three-day field survey in the Schmiedefeld site was conducted 
end of July 2010 and the analysis of the data is supposed to enhance the understanding of the relationship 
between backscatter and forest structure. 

a)   

b)   

Figure 5. Comparison between backscatter and (a) ALS DHM Mean Height and (bB) Inventory Stem Volume for 
FBD image 7 September 2009, incidence angle 34.3° 
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Filtering GLAS data 

Table 2 summarises the results for the two filtering methods. The flag based approach detected 71 valid shots 
which are from three laser periods. Ten percent of the shots were removed as saturated and about three 
quarters as distorted by atmospheric influences. The data set did not contain any shots with a large off-nadir 
angle. The DEM based approach produced a complete different distribution: 139 shots from five laser periods 
remained. For example, the shots of laser period L3B were detected all as invalid when applying the flag based 
method. The DEM based approach identified only 14 outliers. 

A comparison between the GLAS and reference surface elevation was done before and after filtering to check 
the working performance of the filtering methods (Fig. 6). It can be noticed that the data base without filtering 
contains several shots with significant higher surface elevation than for the reference DEM. This indicates that 
these shots are problematic since they would result into wrong waveform height metrics. The flag based filtering 
approach, however, does not detect all of them, but even some shots which have a valid surface elevation. The 
DEM based filtering removed all shots with an invalid surface elevation and the high correlation coefficient 
indicates that this filtering method works better. The GLAS elevations are on average 52.33 m (Stdv=5.19 m) 
higher because the GLA14 elevation referring to the waveform centroid was used here. 

Table 2. Number of GLAS shots after filtering invalid data (flag based and DEM based method) 

Laser Period Date All Method Flags Method DEM 
L2B Spring 2004 12 0 8 
L2C Summer 2004 2 0 0 
L3A Autumn 2004 47 34 0 
L3B Spring 2005 50 0 36 
L3D Autumn 2005 27 6 24 
L3F Summer 2006 15 0 13 
L3H Spring 2007 58 28 58 
All  211 71 139 

 

   

a) b) c) 

Figure 6. GLAS versus ALS DEM surface elevations a) before filtering, b) filtering using flag based approach, 
and c) filtering using DEM based approach 
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ICESat/GLAS 

The GLAS Signal Extent was compared to the maximum height derived from the ALS DHM and the inventory 
data base (Fig. 7 and 8). The maximum value of the reference heights was used because the Signal Extent 
refers to the top height. The correlation is moderate for both spruce and beech stands. Significant differences 
were observed for the specific acquisition seasons: The Signal Extent of the autumn data correlate well to the 
reference heights. The correlation for the spring data is moderate and for summer very low. The spring 
waveforms are from three different laser periods and the correlation results are indeed different for each of them: 
L2B (Spring 2004) r=0.35, L3B (Spring 2005) r=0.6 and L3H (Spring 2007) r=0.75. Thus it can be assumed, that 
not the different environmental conditions but rather the laser configurations lead to the different correlation 
results. The other height metrics based on the ground return peak did not reveal any significant improvements. 
The comparison with the ALS DHM performed better because this data set has a better spatial resolution than 
the inventory data base. 

 

Since the test site is characterised by high topography and as indicated by the high Signal Extents shown in 
Figures 7 and 8, the correction for topographic influences is critical. The Leading and Trailing Edge are two key 
parameters (see Levsky et al. 2007). Both parameters correlate only fairly with the DEM Elevation Range (Fig. 
9a and 9c) which is used as a terrain index similar to Levsky et al. (2005). The Trailing Edge Extent is generally 
lower than the real vertical elevation extent. The Leading Edge is more complex because it is influenced not only 
by the surface topography, but also by the canopy roughness. The correlation with the ALS DHM Height Range 
is higher than with the DEM Elevation Range for the summer data (Fig. 9a and 9b). The canopy roughness 
therefore plays an important role for the summer waveforms, i.e. during leaf-on conditions. The spring and 
autumn data seem to be influenced by surface and canopy roughness in a similar way. However, a separated 
analysis for spruce and beech stands showed that this effect is not species related. The investigation of the 
Leading and Trailing Edges reveal that the correction using these waveform metrics is not straight forward as 
assumed before: The slope effect cannot be removed by directly applying the Trailing Edge or Elevation Range. 
Rather a model including correction factor which is based on Leading and Trailing Edge has to be derived, as 
proposed by Levsky et al. 2007. 

 

a)  a)  

Figure 7. GLAS Signal Extent versus maximum ALS DHM height and maximum Inventory height (species 
specific) 
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a)  b)  

Figure 8. GLAS Signal Extent versus maximum ALS DHM height and maximum Inventory height (season 
specific) 

a)  b)

 

c)  

 

Figure 9. Leading and Trailing Edge: Leading Edge versus a) DEM Elevation Range and b) DHM Height Range, 
and c) Trailing Edge versus DEM Elevation Range 
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5. Conclusions 
This paper presented some preliminary results of a study combining satellite SAR and lidar data to characterise 
forest stand structure. The overall goal is to develop a robust model to derive biomass. As a first step, the 
ICESat/GLAS and ALOS PALSAR data were compared to reference data of a forest inventory data base and an 
ALS based DHM to fully understand the remote sensing signals regarding the different forest properties. 

Against the assumptions and previous findings of other researches (e.g. Luckmann et al. 1997, Watanabe et al. 
2006), only a very low correlation between PALSAR backscatter and forest stem volume could be found. Further 
analyses are required and the inclusion of interferometric coherence estimations and the high resolution 
TerraSAR-X data are supposed to enhance the understanding and improve the relationship. 

The first investigations of the GLAS data revealed the importance of filtering the data for outliers affected by 
atmosphere or waveform saturation before analysing. The waveforms show potential to estimate canopy height, 
but a season or even laser period specific analysis appears useful. The GLAS parameters, especially the 
Leading and Trailing Edge will be explored more in detail to develop a robust model to correct the Signal Extent 
for topographic effects and to derive the canopy height. Also some additional parameters like heights based on 
energy quantiles (e.g. Anderson et al. 2006, Sun et al. 2008) are planned to calculate. Another idea to improve 
the estimations is to stratify the data into slope and height classes. 

The future working steps will focus on the improvement of the ongoing data analysis, i.e. the enhancement of the 
SAR and GLAS parameter set. An advanced topographic normalization is planned and the forest inventory data 
base will be continuously improved and updated. Furthermore, additional SAR images and GLAS footprints for 
the whole Thuringian Forest will be used to enhance the data basis. In this way it is expected to achieve a full 
understanding of the SAR and GLAS signals which will be then used to develop a model for biomass retrieval. 
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The US plans to launch two space laser altimeters in the next decade – ICESat-2 and the DESDynI-Lidar. 
ICESat-2 (Ice, Cloud, and land Elevation Satellite), scheduled for launch in 2015, is primarily designed to 
monitor ice sheet height changes, sea ice freeboard, and, secondarily, to collect ranging data over much of the 
Earth’s vegetated surfaces. ICESat-2 will be a photon-counting laser ranging system that requires not only new 
technology to collect the measurements but also new analysis techniques to extract information from the data. 
The DESDynI-Lidar (DESDynI-L, Deformation, Ecosystem Structure, and Dynamics of Ice-LiDAR), scheduled for 
launch in 2017, is primarily a vegetation mission designed to measure and monitor vegetation globally in 
conjunction with a second DESDynI satellite, the DESDynI-Radar (DESDynI-R), an L-band radar designed 
primarily, but not exclusively, to address the solid earth component of the overall mission. Below we describe the 
current configurations of both of these laser altimetry missions. It is noted, however, that both missions are in 
design phase and that the characteristics described in this paper may change. Due to budget constraints, some 
of these changes may be significant. 

Though both three year missions have a vegetation science component, the scientific goals for ICESat-2 and 
DESDynI-L are significantly different. The vegetation science goal for ICESat-2 is the production of a global 
vegetation height surface with 3 m accuracy at a 1 km resolution. The ICESat-2 vegetation scientists expect to 
maintain this accuracy only within forest canopies of 75% crown closure or less under clear sky conditions. As 
crown closures approach 90%, identification of the ground signal in the photon cloud becomes problematic. 
ICESat-2 will support and complement the DESDynI-L forest structure measurements, but will do so only insofar 
as the primary ice objectives of the ICESat-2 mission are not compromised. Vegetation goals for DESDynI 
mission, which includes both the laser altimeter and the radar, aim to characterize the global carbon cycle 
through better measurements of vegetation height and canopy density, more accurate, precise estimates of 
aboveground biomass, and improved enumeration of vegetation disturbance and recovery. 

The DESDynI laser altimeter will also make vegetation structural measurements to better characterize habitats 
to facilitate biodiversity assessments. With respect to biomass, DESDynI has as its primary goal the production 
of global estimates of woody biomass within ±20 t/ha (90% level of confidence, 1.6 σ) for biomass estimates in 
the range of 0-100 t/ha, within 20% (1.6 σ) of the estimate for biomass estimates in the range of 100-250 t/ha, 
and within 50 t/ha (1.6 σ) for biomass capacities exceeding 250 t/ha at a spatial resolution of 250 m globally at 
end of mission. In areas that support biomass consistently below 100 t/ha, that spatial resolution decreases from 
250 m globally to 100 m since this biomass interval is within the range of sensitivity of the L-band radar. The 
laser altimeter will also provide transects of vegetation profiles over all biomes at a 25 m resolution, 30 m post-
spacing, with a maximum 500 m across-track posting at end of mission with a 1 m vertical accuracy in conditions 
up to 98% canopy cover. 

ICESat-2 

The ICESat-2 space lidar system will employ photon-counting technology to acquire ranging measurements over 
ice sheets, sea ice, and terrestrial surfaces near-globally, i.e., up to 86º N and S. This technology is markedly 
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different from the Geosciences Laser Altimeter System (GLAS) aboard the first ICESat, which operated from 
January 2003 to October 2009 and which collected over 1.91 billion waveforms globally. GLAS employed a 40 
Hz, single-beam, large footprint (50-72 m), near-infrared (1.064 um), waveform laser altimeter. In contrast, 
ICESat-2 will be transmitting a green pulse (0.532 um) with an expected 1 ns pulse width at 10 kHz. Although 
the vegetation community and many in the ice community would prefer pulse transmission in the near-infrared 
(1.064 um), the frequency doubling is necessitated by the fact that there are no space qualified near-infrared 
detectors capable of measuring photon returns with the rapidity needed to keep pace with target returns. A 
diffractive optic element will be used to split the green beam from a single laser onboard ICESat-2 into nine 
beams of varying brightness. These nine beams will exit the spacecraft arranged in a 3x3 square grid. The grid, 
when yawed 0.6º from the along-track vector of the spacecraft, will result in nine separate beams tracking across 
the Earth’s ice sheets, sea ice, and terrestrial surfaces (Figure 1). 

ICESat-2 will be collecting photon ranging information 
along 9 across-track beams arranged in 3 sets of three 
triplets. The triplets, or 3-beam clusters, will be spaced 
three kilometers apart, and within each triplet the 3 
beams will be spaced 45-60 m apart. This arrangement 
was developed to permit calculation of both local and 
regional across-track slopes to help refine the ice sheet 
mass balance calculations and to increase sampling 
intensity globally. The nine beams will not be equally 
bright. The actual beam strengths are still under 
discussion; an initial scenario called for the outer triplets 
to be identical 25 uJ - 50 uJ – 25 uJ combinations and 
the center triplet to be a 50 uJ – 100 uJ – 50 uJ 
combination. Subsequent discussions have considered 
combinations where the three triplets distribute laser 
power identically, e.g. 25 uJ – 83 uJ – 25 uJ. The need 
for the unequal beam strengths is driven by the fact that 
a few of the science disciplines will be imaging both 
very bright and very dark targets that occur frequently, 
quickly, and abruptly, leading to the possibility of 
detector saturation problems. This is especially true with 
respect to measurement of sea ice extent and freeboard 
where open water leads (dark targets) are irregularly 
juxtaposed with sea ice (bright targets) and where 
measurements at these boundaries are critical to the 
calculation of sea ice thickness. 

 

Figure 1. ICESat-2 green (0.532 um) 9-beam, photon-
counting system. 

Within any one of the beams depicted in Figure 1, a 40 m diameter area will be illuminated on the ground and 
the returns from the central 10 m diameter area will be imaged to measure photon returns directly before, during, 
and after the expected pulse return. Within this vertical window, photon returns are time-stamped, enabling 
calculation of the range of a particular photon from the satellite. Green photons emitted by ICESat-2 laser, i.e., 
signal photons, cannot be differentiated from green photons returned from the atmosphere or scattered from 
adjacent targets, i.e., noise photons; all are collected by the satellite. Combined with the satellite velocity and 
laser pulse repetition frequency, the satellite moves along-track approximately 70 cm, the next pulse is emitted, 
and photons collected. Effectively, photons from 10 m diameter footprints are collected every 70 cm along-track, 
building up a collection of laser photons that have reflected preferentially from the target relative to the ambient 
noise level. The pointing knowledge associated with the location of each 10 m footprint is expected to be 6 m, 1 
σ. 
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With such a system, the signal-to-noise ratios are very sensitive to the strength of the impinging laser beam, 
haze levels, and target reflectance properties. Figure 2 illustrates simulated ICESat-2 data acquired by an 
airborne photon-counting system over a ~25 m tall hardwood canopy in the mid-Atlantic US with crown closures 
in excess of 95%. Atmospheric noise has been added to simulate a daylight acquisition under mid-latitude, clear 
sky conditions. The same canopy trace is provided in both Figures 2A and 2B to illustrate expected differences 
in canopy returns between the strongest and weakest beams, i.e., the 100 uJ beam and a 25 uJ beam. The 
figure clearly illustrates the fact that the more signal photons that can be placed on target, the greater the 
likelihood of detecting both top-of-canopy and ground beneath the canopy. 

The ICESat-2 satellite will be launched into a near-polar, 94ºinclination, 91 day repeat orbit; equatorial crossing 
distance between adjacent orbits ascending or descending orbits will be 29.6 km. In order to meet ecosystem 
scientific objectives, ICESat-2 will be off-pointed up to 1.6º during different repeat periods in the non-polar 
regions in order to fill in gaps between the sub-satellite ground tracks. By the end of year 2 of a 3 year mission, 
the maximum distance between adjacent across-track observations will be 1.2 km, barring cloud obscuration. 

  A.  

B.  

Figure 2. Simulated ICESat-2 data acquired by an airborne photon-counting system under clear-sky, daylight 
conditions with (A) a 100 uJ beam and (B) a 25 uJ beam. 

25 uJ beam 

100 uJ beam 
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DESDynI-Lidar 

The DESDynI-Lidar, DESDynI-L, is the primary NASA vegetation mission, one designed to measure and monitor 
vegetation globally over a three year period in conjunction with a second satellite, the DESDynI-Radar. The 
radar will be mapping the entire globe and, in the context of vegetation, will be one of the primary tools used to 
detect the location and areal extent of forest change due to deforestation and fire. The DESDynI lidar 
measurements will be used as a global sampling tool to measure the structural characteristics of the world’s 
forests in order to estimate global woody biomass and carbon. 

The DESDynI three year mission will operate five individual lasers simultaneously over the Earth’s terrestrial 
surfaces in order to acquire waveforms along 5 parallel profiles spaced 850 m apart, i.e., total across-track 
dimension, 3.4 km. Each near-infrared laser (1.064 um) will be transmitting 9-10 ns pulses at 240 hz, illuminating 
an area on the ground 25 m in diameter with an along-track post spacing of 30 m. By end of its 3 year mission, 
DESDynI-L will have collected, by off-pointing up to a maximum of 2.1º, enough profiles to fill in gaps so that the 
average across-track spacing between adjacent profiles will be 472 m, barring cloud obscuration. 

Each waveform will be digitized to record the brightness of the waveform return in 1 ns vertical increments, i.e, 
15 cm vertical bins. The pointing knowledge, i.e., the geolocation accuracy, of the centroid of a given DESDynI-L 
pulse is expected to be 12.5 m (3 σ). 

 

Discussion 

Both space lidars will be superior global sampling tools for vegetation assessment. DESDynI lidar scientific 
requirements call for forest height measurements with 1 m height accuracy (1 σ, top-of-canopy to ground) in 
areas with zero slope. With a 2.5 dB signal-to-noise ratio, the expectation is that DESDynI-L will be able to sense 
ground, i.e., return an identificable ground return, in forests growing on flat terrain where canopy densities are 
≤98% canopy closure. ICESat-2 will be much more limited. During daylight acquisitions, we expect that no 
discernable ground return will be available in the photon data if canopy closures exceed 76-86%. In a hazy 
tropical environment, this lower limit may decreases to 35 – 50% for the 100 uJ beam during daylight 
acquisitions. At night, these percentages increase to 84-96%; the satellite is expected to spend approximately 
half it’s mission life acquiring night data. In the design cases formulated by an ICESat-2 laser engineer, it is 
interesting to note that if ICESat-2 could be designed as a near-infrared, 1.064 um system, these canopy closure 
limits increase to 87-96%. With respect to vegetation measurements, there is an obvious penalty paid by making 
micropulse ranging measurements in the green. 

As mentioned previously, these two satellite systems are currently in design phase and the designs for each are 
still being discussed. Airborne simulated data sets have been acquired and are being analyzed (1) to develop 
analysis techniques to extract forest structural information from photon-counting data - ICESat-2, (2) to develop 
fusion techniques for 25 m waveform lidar and coincident L-band radar - DESDynI, and (3) to determine, using 
simulated data, accuracy and precision limits associated with forest structural measurements, especially as 
regards the effects of off-angle pointing and the effects of slope on forest height measurements and 
biomass/carbon estimates. 
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Abstract 

Through sampling of the Earth’s surface, satellite LiDAR provides the opportunity of estimating vegetation 
parameters for large areas. An assessment is made of data from the Geoscience Laser Altimeter System 
(GLAS) aboard the Ice, Cloud and land Elevation Satellite (ICESat) for the estimation of forest parameters 
throughout Britain. Data used in this study were captured in February-March 2008 during the L3J laser 
operation. 

The large footprint produced by GLAS is known to cause greater uncertainty in vegetation height estimations for 
sloped ground where signals returned from the ground surface and vegetation may be combined within the 
waveforms. An assessment is made of estimated ground elevation using Gaussian decomposition of the GLAS 
waveforms through comparison with mean ground elevation within GLAS footprint boundaries, calculated using 
values from a 10m resolution DTM (Ordnance Survey Land-Form Profile DTM product). Greater discrepancies 
are observed in more mountainous areas such as the Cairngorms in Scotland and Lake District in England, 
whilst differences are lower for example in the relatively flat region of East Anglia. However, despite this 
variation, ground elevations estimated from GLAS waveforms show 48% to be within 1m of the control DTM 
whilst 91.5% are within 5m. 

The Forestry Commission in Britain maintains a comprehensive database of the forests that it manages on 
behalf of the public. For this research study, management and productivity information for these forests in 2007 
are used as inputs to yield models in order to predict parameters for forest stands throughout Britain. The 
Forestry Commission yield models provide a good indication of expected vegetation parameters; however 
discrepancies can occur where management strategies or habitat conditions differ from those initially anticipated. 
For the L3J laser operation, 1090 GLAS footprints are positioned within stands recorded within the database. 
This has enabled vegetation height from yield model predictions and estimates using satellite LiDAR to be 
compared and offers the opportunity to reduce uncertainty within yield model predictions using observations 
from satellite LiDAR remote sensing to assess the yield class allocated to stands. 

 

1. Introduction 
The significance of the role of forests in mitigating climate change is underlined by international efforts such as 
reducing emissions from deforestation and degradation (REDD) and reporting on land use, land use change and 
forestry (FAO et al., 2008; IPCC, 2003). Satellite LiDAR offers a means to quantify the distribution of vegetation 
and therefore to inform these needs and the potential for LiDAR measurements of vegetation on regional to 
global scales has been demonstrated by several authors (e.g. Helmer and Lefsky, 2006; Nelson et al., 2008; 
Nelson et al., 2009; Lefsky, 2010 in press). Issues concerning this are discussed by Dubayah et al., 2010; Hurtt 
et al., 2010; Nelson, 2010. 

 



Silvilaser 14th - 17th September 2010, Freiburg - Session 2 247 

This paper presents an initial assessment of data available from the Geoscience Laser Altimeter System (GLAS) 
for vegetation parameter estimation on a sampling basis for Britain as a complement to conventional methods of 
forest monitoring and inventory. 

1. ICESat/GLAS 

This study uses satellite LiDAR data from NASA’s Geoscience Laser Altimeter System (GLAS), a full waveform 
LiDAR profiler, aboard the Ice, Cloud and land Elevation Satellite (ICESat). ICESat was launched in January 
2003 and the instrument has been operated for approximately month-long periods during February-March and 
October-November annually, plus during May-June earlier in the mission. 18 laser operation periods were 
undertaken until October 2009, when the final of the three lasers aboard the spacecraft ceased firing (GDFC, 
2010). The satellite is the first of its kind to capture global LiDAR data for an extended period of time and 
therefore offers the opportunity to assess the potential of such sensors for vegetation analysis. 

ICESat orbits at an altitude of 600km and has emitted pulses at 40Hz using a wavelength of 1064nm. GLAS 
produced footprints which are distanced at 172m intervals and whose diameters on the ground have varied 
between laser campaigns from a major axis of 148.6±9.8m to 51.2±1.7m. Further information about the mission 
and sensor are discussed by Schutz, 2002; Zwally et al., 2002; Brenner et al., 2003; Abshire et al., 2005; Schutz 
et al., 2005; NSIDC, 2010a. 

2. Method 

GLAS 

Data from the GLAS L3J laser campaign were used in this study (data release 429). These were captured during 
February-March 2008. Mean footprint dimensions showed a major axis of 58.7±0.6m and an eccentricity of 
0.52±0.04. Geolocation accuracy of footprints for this laser campaign has not yet been released. 

Vegetation height was estimated from GLAS waveforms using GLA14 product (NSIDC, 2010b). This product 
provides a model fit to each waveform as the sum of up to six Gaussians.  

The beginning of the waveform signal was assumed to be the uppermost intercepted canopy surface. The mean 
footprint ground elevation was estimated as the centroid of whichever of the lowest two Gaussian peaks has the 
greater amplitude. Maximum vegetation height within the footprint was calculated as the difference between 
these two elevations (Rosette et al., 2008). 

Ordnance Survey Landform Profile product  

The 10 metre resolution Land-Form Profile DTM from the Ordnance Survey was used to determine ground 
elevation for GLAS footprint locations. A buffer was created surrounding each footprint centre using the mean 
radius of the footprint major axis (29.35m for the L3J laser operation).  

The mean elevation value within this area was calculated and this was compared with the estimated ground 
elevation identified within the GLAS waveforms. 

For the terrain analysis, a filter was applied to exclude waveforms where the estimated ground surface differed 
from the local mean DTM elevation by more than 50m. These were assumed to be anomalous results, not 
corresponding to actual intercepted surfaces. 

Forestry Commission Sub-Compartment Database and yield models 

The Forestry Commission is the UK government department responsible for forestry. It is tasked with managing 
forest and non-forest resources (farmland, open mountain-tops, heathland, estuarine and riparian habitats) on 
behalf of the public. The majority of publicly-accessible woodland in Britain is managed by the Forestry 
Commission of Great Britain, a division of which, Forest Enterprise, maintains a sub-compartment database of 
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inventory data for the Forestry Commission forest management units throughout Britain. This database contains 
information relating to local habitat conditions (e.g. soil type, altitude, terrain) and management information (e.g. 
species, cultivation, planting year, initial spacing, thinning regime applied and yield class). 

This information allows yield models to be applied which project a mean growth trend over time; this will vary 
between species and within species groups according to habitat conditions and management (Edwards and 
Christie, 1981). These models assume that tree density and stand composition at the time of planting remain 
constant and therefore do not take account of competitive suppression or dominance, nor of mortality due to 
natural or external factors. 

The comprehensive sub-compartment database and the use of yield tables which are available for the majority 
of species common in the UK offer the opportunity for forest parameters to be estimated. For this study, software 
developed within Forest Research, and which incorporates yield models, was adapted to allow biophysical 
parameters to be calculated for stands managed by the Forestry Commission throughout Britain. 

The sub-compartment database is updated annually and the 2007 database was selected for use in this study in 
order that stand status would most closely correspond with the growing season captured by the L3J laser 
campaign (February-March 2008). Yield models were applied to calculate top height within each stand. Due to 
selective thinning or retention of trees as wind breaks along paths for example, several species may be present 
within each stand. The calculated top height of the tallest species within each stand was selected and this was 
compared with the maximum canopy height estimated from the waveform analysis for corresponding footprints. 

3. Results 

Ground identification 

Ground elevations estimated from 48% of waveforms were found to be within 1 metre of the mean calculated 
ground surface using the Ordnance Survey Land-Form Profile DTM. 91.5% of waveform-derived elevations were 
within 5m of the control DTM (Figure 1). The spatial distribution of differences requires further analysis, however 
findings suggest that greater discrepancies are observed in more mountainous areas such as the Cairngorms in 
Scotland and Lake District in England, whilst differences are lower for the relatively flat region of East Anglia. 

 
Figure 1. Distribution of differences between ground elevation identified within GLAS waveforms and mean 
elevation calculated within GLAS footprint boundaries from the Ordnance Survey Land-Form Profile DTM© 

(Crown Copyright/database right 2010). 
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Vegetation height estimation 

An initial comparison of the tallest predicted top height within stands, calculated from yield models and using 
local conditions within the sub-compartment database, with maximum canopy height estimated using GLAS 
waveforms shows large variability and R2 of just 0.37.Further investigation is needed to explore sources of 
uncertainty in these estimations compared with ground truth, however error is anticipated from both yield models 
and GLAS waveforms. 

 
Figure 2. Relationship between top height of the tallest species within stands predicted by yield models and 

maximum canopy height estimated from coincident GLAS waveforms. 

 

4. Discussion and Conclusion 
Analysis of ground elevations estimated within GLAS waveforms have revealed close correspondence with 
mean elevations calculated within footprint boundaries from an independent 10m resolution DTM (Ordnance 
Survey Land-Form Profile product). Ground elevation identified within waveforms found 48% to be within 1m of 
the control DTM whilst 91.5% are within 5m. This suggests that for this laser campaign across Britain, beneath-
canopy ground elevations within waveforms have been detected with sufficient accuracy to allow further 
applications.  

Results indicate that greater discrepancies are seen among more mountainous regions of the country and this is 
to be expected since a ground surface within waveforms can be identified with less certainty on sloped, 
vegetated surfaces where terrain and vegetation can be at similar elevations. Please refer to Hyde et al., 2005, 
for further discussions regarding waveform analysis for mountain environments. 
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A further source of error may be the control DTM itself. The DTM has a stated height accuracy of 2.5m or 5m, 
with lower accuracy of this product found in mountain and moorland areas (Digimap, 2010). This may contribute 
to the discrepancies found between GLAS estimates and the DTM at problematic locations. 

A large variation is seen between yield model predictions and estimates of vegetation height from GLAS 
waveforms (R2 = 0.37). Whilst top height is shorter than maximum vegetation height (being defined as the mean 
of trees with greatest diameter at breast height within 0.01ha sample plots (Edwards and Christie, 1981)) and 
error in estimated vegetation height from GLAS of several metres is expected (e.g. Lefsky et al., 2005; Rosette 
et al., 2008; Sun et al., 2008), these do not fully explain the discrepancies seen. 

Some caveats are noted for the country-wide yield model calculations carried out for this study. Where stands 
are newly-planted, height is calculated as zero whereas in reality planting stocking will typically be 20-60cm in 
height for stands less than a year old. Where stands are too young for available yield table data, linear 
interpolation is used between the first yield table age and zero, in order to predict top height. In fact growth is not 
linear and this may result in minor artefacts among heights of young stands. Finally, not all species’ growth 
curves are currently incorporated within the yield models which are available electronically. In some cases 
different models are applied for species with similar growth responses whilst some species are excluded from 
analysis where yield models are not available. 

Yield models provide a useful and well-established means of predicting vegetation parameters based on mean 
growth trends for given management practices and habitat conditions. However actual vegetation parameters 
may differ from those anticipated, particularly with increasing stand age at later stages of silvilculture 
(Forest_Research, 2009). 

Due to the broad footprint size, combined signals from sloped terrain and vegetation will adversely affect the 
ability to identify the ground. Additionally, slope alone broadens the returned signal from the ground and reduces 
its amplitude (North et al., 2010) meaning that the ground can be identified with less certainty. However ground 
has been found to be estimated to reasonable accuracy and consistency within GLAS waveforms (Sun et al., 
2008; Rosette et al., 2010). Canopy height variability and its effect on the ability to identify the canopy top is 
likely to be an important contributory factor to errors from waveform-derived estimates (Lefsky et al., 2007). 

Data collected within UK national forest inventory field plots may offer an independent means of assessing both 
yield model and LiDAR waveform estimates of forest parameters. Uncertainty is known within sub-compartment 
database records and, if LiDAR data can offer observations of vegetation height within suitable levels of 
accuracy, these may be used together with records of stand age to review the yield class assigned to a stand 
and revise this if necessary. 

The ICESat/GLAS satellite LiDAR mission has shown the potential capabilities of this technology for retrieval of 
biophysical parameters. Whilst the density of sampling and frequency of laser campaigns offer opportunities for 
repeat measurements which would not be feasible using conventional field measurements, a height error of 
several metres as currently found would produce a considerable discrepancy in carbon estimations (assuming a 
consistent bias or spatial patterns to errors). Future satellite LiDAR missions such as NASA’s DESDynI (NASA, 
2010) aim to significantly improve the density of LiDAR coverage and the accuracy of vegetation measurements. 
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Abstract 

Forest inventories collect individual geometric tree parameters such as diameter at breast height (DBH), tree 
height, stem profiles etc. which are relevant especially for forest industries or forest owners. For the next 
processing steps after felling and removing trees from forests information on geometry and dimension of the logs 
as well as on wood quality related parameters is of interest especially for wood industries. In this respect there is 
a special interest for branchiness. This paper presents an algorithmic approach to determine the parameters 
branch whorl height and branch number for the most valuable parts of coniferous trees. The difference between 
branch whorl heights delivers valuable information on the volume and the length of possible logs without 
branches. In combination with the results for branch whorl heights this supports the decision where stems should 
be cut into logs for optimizing results. The presented algorithm was tested in a field campaign 2009 in a Pinus 
pinaster plantation in South Africa. The promising results show that terrestrial lidar technology is able to deliver 
information on forests stands which are of interest for forest industries as well as for wood industries. This link 
can be considered as an important extension of sustainable management oriented forest planning because it 
provides holistic information for different actors within the forestry-wood-chain. 

IAPRS: international Archives of the photogrammetry, Remote Sensing and Spatial Information Sciences 

 

1. Introduction 
Tree branches are woody structural members connected to but not part of the central trunk of trees. Biologically 
they are of importance because they carry leaves, the above-ground plant organs specialized for 
photosynthesis. They also enable the transport of water and nutritions as well as of the results of photosynthesis 
between the stem and the peripherical organs of trees. 

 

From wood utilization point of view branches are the most important wood defects. Especially for the utilization 
with high demands for stiffness or strength i.e. for construction solid woods, boards with many branches or with 
widespread branches are unwanted. Also knottiness is a major factor in value timber recovery in sawmills. Costs 
of production processes of high value timber increase linearly with an increasing number of branches and knots. 

 

These stress ratio was the reason for many scientific projects in the past either on growth aspects of trees and 
branches or on the importance of branches for different wood utilization purposes. Representatives for the first 
group are e.g. Hapla et al. (2000), MacGuire et al. (1991), Mäkinen (1999), Meredieu et al. (2002), Moberg 
(1999), Persson et al., (1995), Polman et al., (1995), Sautter (1993), Stahl et al., 1995 or Witkowska (2008). 
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Examples for the second group are Agestam et al. (1998), Houllier et al. (1995), Jeffrey (1979) or Lippemaier 
(1977). 

In the past the quantification of branchiness at standing mature trees was nearly impossible and branch 
measurements at felled trees was a time consuming work. Especially this fact lead to a third group of scientific 
works which concentrated on the modelling of branchiness based on sampled field data. Works which 
concentrated on this aspect are e.g. Colin et al. (1992), Kellomäkki et al. (1999), Mäkinen et al. (1999 a and b, 
2001, 2003), Moberg (2001), Seifert (1999), Seifert (2003), Seifert and Pretzsch (2004) or Struck and 
Dohrenbusch (2000). Meanwhile new measurement technologies make it possible to achieve branchiness 
directly and more precise. The most important was the application of laser scanning technology for forest 
mensurational purposes. While airborne laser scanning is already established and state of the art for the 
achievement of areal forestry information terrestrial laserscanning is still under development for the application in 
forest practice (Roberts et al., 2007). The advantage of terrestrial laserscanning technology is that it is capable 
to measure single standing trees in details with high accuracy. In the last decade an increasing number of 
scientific studies have been done in this field. Hopkinson et al. (2002) evaluated a ground based lidar scanning 
system to assess its potential for tree-level forest mensuration data extraction. They found that all parameters 
(stem location, tree height, DBH, stem diameter and timber volume could be measured with good accuracy. 
Thies et al. (2004) developed a method and an algorithm for reconstructing the three-dimensional surface of 
stems based on terrestrial lidar data. They applied their methods for the reconstruction of a European beech tree 
(Fagus sylvatica) and a Wild Cherry tree (Prunus avium) and discussed suggestions for the further development. 
Henning and Radtke (2005) describe methods for indentifying trees in range images and co-registering range 
images from different vantage points. They also compared upper-stem diameters and branch heights derived 
from the range images to measurements made after the felling of a scanned collective of nine Pinus taeda trees. 
Results showed excellent agreement between the lidar-derived diameter estimates and caliper measurements 
for bole sections below the base of live crown. Less accurate estimates (<2 cm) were obtained for stem heights 
up to 13m. Results indicated the potential for accurate assessment of branch and whorl heights using ground-
based scanning-lidar, with the greatest accuracy likely to be realized for branches near the base of the live 
crown and below it. Watt and Donoghue (2005) worked on the derivation of the most important forest inventory 
related parameters with TLS-technology. The results are conform to the results from Hopkinson et al. (2002). 
Bienert et al. (2007) presented an algorithmic approach to extract forest inventory related parameters 
automatically from three-dimensional TLS-point-cloud-data. The combination of already evaluated methods and 
its improvement lead to promising results towards a semi-automatically or automatically software system for the 
derivation of forest inventory parameters from this point clouds. Besides the volume results for grading purposes 
especially branchiness related information is of interest because this is the most important economically yield 
influencing factor. Particularly interested in this topic is plantation forestry with its main focus on economical 
optimized yield but it has also a big relevance for multifunctional forestry which has the aim to optimize wood 
production as well as several other functions. However, only a few attempts have been made to assess 
branchiness (Seifert and Seifert, 2006). 

Within this study we concentrate on data from a Maritime pine plantation in South Africa. Maritime Pine (Pinus 
pinaster) is a pine originally native to the western Mediterranean region. The natural range ot the species 
extends from Portugal and Spain north to southern and western France, east to western Italy, and south to 
northern Morocco, with small outlying populations in Algeria and Malta (possibly introduced by man). It generally 
occurs at low to moderate altitudes, mostly from sea level to 600 m, but up to 2000 m in the south of its range in 
Morocco. It is widely planted for timber in its native area, being one of the most important trees in forestry in 
France, Spain and Portugal. It has become naturalised in parts of southern England, South Africa and Australia 
(Schütt et al., 1992). 

The aim of this study is to gain preliminiary information on the possibility to assess branchiness by terrestrial 
laserscanning technology in plantations. It focuses on the partial aspects of the heights of branch whorls and the 
assessment of the number of branches at a whorl in the most valuable, lower parts of the stems. This study 
excludes the aspect of the possibility to measure branch size itself. Within this study an algorithm is developed to 
obtain the mentioned parameters automatically from three-dimensional laser scanning data. The accuracy of this 
algorithm is tested for data gained in a field campaign in a 30-year-old Maritime Pine plantation in the Western 
Cape Region (South Africa). 
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2. Material and Methods 

Site description 

The site where LIDAR measurements were made is compartment A33a of the La Motte MTO plantation. The 
area is situated about 3 kilometres west of the town of Franschoek in the Western Cape province of South Africa 
(Latitude 33° 54’ 54” South, Longitude 19° 05’ 20” East and Altitude 285m). The area has a Mediterranean 
climate with most rainfall in the cool winter months (MAP 950mm). Summers are normally dry and warm. The 
site is on a mid slope with steep to very steep terrain. The geology of the area is sandstone with shallow sandy 
to sandy loam dystrophic soils with a maximum depth less than one metre and a large percentage of the site 
with a rooting depth of about 50 cm. The limitation in depth is due to sandstone rock from which the soils were 
derived. 

Description of the measurement device 

For this study a Trimble FX phase shift terrestrial laser scanner was used. A technical description is given in 
table 1. This scanner was positioned four times on each edge of the stand. Data was processed after a co-
registration of all settings. Laser scans were done in June 2009. Data was filtered by the “small areas”-filter form 
Trimble FX controller software to get rid of the noisy small areas especially in the crown and needle region. The 
application of this filter in combination with the maximum range (c.f. Tab. 1) of the used Trimble FX scanner lead 
to data sets with a high level of detail for stem axis and branches. 

Table 1: Technical description of Trimble FX phase-shift terrestrial laser scanner 

Performance 
 

System Specifications 
 

Physical 
 

Range1,2. up to 31 m single 
pass; 
38 m double pass 

 

Scanning speed . 175,000 
points per second 
Typical scan time . 5 minutes 
(single pass) 

 

Standard deviation (range). 1 
mm @ 15 m single pass, 
0.3 mm @ 15 m double pass on 
90% reflectivity 

 

Target acquisition . std dev. <1 
mm @ 15 m 

 

Scan resolution. configurable: 
1.5 mm @ 10 m; 
4.2 mm @ 27 m 
Spot size. 2.3 mm @ 5 m; 8.6 
mm @ 25 m 

Scanner type. phase shift high 
speed scanner 

 

Laser wavelength. 690 nm (red) 
Laser type. continuous wave 

 

Laser power. 15mWt 
Laser class: (IEC EN60825-1). 3R 

 

Angular resolution. 0.002° 
Field of view. 360° x 270° 

Dimensions. 466 mm L x 172 mm 
W x 245 mm H 
Weight .11 kg (24 lb) 
Power Supply 
• DC 18-24V Li-ion battery (4 hours)
• AC 110–220V 
Power consumption. 30 W (55 W 
peak) 
Carry on case . 559 D x 355 W x 
229 H mm 
(22 in D x 14 in W x 9 in H); weight 
5.4 kg (12 lb) 
[Conforms to most airlines 
requirements for carry on 
baggage3] 

 

Transportation case. 927 D x 902 
W x 508 H mm 
(36.5 in D x 35.5 in W x 20 in H in); 
weight 33.5 kg (74 lb) with scanner 
[Conforms to most airlines 
restrictions for checked baggage4] 
Environmental. calibrated 
Operating temperature. 5 °C to 45 
°C, in non-condensing atmosphere 
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Stand characteristics 

For evaluation purposes in the field diameter in breast height was measured as well as the height of branch 
whorls up to a height of 10 meters. The diameters in breast height of all standing trees were measured to the 
nearest diameter in August 2009, using a fibre diameter tape. Whorl heights were measured with a Mark IV 
height measurement instrument. The number of branches was counted from the ground after visual assessment. 
Within these study data for 31 trees were gained. Table 2 gives a short characteristic of the stand and a 
descriptive statistic on branchiness parameters of these data. 

 

Table 2: Stand characteristics of the test site near Franschoek  

Parameter Per scanned area Per ha 

Size of scanning area (20m*20m)  400 m²  

Number of trees in scanned area 31 775 

Mean diameter [cm] 29,1  

Mean height [m] 24,7  

Basal area [m²]  51,2 

Volume [m³]  639, 4 

 

Data preparation 

Data preparation was done with RiScanPro Software, version 1.4.3. The data was imported, the segmentation of 
the three-dimensional point cloud in trees was done manually with this software. Data for each tree was exported 
in text file format. Further processing steps were done with the statistical computing language R (R Core 
Development Team, 2010). 

 

For each manually separated tree data set, the data belonging to the ground or soil was eliminated automatically 
following a methodology presented by Teutsch (2007). This was done by subdividing the 3D-data for each tree 
according to their x and y-coordinates within four sectors of the same size. For each sector the point with the 
minimum z-value was found. With the plain3d of the scatterplot3d package of R a three-dimensional linear 
regression model was fitted to these points. Assuming that all datasets below the resulting regression plane are 
not part of the tree they were eliminated. 

 

Description of the algorithmic approach for automated determination of branchiness  

a) Virtual pruning 

Within the next processing step termed virtual pruning datapoints belonging to branches were eliminated from 
the point cloud around the stem. Therefore for a 25cm slice at the base of the tree as well as for top of the tree 
circles were fitted on the data. For the center of the circle at the base and at the top of the tree a cylinder was 
calculated with the doubled radius for the base circle, resulting in a frustrum of a cone. In the next step all data of 
the point cloud were eliminated which lied outside the frustrum. Figure 1 illustrates this processing step 
schematically. 
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Figure 1: Schematical Illustration of the virtual pruning processing step for tree no. 37 of Franschoek Plantation. 

Red marked data points outside the frustrum of the cone have been removed for further processing steps. 

 

b) Circle fitting and testing its goodness of fit 

Within the next step we assumed that it is 
possible to detect branch whorls by the results of 
circle fitting to stem axis. For parts of stem axis 
without branches circle fitting should work very 
well while the goodness of fit within branch whole 
sections should be worse due to additional points 
of the branches on the laserscan. Therefore after 
the virtual pruning step circles where fitted on the 
resulting tree data, slicing the stem in vertical 
distances of 5cm. On these slices the least 
square circle fitting routine of the circular package 
of R was applied. Figure 2 shows the goodness of 
fit (expressed by QFactor) exemplarily for one 
tree out of the data set. A threshold value of 0.1 
(determined based on a variation for all trees and 
a comparison of the results with field 
observations) was set for all trees. This treshold 
seperates good and bad circle fits. Following the 
values along the stem axis from the ground to the 
top it was assumed that first time the QFactor 
value was higher than the set threshold value the 
height was reached where a branch whorl is 
located. (It was also assumed that below a height 
of 1.5m no branch whorl exists). 

Figure 2: Goodness of fitting values for tree no. 37 
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c) Density based clustering for determination of the number of branches at a whorl  

At a distance of 25 cm over the determined height of the 
branch whorl a 10 cm slice was cut out of the data sets for 
each tree. These slices contain reflection data from the 
stem axis as well as from branches. On these data a 
density based cluster algorithm was applied (DBScan from 
the fpc-package in R; Ester et al., 1996) which tries to 
build separate clusters for each branch as well as for the 
stem axis. Figure 3 shows the data for such a slice and the 
results of application of the DBScan algorithm. The 
resulting number of branches was calculated by the 
following term: 

Number of branches per whorl = number of clusters – 1 

This subtraction takes into account that one cluster for the 
stem axis was generated. 

 

 

Figure 3: 10 cm slice at a distance of 25 cm above a 
calculated branch whorl height. Branches and stem axis 
are drawn in different symbols as a result of the 
application of the DBScan algorithm. 

3. Results 

Dbh-measurement 

Figure 4 shows a comparison between the measured 
dbh (diameter in breast height) in field and the 
automatically calculated dbh. The relationship is linear 
and positive (ad. R²=0.96). The mean difference 
between field measured dbh and automatically derived 
dbh is -0.45cm which lead in consequence to an 
underestimation for terrestrial laser scanner data. To 
test the fitted values linear RMA regression (package 
smart) was applied on the data. The estimate of the 
slope (b) = 1.010335 with confidence limits {0.937799; 
1.088482} indicates that the hypothesis (H0<>1) can be 
rejected as the value b is contained in the interval of 
95% confidence limits. The hypothesis that the 
elevation differs significantly from 0 can be rejected as 
the value of a lies in the interval of 95% confidence 
limits. 

Figure 4: Comparison of field measurement vs. 
automatically scanner derived dbh-values for Pinus 

pinaster trees in Franschoek study area. 
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Branch whorl heights 

In figure 5 (a to c) a comparison for the automatically derived branch whorl heights and the heights measured in 
field is shown.  

For the lowest, first whorl (fig. 5a) above the ground the mean value for the manual measurement was 5.33 m 
while automatically determined value value was 5.35m. The relationship between both shown in figure 5 a is 
also linear and positive with an adjusted R²-value of 0.92 for RMA regression. Also the estimates for the slope 
and the elevation indicate that neither slope differs from 1 nor elevation differs from 0. 

 

For the second whorl (fig. 5b) the mean value for the manual measurement is 6.98 m while the automatically 
derived value is 7.08m. Here also the relationship is linear and positive (ad. R²=0.88). There also the estimates 
for the slope and the elevation indicate that neither slope differs from 1 nor elevation differs from 0. 

 

For the third whorl (fig. 5c) the mean value for the manual measurement is 8.55 m while the automatically 
derived value is 8.97m. Here also the relationship is linear and positive although variance increased (ad. 
R²=0.67). Also the estimates for the slope and the elevation indicate that neither slope differs from 1 nor 
elevation differ from 0. 
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Figure 5 (a-c from left to right): Comparison of field measured branch whorl heights and automatically derived 
heights from terrestrial laser data for the first 3 whorls above the ground within the most valuable parts of the 

Pinus pinaster trees in the Franschoek study area. 

To ensure that branch numbers got compared for the same whorls a manual verification and in some cases new 
assignment of comparable branch whorls took place. In figure 6 the deviation between the automatically 
computed number of branches per whorl and the counted number from the ground is shown. For the first whorl 
above the ground the developed algorithm found in 13 cases an identical number of branches and in 18 cases a 
lower number. For the second whorl in one case one branch more than counted from the ground was detected 
by the automated system, in twelve cases it was identical and in 18 cases there was a negative deviation. For 
the third whorl there was also in one case a positive deviation by one, an identical number in 16 cases and a 
negative deviation in 13 cases. 
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Figure 6: Deviation between the automatically derived number of branches at the trees in Franschoek Pinus 
pinaster plantation and the counted number from the ground. “Minus one” indicates for example that the number 

of branches detected by the developed algorithm was lower by one than the number of branches at a whorl 
counted from the ground. 

 

4. Discussion 
The cross-section or the diameter in breast height can be modeled by different geometric shapes, such as 
circles (Henning et al. 2004, Bienert et al., 2006), B-Splines (Pfeifer and Winterhalder, 2004), polygons (Wezyk, 
2007) or cylinders (Pfeifer et al., 2004, Hopkinson et al., 2004, Thies et al., 2004). Within this study we applied 
circle fitting statistics because tests have proven that this methodology is more robust especially for sliced data 
with no complete arcs. The comparison between traditional dbh measurement in field and terrestrial laser 
scanning derived values has shown a high level of accordance which supports the results of Hopkinson et al. 
(2004) or Wezyk et al. (2007). This shows that it is possible to obtain reliable dbh values automatically from 
terrestrial laser scan data for this simple stand situations (homogenous stand structures, no undergrowth layer, 
regular stem shape a.s.o.). 

In the past only a few scientific papers dealt with the derivation of branchiness related topics from terrestrial laser 
scanning data. Although Henning and Radtke (2006) did not provide a rigorous comparison of branch 
measurements with lidar derived estimates they concludes that the possibility is given that ground based lidar 
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could be used to determine branch heights at or below the base of the live crown as well as parameters like 
branch diameters, azimuth, inclination or possible length. The results of these study support this opinion. For 
plantation trees in South Africa good results were found for the branchiness parameters “branch whorl height” 
and “number of branches per whorl”. For the first considered parameter the level of accordance between field 
measurements and the estimations from terrestrial laser scanner data decreased with an increasing distance of 
the whorl above the ground. One reason for this finding could be that there have been problems in the definition 
of the “height of a branch whorl” for the traditional measurements. A closer look on the laser derived data has 
shown that in some cases within the field campaign whorls were recorded which have not been whorls but only 
single branches within the internodial sections of the stem. The developed algorithm can be readjusted to detect 
each irregularity within the stem axis so that for this parameter no further development should be necessary in 
the future. For the second parameter “number of branches” within this study a tendency towards an 
underestimation for the automatically derived number estimation was found. The reason for this might be the 
sub-optimum positioning of the scanner at the edges of the Pinus pinaster stand. Further studies should work on 
an optimization of the positioning of terrestrial laser scanning devices in forest stands to receive optimum results.  

 

Within this work deliberately the diameters of branches got not computed e.g. following a methodology 
presented by Pfeifer and Winterhalder (2007) because no validation data was available. Further works should try 
to derive information on this third branchiness related parameter as well. Also further development could try to 
compare automatically TLS based branch diameters with results of well calibrated models for this tree species. It 
was obvious that the lower branch whorls could be detected with the presented method. Branch whorls and 
branch diameters higher up the crown were usually not detectible because of shading effects of the stem and 
lower crown parts in Pinus pinaster. Methods to determine with mathematical models based on lidar measured 
crown shape information have been proposed here (Seifert and Seifert, 2006). 

 

5. Conclusions 
The results of this study have shown that it is possible to achieve information on the branchiness related 
parameters “whorl height”, which is relevant for the yield of branchless bole sections and “branch number per 
whorl” for simple stand situations in plantations more or less automatically from terrestrial laser scanning data. 
The presented algorithmic approach should be extended by a method for optimization of the positions of the 
terrestrial laser scanner to each other. Further on the virtual pruning step should be advanced for irregular stem 
forms. 

The application of the presented methodology on data of tree stands, which are more structured vertically and 
horizontally, and the comparision with traditional field measurements should give indices for further 
improvement. 

 

Nevertheless the developed algorithm is considered to be a first practicable approach to deduce wood property 
features from external high detail measurement of standing trees with a modern technical device. Further 
applications could try to integrate this branchiness information from terrestrial laser scanner data in sawing 
simulation programs (Murphy, 2009; Seifert, 2010) which would enable a more precise determination of the 
economical optimized time of harvesting of trees in the future. 
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Abstract 

The semi-individual tree crown approach (semi-ITC) was used to predict crown base heights (CBH) on the level 
of single crown segments based on airborne laser scanning (ALS) derived metrics. The root-mean-squared-
differences (RMSD) on the segment level were smallest for spruce. However, they were larger than the standard 
deviation of the measured CBH for pine and birch. The RMSD values were also larger compared to other 
studies. This can in part be explained by the fact that the semi-ITC approach incorporates errors of the 
segmentation algorithm. As a consequence, all instead of only correctly identified trees were considered in 
modeling which results in more realistic RMSD values. After aggregating the individual segment predictions to 
the plot level, the RMSD values were smaller than the standard deviations of the field measurements and 
comparable to other studies. The relative RMSD values for birch, spruce, pine and all species were 51.61, 35.22, 
49.28, and 13.89%, respectively. 

Keywords: Forest inventory, timber quality, individual tree crown segmentation, nonparametric regression 

 

1. Introduction 
Over the last few years, many studies have focused on extracting individual tree properties from airborne laser 
scanning (ALS) data. While paying attention mainly to the tree segmentation algorithms, it has been common 
practice to just consider “correctly identified” segments in the subsequent analysis of tree properties to be 
predicted. Thus, segmentation errors inherent in most segmentation algorithms have to a large extent been 
neglected. The small number of studies attempting to use information from individual tree crown segmentation 
algorithms (ITC) for forest inventories have generally resulted in biased estimates after aggregation to larger 
units such as stands. Although forest inventories based on ITC have been offered as a commercial product for 
some time, it is just recently that statistically sound approaches allowing unbiased predictions using ITC have 
been described (Breidenbach et al. 2010; Lindberg et al. 2010). 

In addition to variables such as timber volume and tree species, information on timber quality is essential for an 
efficient forest management. Consequently, crown base heights (CBH) are, due to their close relation with the 
branch distribution along the stem, measured in several forest inventory programs. Various studies using either 
the area-based (Andersen et al. 2005; Maltamo et al. 2010) or the ITC approach (Næsset and Økland 2002; 
Popescu and Zhao 2008; Maltamo et al. 2009) have shown the prospects of ALS for predicting the crown base 
height.  

 

In this study, we apply the ITC approach proposed by Breidenbach et al. (2010) and analyze its ability to predict 
the crown base height. Because the approach accepts none, one, or several trees to be within a given segment, 
it is called “semi-ITC”. As a consequence, variance induced by errors in the segmentation of tree crowns is 
considered inherently which allows for a realistic computation of error statistics. 
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2. Material and methods 

2.1 Data 

The study area is located in the municipality of Aurskog-Høland, in southeast Norway. The managed forest 
under consideration is dominated by Norway spruce (Picea abies) and Scotch pine (Pinus sylvestris), which 
together have a proportion (based on timber volume) of 91%. The most common deciduous tree species is birch 
(Betula spp.) with a proportion of 6%. 

Field work was carried out in the dormant season of 2007-2008. Species, tree position and diameter at breast 
height (DBH) were measured for all trees with a DBH >5 cm on circular plots of size 1000 m2 (36 plots) and 
500 m2 (4 plots). On each plot, crown base height (height to the whorl with living branches in 3 of 4 quadrants) 
was measured on a sample of 10 and 5 trees of the dominant and co-dominant species, respectively. The CBH 
of the unmeasured trees were predicted based on species-specific models based on DBH and plot basal area 
developed from the measured trees. The stem volume of each tree was computed by means of volume 
equations based on diameter and height as predictor variables. A total of 4002 trees were tallied. A 
measurement of the CBH was available for 680 trees. 

The ALS data were acquired on 12 June 2006 from an altitude of approximately 800 m above ground. The 
Optech ALTM3100 scanner was operated with a scanning angle of +/- 5° and a beam divergence of 0.3 mrad. 
The scanner setup resulted in a point density of approximately 7.4 m-2. In addition to elevation measurements, 
intensity values were recorded for every echo. 

Aerial images were acquired on 29 June 2005 with a Vexcel UltraCam D digital camera from 3100 m above 
ground. The sensor resolution was 7500x11500 pixels in the panchromatic and 2400x3680 pixels in the 
multispectral bands. The near infrared (NIR), red (R), and green (G) bands were available for analysis.  

2.2 Methods 

The semi-ITC approach can roughly be subdivided into four steps: i) data preparation, ii) delineation of crown 
segments and computation of explanatory variables, iii) data analysis and statistical modeling, and iv) imputation 
of nearest neighbors and upscaling to larger areas such as plots or stands. See Breidenbach et al. (2010) for 
further details. 

The data preparation, i.e. step i), includes derivation of digital elevation models, normalization of ALS elevations 
to derive heights above ground, and fusion of ALS and optical data. Once the basic data were available, crown 
segments were delineated (Solberg et al. 2006) from the canopy height model as part of step ii). A total of 2283 
segments had their centroides within a sample plot. The segments were then characterized by their areas as 
well as metrics (Næsset 2002) derived from the ALS height. Mean values per segment were derived for each 
segment from the ALS intensity and multispectral data. Subsequently, the segments were intersected with the 
trees measured on the ground to combine remote sensing and field data. For segments containing more than 
one field measured tree, single tree volumes were summed up by species and the mean crown base height was 
determined.  

The same remote sensing derived metrics as selected by Breidenbach et al. (2010) comprised the predictor 
variables that were used to model the proximity between crown segments in step iii). The predictor variables 
used were metrics such as mean and maximum height, segment area and canopy density measures. Using 
mean CBH as well as total and tree species-specific timber volumes per segment as responses, a most similar 
neighborhood (MSN) (Moeur and Stage 1995) model was fitted. This statistical model basically allows 
determining the similarity of crown segments in terms of their covariates. Consequently, response variables from 
nearest neighboring segments with observed ground truth values (references) were used for predictions of 
segments without ground truth values (targets). At this point, it seems worth noting that segments without 
measured trees belonged to the references to avoid overestimates caused by oversegmentation errors.  

In step iv), a cross validation procedure was applied in which all segments from one sample plot were left out at 
a time. The segments with cross-validated predictions were then joined with the other segments that were not 
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used for modeling but had their centroid within a sample plot. Subsequently, the predicted response variables of 
the segments within a sample plot were aggregated on plot level to derive tree species-specific CBH. The root-
mean-squared-difference (RMSD) as the square root of the difference between observed and predicted values 
was used to assess the goodness-of-fit of the models. See Breidenbach et al. (2010) for further details on the 
data and methods. 

3. Results and discussion 
The comparison of predicted and observed CBH at the segment level revealed that a considerable amount of 
variation remained unexplained (Table 7, Figure 4 A). The CBH prediction with ALS was best for spruce. The 
RMSD values of birch and pine were even larger than the standard deviation. This indicates that a null-model 
(i.e., the mean measured CBH) is better suited for a prediction of CHB for these tree species on the segment 
level than the model based on ALS derived variables. A less accurate prediction of CBH for deciduous trees 
based on ALS metrics was also observed by Popescu and Zhao (2008). However, their prediction of CBH for 
American pine species was very accurate. 

The reported RMSD values are larger compared to other studies carried out on the single tree level (cf. Popescu 
and Zhao (2008) and references therein). This may in part be explained by the fact that in our study 
segmentation errors were considered in the prediction instead of reporting predictions of the correctly identified 
trees only. The correctly identified trees are in tendency the large trees. Consequently, considering only them for 
analyses may result in overoptimistic results. 

Upscaling the segment predictions to the plot level resulted in all RMSD values of the CBH being smaller than 
the standard deviation of the field data (Table 8, Figure 4 B). This positive effect of aggregating predictions of 
segments to the plot level was also observed for other response variables (Breidenbach et al. 2010). While tree 
species-specific results are often not reported, the RMSD of CBH for all species is slightly better than was found 
in other studies (see Maltamo et al. (2010) and references therein). Nonetheless, it should be noted that since 
the response variable (CBH) was not measured but predicted for many of the trees based on DBH and plot 
basal area, the actual variance was most likely somewhat underestimated. 

While the results are promising, considering other predictor variables and tree species-specific CBH as response 
variables during modeling may further improve the prediction accuracy. 
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Figure 4: Observed vs. predicted crown base height (CBH) on the segment level (A) and aggregated to plot level 

(B). 
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Table 7: Comparison of observed and predicted crown base heights at the segment level. 

 Mean of field 
measurements 
(m)* 

Standard 
deviation of 
field measure-
ments (m)* 

Coefficient of 
variation of 
field measure-
ments (%) 

RMSD (m) RMSD (%) 

Birch 0.86 2.61 302.28 3.32 384.89 
Spruce 3.07 3.91 127.21 3.33 108.43 
Pine 3.52 4.68 132.77 4.80 136.22 
All species 6.31 3.81 60.45 3.75 59.41 

      * Empty segments were considered as zero CBH. 

 

Table 8: Comparison of observed and predicted crown base heights aggregated to plot level. 

 Mean of field 
measurements 
(m) 

Standard 
deviation of 
field measure-
ments (m) 

Coefficient of 
variation of 
field measure-
ments (%) 

RMSD (m) RMSD (%) 

Birch 6.46 3.96 61.29 3.33 51.61 
Spruce 4.64 2.94 63.26 1.63 35.22 
Pine 8.74 4.40 50.30 4.31 49.28 
All species 7.10 1.92 26.99 0.99 13.89 
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Abstract 

Sitka spruce (Picea sitchensis (Bong.) Carr.) represents 49.2% of all conifer species planted in Britain. Initial site 
conditions and management practices have profound impacts on the final quality of home-grown timber. To 
measure the impact of different silviculture strategies, a timber quality model for Sitka spruce is being developed 
at Forest Research. The Timber Quality model for Conifers (ConTQ) focuses on compression wood, stem 
straightness, wood density, spiral grain angle, branchiness and knot density. 

ConTQ was tested with airborne LiDAR data taken in 19 50m x 50 m plots in two study areas in Britain, 
managed at different thinning intensities. Canopy Height Models generated from LiDAR were analysed in 
Definiens professional, where a ruleset for delineating individual tree canopies was constructed. This procedure 
creates tree lists containing parameters such as tree height, dbh, canopy length, canopy width and the spatial 
location of each individual. Those lists were entered into the Canadian TASS model for running realistic 
scenarios of growth over 20 years.  

The analysis of the time-series scenarios generated from TASS using baseline cartography from LiDAR shows a 
power law relationship between Dominance status, defined by a ratio between active and potential foliar volume 
for each tree, and two timber quality parameters: stem straightness and wood density. These relationships are 
dynamic and change in time as a result of tree growth and management practices.  

The results show volume increment associated to age and Site Index (SI) to be inversely correlated to Wood 
Density. On the contrary, Stem Straightness is directly correlated to volume increment and its effect is lowered 
by wind exposure. Spacing has a detrimental effect on straightness and wood density. The use of Dominance 
helps to understand the spatial variability of the timber quality parameters being analysed and its likely progress 
in time, especially after thinning operations or the impact of windthrow. 

1. Introduction 
Forest cover in Britain extends over 2.8 million hectares, representing about 12% of the total land area of the 
country (Forestry Commission, 2007). Most of the plantation effort was undertaken in the uplands between 1950 
and 1990, characterised by a rapid process of afforestation in areas of difficult terrain, aided by improvements in 
cultivation techniques and machinery.  

The majority of the species being planted were conifers. Although, Sitka spruce (Picea sitchensis (Bong.) Carr.) 
alone covered 730,000 hectares or 49.2% of all conifer species in 2007. Three quarters of those plantations 
happened in the uplands of Scotland and Northern England (Forestry Commission, 2007).  

As most plantations from the 1960s are coming into production now, some concern has grown about the 
characteristics and properties of the timber being harvested. According to Macdonald and Hubert (2002), the 
general trend is for increasing knot sizes, reduced wood densities, increased juvenal core size and higher 
percentages of compression wood. These problems are associated to a progressive widening of initial spacing 
over the years and wind exposure.  
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Therefore, the primary aims of this work will be to determine the capability of Airborne Laser Scanning (ALS) for 
mapping the allometric characteristics and the spatial location of individual trees growing on a commercial stand. 
Then, a distance-dependent model (TASS) will be used to determine the dynamic components that determine 
tree growth based on competition between individuals and the ultimate establishment of a Dominance hierarchy. 
In this process, each Dominance type will be defined by its effective Foliar Volume (FV). This factor will be 
responsible for producing photosynthates in enough supply to sustain annual bole increment and configure the 
allometric characteristics of the stems. Finally, the Timber Quality model for Conifers (ConTQ) will be used to 
estimate the changes in stem properties, such as Wood Density and Stem Straightness, derived from the 
process of consolidation of the Dominance hierarchy in forest stands. 

A pending question relates to the capability of trees to adapt their physical stem properties in time in response to 
disturbances or man-made interventions. Therefore, TASS will be used to simulate dynamic responses of the 
stand community to structural changes during a 20-year simulation period. By growing trees in time and 
monitoring their changes in Dominance status, it will be possible to detect processes of adaptation in the quality 
parameters of the individual stems. 

Material 

Study areas 

Two monitoring areas were selected in Aberfoyle (SW Scotland) at 56º10’ N, 4º22’ W and Kielder Forest (North 
of England) at 55º 14` N 2º 35` W. Mensuration data were taken for 12 thinned plots at various levels of intensity 
in Aberfoyle and 5 unthinned plots in Kielder Forest. All plots were planted with Sitka spruce. 

Plot dimensions were 50 m by 50 m. The work was undertaken between 2002 and 2004, one month before and 
after the ALS surveys took place to avoid data decorrelation. Measurements consisted of diameter at breast 
height (DBH at 1.3 m) and the position of each tree (located with a Total Station and DGPS). Height and Canopy 
dimensions were taken only for a selection of trees with a Sonic Vertex III (Haglöf, Sweden). 

ALS data.  

ALS was acquired in September 2002 (Aberfoyle) over an area of 17.5 Km2. Kielder was surveyed in 2004, 
covering an area of 20 Km2. Both surveys were undertaken by the English Environment Agency using an Optech 
ALTM2033 scanner. Sampling density varied from 3-4 to 8-10 returns per m2 (Table 1). 

Table 9. Characteristics of the ALS surveys in the study areas 

Parameter Aberfoyle 2002 Kielder 2004 
Sensor Optech ALTM2033 Optech ALTM2033 

Date 19 September 
2002 

25 April 2004 

Laser pulse 
frequency 

33,000 Hz 33,000 Hz 

Flying altitude 1000 m 1000 m 
Beam divergence 0.3 mrad 0.3 mrad 
Scanning angle 20 degrees 10 degrees 
Sampling intensity 3-4 returns per m2 8-10 returns per 

m2 
Position accuracy X,Y < 40 cm X,Y < 40 cm 
Elevation accuracy Z < 9- 15 cm Z < 9- 15 cm 
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Data format First, last returns 
and intensity (8-
bit) 

First, last returns 
and intensity (8-
bit) 

The cloud points generated by ALS were processed in Terrascan 007.008 Software (Terrasolid Ltd, Finland) for 
filtering ground hits. 

Once the ground hits were selected, they were exported to Surfer 8.0 (Golden Software, USA) to be gridded into 
a Digital Terrain Model (DTM) using a kriging interpolation method with a linear model without anisotropy at a 
grid resolution of 0.5 m. First return points were also gridded using this method to create a Digital Surface Model 
(DSM). 

Finally, the subtraction of DSM and DTM produced a normalised Canopy Height Model (CHM) for each stand. 

Tree analysis  

A new canopy delineation algorithm was designed to identify the location and properties of each individual tree. 
This method used the CHM generated in the previous steps as an input data for a routine written for Definiens 
Developer 7.0 (Definiens Imaging, Germany). The characteristics of this canopy delineation algorithm can be 
found in (Suárez et al., 2009). 

The algorithm located tree tops and delineated individual crowns inside each plot. Three plots were randomly 
selected in each study area for training allometric functions. The selection of trees was done manually by linking 
detected individuals with measured trees in the field. Each detected tree canopy contained information about 
maximum pixel height (i.e. the height of the tree) and canopy area. These two parameters were used to 
construct a ALS-based model showing the true Height and the DBH for each individual tree. The models were 
run in SAS (SAS Institute Inc. USA) to look at all possible combinations and to select those models statistically 
more significant. Table 2 shows the models for Height and DBH in the two study areas. 

 

Table 2. Height and DBH recovery models from ALS. H is the LiDAR Height and A is the Crown Area.  

Year model R2 Equation P-value 
Intercept 

P-value  
first param. 

P-value  
second param.  

Aberfoyle Height 0.96 5.359+0.653*H+0.008*H2 0.06 0.009 0.148 

n=80 DBH 0.88 11.728+1.709*H+0.458*A 1.8E-06 1.17E-26 8.21E-17 

Kielder Height 0.99 0.462+1.009*H 0.1943 <0.0001 N/A 

n=39 DBH 0.79 -3.384+1.306*H+0.208*A 0.315 <0.0001 0.0034 

 

The results provided a level of detection of individual trees of 85% in Aberfoyle and 91% in Kielder. Height was 
accurately predicted in both areas (c.100%), whereas DBH was overpredicted by 10%. 

 

2. Methods 
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The ConTQ model 

ConTQ is a model developed at Forest Research used to simulate wood properties in forest stands (Gardiner et 
al, 2005). It focuses mainly on Sitka spruce, as this species remains the main crop in the country. The model 
takes yield class, mean DBH, Top Height and thinning regime as inputs. The use of yield models allows ConTQ 
to simulate scenarios of possible wood property changes that may be introduced by site conditions and 
management regime (i.e. thinning intensity) up to the age of the simulation. 

The tree height and diameter estimates derived from the yield models are used as inputs into a taper function 
that specifies an annual average stem profile for the mean tree in the stand. A tree density profile is then derived 
based on calculated ring widths from the taper model and ring number (from the pith) for all locations along the 
tree stem. The diameters along the stem profile are calculated using the Achim et al., (2006) taper model as a 
function of height above ground, tree height and age: 

( ) ( ) ( ))/(
3

/1(
5

421 1./1 HtzHtz eHtzDBHd θθθ θθ −−+ +−=
 (cm) 

(1) 

where: 

    
⎟
⎠
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⎜
⎝
⎛−=

dbh
Ht00246.09448.01θ

 

    2 0.356 0.00838Ageθ = − −  

    3422.03 =θ  

4 3.0361 0.1892Ageθ = +  
8478.05 =θ  

 

d = stem diameter over bark at height z above the ground (cm) 

z = height along the tree stem above the ground (m) 

Ht = total tree Height (m) 

 

The Specific Gravity (SG) model is used for estimating wood density at 0% moisture content. The model has 
been derived from the analysis of discs taken at different test areas in Scotland using a CT-scanner. The general 
formulation of the model is a function of Ring Number (RN) and Ring Width (RW):  

 

( /5.3193)0.4322 (1 0.5829 ) (1 0.0020 0.0472 )RNSG e RN RW−= ⋅ + ⋅ ⋅ + ⋅ − ⋅   
(2) 

 

The SG values are then multiplied by 1,000 to generate wood density values in kg m-3.  

The Stem Straightness (SS) model is empirically derived as a function of DBH and DAMS. DAMS is a scoring 
system and it is used within the ForestGALES model to measure local windiness. The DAMS scores have been 
calculated for the whole country in 50 m x 50 m grid intervals (Bell et al., 1995). The formulation of Stem 
Straightness in ConTQ is:  
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0.855 0.0398 0.1147SS DAMS DBH= − ⋅ + ⋅   
 

(3) 

Running the ConTQ model with tree lists generated by TASS 

The tree lists generated by ALS were entered into the TASS model (Mitchell, 1975) in order to run a 20 year 
growth simulation (Figure 1). The scenarios produced by the model were used to estimate annual increments on 
Height, DBH, Canopy Length, Canopy Width, Foliar Volume (FV) and Maximum Foliar Volume (FVmax). 
Dominance status was calculated for each tree as -ln(FV/FVmax) for each year. 

 
Figure 1. Growth simulations with TASS using tree lists generated by LiDAR. 

The tree lists generated from TASS were input into the ConTQ model, containing information about each 
individual tree: Tree ID (integer), Eastings and Northings (m), Tree Height (m), DBH (m), Yield Class (m3 year-1 
ha-1), Canopy Length (m), Canopy Width (m) and Canopy Area (m2).  

The Wood Density and Stem Straightness values were then calculated for each tree in a plot at the year of 
reference (2002 in Aberfoyle and 2004 in Kielder Forest) and at 5-year intervals afterwards.  

Top Height and Mean DBH were used in ConTQ to grow each individual tree backwards in time. Top Height and 
mean DBH at the year of reference were used to create the average tree dimensions in each plot. Then, the 
individual tree values were divided by the mean tree. The ratio of each individual tree in relation to a mean tree 
allowed the program to calculate the annual ring increments from the planting year using the taper model 
described in Eq. 1. Ring Number (RN) and Ring Width (RW) were derived from Age and individual DBH and 
Height value increments each year.  

SG was calculated for each ring using Eq. 2. As Moisture Content (MC) was 0%, the SG had to be corrected for 
Mass and Volume increments at 12% MC (average moisture content in commercial timber products). This was 
undertaken using Simpson (1993):  
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(4) 

 Where,  SGB = Basic Specific Gravity (at MC 12%),  

SGM = Specific Gravity of wood being measured,  

   MC = Moisture Contents (in this case 12%) 

The SGB values were converted into wood density in kg m-3 by multiplying it by 1,000. The estimated Wood 
Density was presented in the model as the average value for each ring. Figure 2 and Table 3 depict an example 
of the estimation of Wood Density along the stems of different Dominance types.  

Dominant trees were characterised by rapid annual volume increments. Average density for the entire stem was 
low compared to other classes but standard deviation was larger. The main source of variability was the juvenal 
core (depicted in red in Fig. 2 close to the pith at radius = 0).  

Suppressed and meta-suppressed were characterised by a slower Volume increment than dominants. This 
created narrow growth rings, where early wood was not well developed and late wood became proportionally 
more important. This situation produced higher Wood Density values. Table 3 displays larger average density 
values for the suppressed and meta-suppressed in comparison with the rest of the trees. In addition, the juvenal 
core seemed to be smaller in the lower ranks.  

Stem Straightness values were negatively correlated to windiness and positively to DBH (Eq. 3). Trees growing 
in the most exposed sites developed poorer stem forms. Likewise, smaller trees develop poorer forms than other 
with larger diameters. The connection between DBH and Stem Straightness in Sitka spruce suggested two 
possible mechanisms: leader losses and competition for light. 

 

Table 3. Example of Wood Density values estimated for five Dominance classes in Aberfoyle Plot 1 (kg m-3).  

Dominance -
Ln(FV/FVmax)

mean sdev max min 

Dominant 0.87 444.11 136.63 781.78 316.40 
Co-Dominant 1.51 446.91 101.87 781.78 358.45 
Subdominant 2.49 468.61 64.76 781.78 402.22 
Suppressed 3.50 474.41 62.08 781.78 403.54 
Meta-
Suppressed 10.44 521.87 57.52 781.78 458.58 
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Figure 2. Example of Wood Density at different parts of the stem estimated by ConTQ for five different 
Dominance classes (-Ln(FV/FVmax)). The X-axis represents DBH (cm) and the Y-axis is Height (m).  

3. Results 

Aberfoyle 

Wood Density and Stem Straightness were calculated for each tree in the 12 plots in Aberfoyle for the simulation 
period after the reference date. The results were analysed at five yearly intervals (year 5, 10, 15 and 20). Power 
Law models were fitted to relate Dominance status and timber quality properties (Table 4 and 5).  

Table 4. Power Law models of Wood Density against Dominance. The Power Law equations are shown in the 
left columns from year 5 until year 20 (end of the simulation). The right columns show the coefficients of 

determination (R2) for each model.  

Density YR5 YR10 YR15 YR20  R2 YR5 YR10 YR15 YR20 
Plot1 380.30x0.106 391.19x0.0954 396.92x0.0928 403.26x0.0937  Plot1 0.62 0.69 0.68 0.75 
Plot2 399.49x0.1643 410.76x0.1074 415.59x0.085 419.56x0.0793  Plot2 0.42 0.54 0.52 0.54 
Plot3 384.74x0.1288 396.26x0.1103 403.08x0.1018 409.41x0.1027  Plot3 0.50 0.61 0.65 0.67 
Plot4 392.89x0.0886 402.60x0.0806 408.41x0.0788 413.00x0.0838  Plot4 0.60 0.71 0.71 0.73 
Plot5 406.99x0.1133 413.84x0.1022 418.53x0.0936 421.87x0.0941  Plot5 0.63 0.72 0.74 0.73 
Plot6 408.62x0.1387 418.79x0.0975 423.59x0.0884 428.50x0.0782  Plot6 0.56 0.60 0.62 0.62 
Plot7 387.30x0.093 392.76x0.0858 399.00x0.085 403.43x0.088  Plot7 0.68 0.76 0.74 0.76 
Plot8 376.75x0.0744 381.19x0.087 385.78x0.0938 392.90x0.0927  Plot8 0.68 0.80 0.77 0.76 
Plot9 388.92x0.0839 393.03x0.0853 399.27x0.0835 404.28x0.084  Plot9 0.58 0.69 0.75 0.76 
Plot10 389.42x0.1117 399.14x0.1014 405.56x0.0956 410.45x0.0962  Plot10 0.72 0.77 0.75 0.75 
Plot11 410.69x0.0791 416.51x0.0743 420.40x0.0768 422.82x0.0827  Plot11 0.39 0.55 0.58 0.69 
Plot12 407.87x0.0957 416.70x0.0785 420.47x0.0758 426.07x0.0735  Plot12 0.48 0.51 0.50 0.53 
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Table 5. Power Law models of Stem Straightness classes against Dominance. The Power Law equations are 
shown in the left columns from year 5 until year 20 (end of the simulation). The right columns show the 

coefficients of determination (R2) for each model.  

Straightness YR5 YR10 YR15 YR20  R2 YR5 YR10 YR15 YR20
Plot1 6.28x-0.3642 6.64x-0.321 7.03x-0.2826 7.23x-0.2414  Plot1 0.65 0.72 0.75 0.69 
Plot2 5.03x-0.5022 5.33x-0.3513 5.90x-0.2884 6.41x-0.2589  Plot2 0.40 0.55 0.54 0.57 
Plot3 5.16x-0.2886 5.69x-0.2964 6.33x-0.3154 6.80x-0.3019  Plot3 0.50 0.64 0.72 0.69 
Plot4 5.69x-0.315 6.06x-0.2839 6.61x-0.2932 6.94x-0.2665  Plot4 0.60 0.71 0.75 0.72 
Plot5 4.99x-0.3336 5.50x-0.3258 6.11x-0.3321 6.64x-0.3349  Plot5 0.65 0.75 0.77 0.75 
Plot6 5.06x-0.5201 5.35x-0.3846 5.92x-0.3475 6.45x-0.3277  Plot6 0.60 0.63 0.67 0.68 
Plot7 5.75x-0.3369 6.18x-0.2954 6.75x-0.2813 7.16x-0.2753  Plot7 0.67 0.76 0.74 0.75 
Plot8 6.66x-0.3199 7.03x-0.2909 7.41x-0.2701 7.51x-0.2218  Plot8 0.80 0.81 0.75 0.67 
Plot9 5.59x-0.3375 6.07x-0.3137 6.61x-0.2928 7.02x-0.2775  Plot9 0.62 0.70 0.76 0.77 
Plot10 5.38x-0.342 5.84x-0.3325 6.43x-0.3337 6.93x-0.3379  Plot10 0.71 0.77 0.75 0.76 
Plot11 4.64x-0.2564 5.14x-0.2587 5.75x-0.2776 6.33x-0.2991  Plot11 0.40 0.58 0.63 0.70 
Plot12 5.11x-0.328 5.48x-0.2782 6.06x-0.2872 6.55x-0.2769  Plot12 0.50 0.52 0.54 0.53 

 

The intercepts (x = 1) in the Power Law equations in Table 4 showed a progressive increase of wood density 
across the simulation period. Values ranged between 380 and 410 at year 5 and between 392 and 426 at year 
20. The value of the intercepts was inversely related to site conditions. So, plots with higher Site Index (SI) and 
therefore higher volume increment presented lower Wood Density values (Fig. 3).  

 

The effect of age was also evident 
on the intercept values. As stands 
grew older, Wood Density 
increased, which shifted the 
intercept values up (Fig. 3). In 
terms of forest management, the 
consequences of these results 
meant that longer retentions, in the 
absence of re-spacing 
interventions or natural 
disturbances, should produce a 
general improvement of the density 
of the timber being grown. In this 
particular case, the general 
outcome, if allowing these plots to 
grow beyond 50 years old, would 
be an increment in Wood Density 
above the average in Britain, with 
considerable gains in the stiffness 
and the strength of the lumber 
material.  

Figure 3. Relationship between the intercepts (IntAGE) in the Wood Density 
Power Law models related to Site Index (SI). The two lines show a linear 

relationship between these two factors at age 5 (YR5) and 20 (YR20).  

The exponent values were all positive, showing an unequal response between Dominance types and Wood 
Density (Fig. 4). All plots, apart from Plot 2 and 6, showed similar exponents during the simulation periods 
(values between 0.08 and 0.10).  
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In terms of Stem Straightness, the intercept values in the plots ranged between 4 and 7 (maximum value in the 
Straightness scoring system). According to Eq. 3, DBH increment improved the straightness scores of the logs. 
So, the longer the stand kept growing, the larger the number of logs found in the higher Straightness classes. 
This effect was enhanced by the process of self-thinning due to competition, which produced the progressive 
elimination of the lower Dominance classes, normally associated to poorer stem forms. The effect of DBH 
increase was compensated in Eq. 3 by the use of DAMS as a measure of windiness. The windiest places 
normally presented a higher proportion of bent stems as noticed by Macdonald et al. (2009).  

The coefficients of determination presented different patterns in the two timber quality parameters being 
analysed. In the estimations of Wood Density, R2 increased from year 5 to year 10 in all plots and then became 
stable afterwards with little variation. This was mainly attributed to a process reconstruction of the Dominance 
structure after thinning. The coefficients proved that there was a clear relationship between Dominance types 
and Wood Density, which improved in time as the Dominance structure was becoming more stable.  

The estimation of Stem Straightness presented a different process in terms of R2. Between year 5 and 10 the 
coefficients experience an increase. However, once they reached a maximum level they started to decrease 
again. The reason for this apparent decorrelation is illustrated in the example in Plot 8 (Fig. 4). Between year 5 
and 20, the R2 dropped from 0.80 to 0.67. As the scoring system used for stem straightness only envisages 
classes from 1 to 7, as soon as any tree reached this level the value could not go any further.  

 

Year 5 

 

Year 20 

Figure 4. Example of Wood Density (left column) and Stem Straightness (right column) estimations with ConTQ 
in Plot 8 across the simulation period. The X-axis depict the Dominance types being from 0 the most dominant to 

4 for suppressed trees. The Power Law fits are depicted as a red line. 
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Kielder 

Wood density and Stem Straightness were calculated for the five unthinned plots in Kielder Forest. The 
procedures followed the same methods used in Aberfoyle. 

 

The results in Kielder followed the same patterns already described in Aberfoyle with slight differences (Tables 6 
and 7). The intercepts in the Power Law models for Wood Density were substantially higher than in Aberfoyle. 
Site indices were lower in this area, which affected the trends for annual Volume Increment below the ones 
observed in Aberfoyle. Therefore, the slower growing potential in Kielder created the conditions for higher Wood 
Density values (Fig. 5). The average requirements for passing the lowest grading test (C16), according to EU-
Standards, are 370 kg m-3, with an absolute minimum value of 310 kg m-3 (CEN, 2003). According to the results 
in Fig. 6.13, all the plots in Kielder passed the C24 (optimal) test, which requires an average of 420 kg m-3 with 
an absolute minimum of 350 kg m-3. In contrast, only half of the plots in Aberfoyle approached the C24 grading 
at year 20 and none of them at year 5. Therefore, the effect of SI on Wood Density properties seemed very 
important. 

 

Table 6. Power Law models of Wood Density against Dominance in Kielder. The Power Law equations are 
shown in the left columns from year 5 until year 20 (end of the simulation). The right columns show the 

coefficients of determination (R2) for each model.  

Density YR5 YR10 YR15 YR20  R2 YR5 YR10 YR15 YR20

Plot8 435.04x0.082 451.44x0.057 453.13x0.065 457.95x0.063  Plot8 0.64 0.70 0.65 0.64 

Plot9 435.89x0.079 449.15x0.060 452.04x0.063 456.99x0.061  Plot9 0.54 0.68 0.63 0.65 

Plot10 435.94x0.079 445.61x0.065 448.49x0.066 450.71x0.070  Plot10 0.64 0.65 0.69 0.73 

Plot11 427.03x0.081 439.69x0.068 447.65x0.064 454.61x0.057  Plot11 0.67 0.66 0.65 0.59 

Plot12 416.78x0.082 429.53x0.069 438.23x0.063 444.88x0.061  Plot12 0.73 0.71 0.70 0.73 

 

Table 7. Power Law models of Stem Straightness against Dominance in Kielder. The Power Law equations are 
shown in the left columns from year 5 until year 20 (end of the simulation). The right columns show the 

coefficients of determination (R2) for each model.  

Straight. YR5 YR10 YR15 YR20  R2 YR5 YR10 YR15 YR20 

Plot8 4.489x-0.312 4.479x-0.254 4.918x-0.299 5.251x-0.312  Plot8 0.62 0.69 0.63 0.63 

Plot9 4.432x-0.323 4.512x-0.274 4.887x-0.292 5.211x-0.297  Plot9 0.52 0.66 0.62 0.63 

Plot10 4.019x-0.286 4.173x-0.248 4.592x-0.276 5.072x-0.312  Plot10 0.62 0.62 0.67 0.72 

Plot11 4.633x-0.298 4.721x-0.273 4.987x-0.282 5.272x-0.286  Plot11 0.66 0.65 0.66 0.64 

Plot12 5.141x-0.329 5.198x-0.288 5.433x-0.280 5.765x-0.293  Plot12 0.73 0.71 0.69 0.72 
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Age also acted as a factor contributing to the 
progressive increase in Wood Density. In 
general, the plots in Kielder increased 15-35 
kg m-3 between year 5 and 20. The effect of 
spacing on density increments was more 
important in this study area than in Aberfoyle. 
As these plots remained unthinned and with 
average spacings around 2 m, this created 
the conditions for higher Wood Density 
increments through constraints on canopy 
expansion due to close competition. On the 
contrary Aberfoyle, with average spacings of 
5 m and similar planting age, presented 
smaller Wood Density increments in 
comparison over the same simulation period 
(between 10 and 20 kg m-3). 

Figure 5. Relationship between the intercepts (Int) in the Power 
Law models in Table 6 and Site Index (SI). The two lines show a 
linear relationship between these two factors at age 5 (YR5) and 

20 (YR20). 

The exponents in the Power Law models were slightly lower than in Aberfoyle. This meant that the Dominance 
structure was fully established in those plots from the beginning of the simulations and remained unaltered 
afterwards. As a result, the Wood Density differences between the Dominance groups were slightly smaller in 
Kielder Forest. In Aberfoyle, the thinning practices and localised windthrow created the conditions for canopy 
expansion that mainly benefited the dominant trees. The end result was an increase of the differences between 
the largest and the smallest trees in those plots. 

 

Stem Straightness remained similar in all plots apart from plot 9 and 10 that experienced an increase in their R2 
values towards the end of the simulation period. The intercepts showed a trend towards a progressive increase 
in Straightness similar to that observed in Aberfoyle. However, the increase was slower due to the smaller DBH 
increments. The exponents were becoming slightly steeper towards the end of the simulations as the large trees 
were starting to expand crowns, colonising the space left by the meta-suppressed that were progressively 
eliminated by competition. Like in Aberfoyle, Stem Straightness kept improving with age, especially in the 
dominant and co-dominant groups. However, they remained far from the class 7 threshold. This was due to 
higher windiness scores in this area compared to Aberfoyle. 

 

4. Discussion and Conclusion 
LiDAR analysis was used to generate detailed inventory data about the characteristics and location of individual 
trees in a group of plots in two monitoring areas. These data were combined with a distance-dependent 
individual tree growth model (TASS) to run simulations in time about the changing characteristics of each tree as 
a result of initial vigour (as measured initially by LiDAR) and competition with neighbours. The tree lists 
generated with TASS at each time intervals were input into a timber quality model (ConTQ) developed at Forest 
Research that is able to make estimations of Wood Density and Stem Straightness. 

 

The predictions of these two timber quality parameters made by ConTQ were linked to Dominance status as 
defined by the TASS model. The result was a collection of Power Law models that helped to explain the 
influence of the Dominance characteristics of each individual on the progressive development of the physical 
characteristics of the stems. 
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The conclusions of this work were that Wood Density was mainly affected by SI. Age and management practices 
acted as modifiers of the main trends. Dominance helped to explain the spread of the Wood Density values 
within a stand. In terms of Stem Straightness, the influencing factors were DBH and Windiness, as measured by 
the DAMS scoring system. Age also contributed to a progressive increment of the straightness scores by 
constant Volume increment and the elimination of small trees in the lower Dominance ranks by competition.  

 

The operation of ConTQ with tree lists can provide foresters with a much more flexible tool for testing the 
consequences derived from the implementation of different silviculture strategies on a forest stand. The model 
simulations showed that the level of response to increased spacing was followed differently by each individual in 
the forest community according to its position in the hierarchy. Dominance status, as defined by TASS, 
summarises the capability of each tree to respond to new growing conditions and the long-term consequences of 
creating those conditions in the first place. Therefore, it can be assumed that, in the near future, the combination 
of tree models and remote sensing techniques can create a new paradigm in the use of tools for forest 
management. 
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Abstract 

Plant communities display a vertical structure based on the size and growth pattern of the dominant species. 
To a large extent, this pattern, called vertical stratification, depends on the climatic zone. Vertical structure 
analysis consists in detecting the number of layers and their limits within a forest stand. So far, there is a lack 
of robust approaches applied to airborne laser scanning (ALS) data that properly segment the different strata 
of forests having complex structures. In this study, we propose a procedure to characterize vertical forest 
stratification based on the mean shift (MS) algorithm. The MS is a non-linear filter that searches for local 
density maxima (modes). It is a non-parametric and unsupervised approach, which only requires a single 
criterion, the kernel bandwidth. Since the forest point cloud is a multi-modal distribution, the MS is used to 
find the modes which are supposed to be the barycenters of vegetation features. Once achieved, the modes 
are grouped together according to height range and the corresponding ALS points are assigned to each 
vegetation strata. Due to their complex pattern, using a single scale over the whole space is not 
recommended for the analysis of such environments. On this basis, the modes are computed using a 
variable kernel bandwidth according to the forest pattern. To depict such a pattern, we propose a new 
technique that segments the main forest layers at the plot level: overstory, understory, and surface 
vegetation. The procedure has been carried out on 45 plots of a Portuguese forest mainly composed of 
eucalyptus (Eucalyptus globulus) and pine (Pinus pinaster) trees that can be strongly populated by 
understory and surface vegetation. 

 

1. Introduction 
Forest and woodland display simple single-storied structures or more complex multi-storied structures. 
Dominant and codominant trees form the overstory layer. Subdominant trees still have access to light but do 
not occupy the upper canopy. The understory layer generally grows in the shadow underneath the 
uppermost layer. It is made of suppressed trees, juvenile trees, and tall shrubs. The surface layer is 
immediately above the ground. Small shrubs and herbaceous plants characterize it. All these layers may 
have different density, thickness, and water content. Vertical stratification consists in detecting the presence 
or not of the different layers within a forest stand and in estimating their limits. It is known to play a crucial 
role in the distribution of fuels, and consequently, in fire behaviour, habitat quality, microclimatic conditions, 
carbon storage, etc. 

 

Many authors showed the potential of multi-echo airborne laser scanning (ALS) data to compute digital 
terrain models (DTM) over vegetated areas, or to extract forest variables (Hyyppa et al., 2008). However, 
most studies focus on the canopy layer, which does not fully characterize heterogeneous forests such as 
Mediterranean ecosystems. Only a few are interested in the vertical segmentation of forest structures. 
Zimble et al. (2003) and Maltamo et al. (2005) characterize forest plots as single-storied or multi-storied by 
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analysing the height distribution of vegetation hits. Riano et al. (2003) approach vertical forest stratification 
by applying clustering techniques directly to the 3D raw ALS data. As pointed out by these authors, the 
cluster algorithm works well when there are only two structures, but it fails in the presence of more complex 
structures. Morsdorf et al. (2010) discriminate vegetation strata over treated plots applying a supervised 
cluster analysis on a two-dimensional feature space. The latter is spanned by the height and the intensity of 
the ALS points. This study takes advantage of the fact that the vegetation layers are unispecies. Some 
authors used intensity values to discriminate trees (Holmgren and Persson, 2004; Kim et al., 2009). They 
assume that the ALS points corresponding to trees of the same species and age class have similar values. 
However, the layers seldom display such a property. Moreover, due to calibration problems (unknown 
instrument specifications) and uncertain interpretation of the digital numbers obtained by the instruments 
(fuzziness caused by the vegetation itself), using echoes intensity for ALS vegetation studies remains a 
challenge. 

 

Among the ALS studies that focus on canopy layers, emphasis is often placed on tree height and/or crown 
width. Very few studies try to assess the vertical component of the topmost layer (Holmgren and Persson, 
2004; Barilotti et al., 2008; Popescu and Zhao, 2008). They usually deal with the crown base height by 
analysing the vertical profile of the laser hits within a single crown with different techniques. Usually, 
individual crowns are delineated from the canopy height model (CHM) by image segmentation. The main 
disadvantage of such a method is that the dominated and smaller trees are invisible in the CHM. Thus, 
mapping the overstory vertical component at larger scales is highly dependent on plot homogeneity. Other 
authors try to figure out the nature of the bi-storied or multi-storied overstory by means of tree-based 
approaches. Reitberger et al. (2009) apply a sophisticated method based on normalized cut segmentation to 
depict dominated trees. Despite good performance, it is highly site-dependent since several empirical 
parameters are involved. 

 

In this work, we propose a new mean shift (MS) based procedure to segment forest. Since its reformulation 
by Comaniciu and Meer (2002), the MS algorithm has been mainly applied to image segmentation. The 
processing of unstructured ALS point clouds using it was first proposed by Melzer (2008) to extract power 
lines. It is a non-linear filter that searchs for local density maxima (modes) and, unlike other methodologies, 
that requires no prior geometrical or statistical knowledge. Since the point cloud is a multi-modal distribution, 
the MS is used to find the ALS modes that are supposed to be the vegetation features barycenters. A global 
mode corresponds to a forest layer, such as the overstory, while a local mode points out a tree crown or a 
shrub. The only parameter used by the MS technique precisely relies on this concept of scale. The area 
inside which the modes (the kernel bandwidth) are calculated is of crucial importance. In the following, we 
first study the impact of the kernel bandwidth on the data set, and then propose a procedure that permits 
forest stratification that takes into account scaling effects. 

 

2. Material and methods 

2.1 Study area 

The study area is located in north-west Portugal (40°36' N, 8°25' W), nearby the city of Águeda (figure 
1(a)). The selected area covers 900 ha at an altitude ranging from 70 m to 220 m, with gentle to steep slopes 
(figure 1(b)). The landscape is predominantly composed of woodlands dominated by eucalyptus (Eucalyptus 
globulus) with some stands of pine (Pinus pinaster). One also finds shrublands as well as agricultural fields, 
and a few built-up areas. The eucalyptus stands correspond to regular and irregular plantations, the 
management of which is mainly done by short rotations of about 10-12 years to feed the pulp and paper 
industry. In spite of a limited extension, the study area is composed of various eucalyptus stands in terms of 
age and growth (plantation, coppice or mixed). The forest stands can be also populated by understory and 
surface vegetation. In such cases, these strata are mainly composed of juvenile trees (eucalyptus, pine, 
acacia, and oak), gorse (Ulex europaeus), tree heath (Erica arborea), carqueja (Pterospartum tridentatum L. 
Willk), fern, and herbaceous plants. 
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a) b) 

Figure 1. Study area: (a) localization and (b) delimitation over the digital terrain model 

2.2 Field data collection  

An extensive forest inventory was performed on plots defined by a systematic sampling method. 45 plots 
were selected in a regular grid made of 325 m x 325 m cells, superimposed on a forest land-cover map 
produced by aerial photointerpretation. 43 out of 45 plots correspond to forest, 43 mainly composed of 
eucalyptus and 2 of pine. The geometrical center of each cell defines the center of the forest plots. The 
sampling plots are circular and composed of two concentric circles. An outer circle (400 m2), hereafter called 
Plot, and an inner circle (200 m2), called Subplot. The plot delineation was performed using a measuring 
tape. The characterization of vegetation complies with the official Portuguese forest inventory manual 
published by the Direcçao Nacional de Florestas (DGF, 1999). Detailed information about this field 
experiment can be found in Pereira and Gonçalves (2010). 

 

Table 1.ALS acquisition parameters 

2.3 Airborne laser scanning data 

The ALS data were acquired in July 14, 2008 using the RIEGL 
LMS-Q650 laser scanner in a full-waveform mode, in the 
framework of a research project funded by the Portuguese 
Foundation for Science and Technology (FCT). The acquisition 
parameters are listed in table 1. The manufacturer delivered the 
point cloud after processing of the full-waveform data. To calculate 
the effective height of the objects, the point cloud is normalized by 
calculating a digital terrain model (DTM). The ground points are 
first classified using the TerraScan software (Soininen, 2010). The 
DTM is then defined by taking the lowest values within a 
neighborhood of 0.3 m. The missing pixels are obtained using a 
Delaunay triangulation. Note that the points classified as ground 
are not removed from the dataset. In the following, we consider all 
points as vegetation hits. 

 

 

ALS sensor RIEGL 
LMS-Q5600 

Wavelength 1064 nm 

Scan angle 45° 

Pulse rate 150 kHz 

Effective measurement rate 75 kHz 

Beam divergence 0.5 mrad 

Ground speed 46.26 m/s 

Flying height above the 
terrain 

640 m 

Swath 479 m  

Sidelap 70% 

Single run density 3.3 pt/m2

Expected final density 9.9 pt/m2

Distance between lines 150m 

Spot diameter 30cm 
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2.4 Adaptive mean shift  

The mean shift (MS) is a non-linear filter based on the Parzen window kernel that looks for local density 
maxima (modes) in a set of data samples (Comaniciu and Meer, 2002). The solution of the algorithm 
iteratively converges towards the local maximum: 

( )1t+ t t
h,G+m←X X X  
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Comaniciu and Meer (2002) proved that the MS algorithm converges on a stationary point. It can easily be 
extended to a distance-based segmentation technique, grouping together all the modes that are closer than 
a certain distance r∈� . The MS segments are then retrieved by aggregation of the basins of attraction of 
the corresponding convergence points. In the following, we set 2r h=  for all experiments. The choice of the 
kernel bandwidth h  is critical because it strongly impacts on the results. A small kernel width leads to 
several distinct modes (small basins of attraction, more and smaller objects), while a large kernel width 
aggregates small structures into larger ones (small number of modes with large basins of attraction). The 
determination of an optimal value of h  is actually a major challenge for an efficient MS segmentation. As far 
as the vertical component is concerned, the forest layer depth increases with height. Typically, scrubby 
vegetation strata are thinner than mature tree layers. The optimal value of h  that allows a proper 
segmentation of the shrubs may fragment a tall tree into several segments (lower branches, top foliage, etc.). 
Figure 2(a) results from a segmentation with 1 mh = . While the surface vegetation has a coherent shape, 

the higher features are oversegmented. Increasing h  improves the overstory segmentation, but it may cause 
merging between close small vegetation features. 

 

For instance, if 4 mh = (figure 2(b)) the denser surface vegetation will attract the sparse understory, 
causing an undersegmentation of the scene. Thus, using a single scale over the entire space is not 
recommended for the analysis of forest environments. As far as the MS technique is concerned, several 
statistical approaches deal with the scale selection (Comaniciu, 2003, Huang and Zhang, 2008; Bo et al., 
2009). Regarding the task dependent applications the kernel bandwidth can be provided by the user 
(Comaniciu and Meer, 2002). Here it is calculated as a function of the height range: overstory, understory, 
and surface vegetation. 
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Figure 2. Mean shift segments over Subplot 30 using (a) 2 1 mr h= = and (b) 2 4 mr h= = . 

A height frequency histogram usually shows that forest plots are characterized by two dense zones: the 
overstory and the ground. A third zone may arise when dense understory is present. In this respect, we apply 
the MS segmentation technique to compute the basins of attraction of the two denser zones by calculating 
the two main modes of the ALS point cloud. Since we study the vertical profile at the plot level, the influence 
of the horizontal coordinates is removed in the computation. Thus, for planimetric distances, the kernel 
bandwidth is set to the plot diameter. The vertical extension of the kernel is defined as the value that forces 
the ALS points to converge towards two modes only. To calculate such a bandwidth, we set the initial kernel 
bandwidth to 1 m and increment it by 1 m at each iteration until the MS algorithm accomplishes only two 
modes. The borderline between the basins of attraction defines the overstory height threshold. 

We consider that forest plots in which the 95% height percentile is lower than 5 m are composed of a 
maximum of two layers. However, in plots with taller trees, a third layer may coexist. In such a case, the 
understory height threshold is set to 1 m. This assumption and its consequences are discussed below. Some 
results are presented in figure 3 using height frequency histograms. 
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Figure 3. Forest stratification of seven plots. The results are illustrated by a height frequency histogram. 
(a) Subplot 30; (b) Plot 2; (c) Plot 23; (d) Plot 12; (e) Plot 46; (f) Plot 17; (g) Plot 3. The different colors 
define the strata delimitations. The histograms are limited to 400 points; for bins over that value, the 

real frequency value is given. 

The initial solution of the segmentation at the plot level is then refined at a thinner scale to get a better 
discrimination of forest strata. The MS is reapplied with a modulation of the kernel bandwidth. Because 
vegetation features, e.g. the eucalyptus crowns, are not spherical we adopt two different metrics for 
planimetric and height distances. The horizontal component is kept constant to 1 m while the vertical 
component of the bandwidth is empirically set to 0.66 times the overstory amplitude (difference between the 
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highest and the lowest bin of the topmost distribution) and to 0.5 times the understory amplitude. As for the 
surface vegetation, the bandwidth is set to 1 m in all directions. 

2.5 Adaptive mean shift procedure 

The procedure to detect strata works iteratively from the bottom to the top of the forest structure, by adapting 
the kernel bandwidth within the defined height ranges (figure 3). First, the 5% height percentile, 1lw = , of the 

data points ( , , )i i i ix y z=X  is calculated. The adaptive kernel bandwidth, h , is set to a value ranging within 

the heights defined in section 2.4. Therefore, the modes ( , , )i i i ix y z=X  for each ALS point, iX , are 

computed using the corresponding value of h . All modes that are closer than r  are grouped together 
creating MS segments, p∈�C . The forest layer, 1l=F  (figure 4(b)), is a set of iX  for which the corresponding 

MS segments are closer than 1ls =  from 1lw = . The ALS assigned points are not taken into account to further 
calculations. This step improves the segmentation by removing the influence of the lower layers, which are 
usually denser  
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than the higher. When two regions with different densities are adjacent, the points of the sparser region are 
likely to be shifted towards the denser one (figure 2(b)). In the second iteration the 5% height percentile of 
the remaining points, 2lw = , is calculated in order to define the new value of h  (figure 4(c)) . The procedure 
keeps on until all points are assigned to one layer. 

Note that the value of ls  defines the resolution of the forest stratification, i.e., the number of strata. Since we 

want three strata, we set ls  to the amplitude of layer l . However, it can take lower values to thinner 
analyses, for example to depict bi-storied overstories. 
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Figure 4. Procedure iterations on Subplot 30 (200 m2). (a) Original ALS points (black). (b) First 

iteration, points assigned to the first layer (green) with 1 0 mw = , thus 2 1 mr h= =  and 1 ms = . (c) 

Second iteration, points assigned to the second layer (red) with 2 2.38 mw = , thus 2 3.75 mr h= =  

and 7.5 ms = . (d) Third iteration, points assigned to the third layer (blue) with 3 8.04w m= , thus 
2 8.3 mr h= =  and 12.5 ms = . 

 

3. Results and discussion 
The reliability and robustness of the procedure has been assessed on all defined circular plots (400 m2). 
Figure 5 shows the results over six plots with various forest structures: single layer plots (figure 5(d)); multi 
layer plots (figure 5(c), figure 4), plots with single overstory stands (figure 5(e)), plots composed of different 
stands (figure 5(f)), juvenile plots (figure 5(a)) and adult stands (figure 5(d)). Plot 2, Subplot 30 and Plot 12 
(respectively, figure 5(a) and figure 4 and figure 5(c)) are characterized by a denser surface vegetation 
(mean height of about 1.3 m, 1.5 m and 1 m, respectively) while Plot 23 (figure 5(b)) is populated by 
moderate surface vegetation (mean height of about 0.40 m) with some species 1 m tall. 
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Figure 5. Results of the MS-based procedure over five eucalyptus plots and one pine plot. The surveyed 
tree metrics are also displayed. (a) Plot 2; (b) Plot 23; (c) Plot 12; (d) Plot 46; (e) Plot 17; (f) Plot 3. The 

plots have, respectively, mean age of 3, 6, 13, 60, 10 and 3 years. 
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Figures 4 and 5 show that the original points progressively converge by means of the MS algorithm, 
producing coherent segments at least along the vertical component. It can be visually assessed that are well 
assigned to layers. Only two strata are retrieved both in figures 5(a) and 5(d). In Section 2.4, only two 
segments were defined for juvenile plots (figure 3(a)) while three segments were expected for adult stands. 
However, figure 5(d) shows that only two strata have mushroomed from the procedure. Due to the lack of 
understory (this plot only has trunk reflections beneath the overstory), the 5% height percentile at the second 
iteration equals 9.25 m. Figure 3(e) shows that the kernel bandwidth at the second iteration is directly set to 
one of the overstory stratum. All ALS hits lying on the tree stem were then assigned to the overstory. Thus, 
by applying our approach, the number of layers retrieved is inherent to the forest pattern. Moreover, it 
provides a fuzzy stratification of the forest where different layers can interpenetrate. It is a more realistic 
result than a simple stratification only based on height thresholds (figures 4 and 5). Although the surface 
vegetation height threshold was initially set to 1 m, the procedure is able to figure out the shape of this layer. 
In figures 4 and 5(a), points up to 2 m height are classified as surface vegetation. A similar analysis can be 
done for the upper strata. Moreover, the global framework can provide multi layer segmentation. For 
instance, by setting ls  to half the forest layer amplitude, the forest plot can be stratified with a thinner 
resolution (single-storied and bi-storied). The post-processing of each layer derived from a coarser analysis 
is certainly a field to investigate. 

4. Conclusion 
In this paper, we explore the MS potential to segment vegetation features. Additionally, a unsupervised and 
non parametric approach is proposed to extract forest layers. It is carried out in three dimensions providing 
genuine 3D segments. Thus, the procedure is able to compute large areas at the thinner resolution. The only 
parameter that needs to be defined (the kernel bandwidth) is here adapted as a function of the forest pattern. 
To analyse such pattern, we introduce a technique that stratifies forest at the plot level by computing the 
basins of attraction of the two denser zones. Since the MS applies to a joint space (spatial and attributes), 
additional attributes of the ALS points (intensity, number of echoes, etc.) may be introduced in the calculation 
of the MS vector. Additionally, the analysis of different kernel functions and metrics may help to better fit the 
tree crowns aiming at a thinner forest stratification but also at a better fit the tree crowns in single tree 
extraction. In the near future, we pretend to validate our procedure using forest inventory data acquired in 
the frame of the FCT project. 
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Abstract 

While lidar surveys are now being used to acquire data on forest canopy attributes, managers are still 
looking for tools to map the understory. Making the proper choice of sylvicultural treatments does indeed 
require information on the lower strata under canopy trees. Using an Optech ALTM3100, we have acquired a 
lidar coverage with up to four returns per pulse over a southern boreal forest landscape in Canada. In seven 
plots (576 m2), each divided in 16 quadrats, we have counted the number of saplings, and estimated their 
average height per quadrat. Subcanopy trees (suppressed or intermediate) were all precisely positioned and 
measured. The lidar point cloud was binned by 1 m vertical intervals and the return counts per bin were 
standardized (to account for occlusion by higher trees). For saplings, a height error of 1 m or less between 
field data and lidar-based predictions was observed in half of the quadrats. Individual subcanopy trees were 
studied by extracting the returns between 3 to 16 m located inside a 3D space defined by the 4 crown radii 
measured in the field, the tree 3D position and the inclination of each field measured tree. The standardized 
return counts were calculated per 1 m vertical bins within that volume for each tree. The largest inflexion of 
the count per height-bin curve was automatically detected. Over 306 trees, the inflection height differed from 
field height by at most 2 m in 50% of cases. Finally, the correlation between the number of subcanopy trees 
and saplings per hectare and the number of detected local maxima was 0.48 for the saplings and 0.75 for 
the subcanopy trees. We conclude that the lidar point clouds contain rich information on the understory, even 
when the canopy surface is closed. 

1. Introduction 
The old growth boreal forests of North America exhibit complex vertical and horizontal structures due to 
multiple events of fire, windthrow, insect outbreaks, and natural mortality. Despite the relative low number of 
canopy tree species (22), their overall diversity is augmented by several low strata vegetation layers such as 
mosses, herbs and shrubs (DeGrandpré et al. 2003). In addition, numerous slow growing subcanopy trees 
may be present. The characterization of these subcanopy plants can greatly enhance our understanding of 
biodiversity and forest dynamics and reduce the uncertainty of biomass estimates (Welder et al. 1996, 
George and Bazzaz 2003). Moreover sustainable sylvicultural practices can be enhanced based on better 
data on saplings and trees of intermediate heights. 

Optical remote sensing is limited to describing the canopy surface trees. Promising microwave approaches 
for mapping 3D forest structure (e.g. PolinSAR, as per Williams and Jenkins 2009) and related techniques 
(e.g. Polarization Coherence Tomography) are maturing but many of these use airborne scanning lidar as a 
reference (Tebaldini 2008) to disambiguate predicted vegetation profiles. Lidar sensors themselves have 
recently evolved into multiple return or full waveform systems. These innovations open up the possibility of 
better detecting subcanopy vegetation. The first such studies concerned the vertical layering of stands (i.e. 
identifying single vs multiple layered stands) based on tree height variance (Zimble et al. 2003) or by 
thresholding height percentile values (Maltamo et al. 2005). By combining percentile data and cluster 
analysis, Riaño and collaborators (2003) extracted the height of the subcanopy trees in addition to other 
structural attributes. Other studies focused on the detection of subcanopy shrub layers. Martinuzzi and 
collaborators (2009) employed a selection algorithm (varSelRF, from the R statistical package) to identify the 
most important variables among several forest height and topographic metrics for predicting the presence of 
subcanopy shrubs. They obtained an accuracy of 83% in detecting the presence-absence of shrubs using 
the proportion of grounds returns (height = 0 m), the proportion of vegetation returns between 1 and 2.5 m in 
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height and the percent slope times the cosine of aspect transformation. Hill and Broughton (2009) have 
combined a lidar dataset acquired in leaf-off canopy / leaf-on subcanopy conditions to a full leaf-on dataset 
to map the presence-absence of a subcanopy. Combining the first returns of the leaf-on survey with the last 
returns of the leaf-off dataset, they detected the presence-absence of understory trees and shrubs in 77% of 
the cases. Moreover, to predict density and the Lorey’s mean height of understory trees, Maltamo and 
collaborators (2005) have used regression models. They obtained a R2 of 0.87 (sd of 0.312) for the 
prediction of the logarithmic number of trees and a R2 of 0.76 (sd of 0.130) for the prediction of the 
logarithmic Lorey’s mean height. Finally, Lee and collaborators (2007) have attempted to characterize the 
overall vertical structure of forest stands, and recently, Morsdorf and collaborators (2010) have used intensity 
and height to discriminate three distinct strata with clusters. 

The goal of our study is to develop methods to assess the height and density of understory vegetation using 
multi-return lidar. Specifically, our objectives are i) to determine the height of subcanopy trees and saplings 
from unstandardized and standardized lidar hit counts, and ii), to estimate subcanopy tree and sapling 
density by applying a local maxima method to voxelized and thresholded (subcanopy) lidar canopy height 
models. 

Study region and materials 

The study site falls within the Training and Research Forest of Lake Duparquet (TRFLD, 79o 22' W, 
48o 30' N), in the Province of Quebec, Canada. It is characterized by small hills with elevations comprised 
between 227 m and 335 m. The mixed vegetation is composed of common boreal species, and dominated 
by balsam firs (Abies balsamea L. [Mill.]), paper birch (Betula papyfifera [Marsh.]), trembling aspen (Populus 
tremuloides [Michx]), jack pine (Pinus banksiana [Lamb.]) and white spruce (Picea glauca [Moench] Voss.). 
Most stands are mature or over-mature and reach heights of 25-30 m. 

The lidar data was acquired on July 12th 2007 using an Optech ALTM3100. Strip overlap was sufficient to 
avoid data gaps. The first returns density was approximately 3.2 hits m-2 (single density, i.e. outside strip 
overlaps), 7.5 hits m-2 within strip overlap, and 13.4 hits m-2 for all returns. The last returns were classified as 
ground and non-ground using Terrasolid's Terrascan. The ground-classified last returns were used to build 
the digital terrain model (DTM). Table 1 presents the key survey and lidar instrument parameters. 

 

Table 1. Specification of the lidar data acquisition  

Specification  2007 
Lidar  ALTM3100 
Power (µJ)  110 
Flight altitude (m AGL)  600 
Divergence (mrad)  0.3 
Footprint size at nadir (cm)  18 
Pulse frequency (Hz)  50 000 
Max. scan angle (degrees)  10 
First return density (hits m-2)  3.2 

Field data was acquired in July and August 2007. Seven square plots of 576 m2, composed of 16 quadrats, 
were located and sampled. The plots were chosen for their representativeness of particular stands and to 
maximize variability between them, with regards to dominant species and understory density. Within each 
plot, every tree with a minimum diameter at breast height (DBH) of 5 cm was geolocated with a total station 
linked to a differential GPS (DGPS) to obtain sub-metre absolute accuracy and centimetre relative accuracy. 
The height of these individual trees was measured using a Vertex or a height pole and the radii of the crowns 
were recorded along 4 orthogonal azimuths. The trees were classified as dominant, codominant, 
intermediate or suppressed, and then a percentage of defoliation was noted. For the leaning trees, the 
degree of inclination and the leaning azimuth was taken. Saplings (here defined as trees higher than 1 m but 
with a DBH lower than 5 cm) were counted and classified as softwood or hardwood for each quadrat. The 
mean height of the saplings in a quadrat was noted when their height was relatively uniform, which was the 
case for 27 quadrats. 

Figure 1 clearly shows a lidar point cloud example in which subcanopy vegetation is visible. 
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Figure 1. Vertical distribution of the point clouds for three different plots. (a) Canopy cover: white spruce, 

trembling aspen and paper birch; understory: mountain maple (Acer spicatum [Lam.]), balsam fir and paper 
birch. (b) Canopy cover: trembling aspen; understory: balsam fir, white spruce and mountain maple. (c) 

Canopy cover: jack pine; understory: white spruce, balsam fir and paper birch. 

2. Methods 

2.1 Lidar data preparation and binning 

The analyses presented in this paper are essentially based on lidar return counts per 1 m height bin. The 
total number of return per bin was calculated per plot (576 m2), per quarter-plot (144 m2), and per plot 
quadrat (36 m2). This allows the assessment of scale effects on the results. A visibility class was manually 
attributed to each quadrat and each individual subcanopy trees to document the fact that low vegetation was 
either directly visible from the sky or was occluded by taller trees.  

To compensate for the progressive attenuation of laser pulses as they travel though the canopy and are 
partly or entirely reflected before reaching subcanopy levels, we have developed a standardization method 
similar to the one proposed by Riaño and collaborators (2003) (equation 1). Due to lack of space in this 
paper, we cannot show the mathematical reasoning but only the resulting equation used to correct the 
number of returns: 

Nc = Nr / Ni       (1) 

where Nr is the number of observed lidar returns of any type (first, second, etc.) within the 1 m vertical bin to 
be standardized, Ni is the number of incident lidar pulses (not returns) that travelled within the bin (whether 
they ended in this bin or below), and Nc is the corrected (standardized) number of returns within the bin. Note 
that Ni corresponds to the total number of incident laser pulses on the canopy surface minus the number of 
pulses that were completely stopped above the bin (whose 
last return happened above the bin).  

Figure 2 shows a comparison of the unstandardized and 
standardized vertical distributions of returns. Moreover, the 
point cloud was cleaned to help certain analyses, such as 
the detection of local maxima under the canopy. First, the 
number of returns was counted per 1 m3 voxel. A first 
filtered version was created by removing returns within 
voxels having a count of one, and a second version by 
removing returns within voxels having a count of two or 
less. Figure 3 shows the effect of point cloud cleaning. 

 

 

 

 

 

(a) (b) (c) 

Figure 2. Comparison between 
standardized and unstandardized
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2.2 Height of saplings and subcanopy trees 

For saplings, the Laplacian of the curve formed by the count per 1 m vertical bin was computed. Than a 3 m 
wide moving window was used to detect the strongest local inflexion (figure 4). The first inflexion detected 
higher than 1 m was taken as the average height of the saplings. In the field, the average height of saplings 
was measured only when a clear homogeneous layer could be seen, yielding 27 quadrat observations. The 
difference between the lidar-predicted and field height was less than a meter in 52% for the unstandardized 
point cloud (< 2 m in 85% of case), and 33% for the standardized version (< 2 m in 74% of case).The height 
of subcanopy trees was first estimated without automatic detection and delineation. For each tree, its XY 
position and the field measured radii in four directions were used to draw the crown perimeter and extrude a 
column that ran from the ground to the top of the canopy. The lidar returns within each column corresponding 
to the 306 single trees were extracted. For leaning trees, the column was centred on the tree apex, not on 
the stem XY position. The Laplacian of the curve formed by the return count per 1 m vertical bin within each 
column was computed. The maximum Laplacian score located between the arbitrary levels of 3 and 16 m 
was taken as the predicted height of subcanopy trees. In the case where more than one height 
corresponded to the highest Laplacian score, the lower one was retained. When compared to field-
measuredheight, 39% of lidar-predicted heights 
differed by less than 1 m, and 58% by less than 
2 m, when using the unstandardized point cloud. 
The standardized version did not improve the 
results. Suppressed trees were better detected 
than intermediate trees (43% of the former trees 
differed by less than 1 m compared to 31% in the 
latter case, see table 2). Suppressed hardwood 
and softwood trees height was estimated with the 
same accuracy, however, the height of 
intermediate softwood trees (< 1 m in 35% of 
case) was better estimated than of similar 
hardwood trees (< 1 m in 21% of case). 
Moreover, 46% of trees classified as well visible 
from above had a height difference of less than a 
meter, compared to 32% of occluded trees. The 
height of leaning trees (33% < 1 m) was not 
evaluated as well as that of vertical trees (41% < 
1 m) 

Figure 4. Canopy height profile with the local maximum 
inflexion detected with the Laplacian filter. The highest large 
black dashed lines correspond to the top of the canopy and 

the lowest one to the ground. The light dashed lines are 
intermediate inflexions and the red one corresponds to the 

height of subcanopy trees. 

(b) (c) 

Figure 3. Suppression of the isolated returns in a plot. (a) Complete point cloud. (b) Returns within 
voxels having more than one return. (c) Returns within voxels having more than two returns.

(a) 

0 100 200 300 400

0

5

10

15

20

25

30

0 50 100 200

H
ei

gh
t  

(m
)

Frequency

Binned returns
Laplacian



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 296 

 

Table 2. Number and percentage of trees with an error less than 1 or 2 meters for: (a) suppressed or 
intermediate softwood (SW) or hardwood (HW) trees, (b) trees visible or not through the point clouds, (c) 

vertical or leaning trees. 

 

 

 

  Suppressed Intermediate TOTAL 
 <= 2m 1m total 2m 1m total 2m 1m total

SW nb 70 49 114 51 31 88 121 80 202
% 61 43 100 58 35 100 60 40 100

HW nb 44 31 71 12 7 33 56 38 104
% 62 44 100 36 21 100 54 37 100

TOT. nb 114 80 185 63 38 121 177 118 306
% 62 43 100 52 31 100 58 39 100

(b) 

 

 

 
High 
visibility 

Low 
visibility 

<= 2m 1m total 2m 1m total
nb 52 40 87 57 34 106
% 60 46 100 54 32 100
       

 No inclination Inclination 

<= 2m 1m total 2m 1m total

nb 133 92 227 44 26 79 

% 59 41 100 56 33 100 

2.3 Density of saplings and subcanopy trees 

The density of saplings and subcanopy trees was estimated using a local maxima approach. Returns below 
certain height thresholds, i.e. within the vertical strata of subcanopy trees and saplings, were extracted. 
Isolated returns (within voxels having a single return) were removed. A subcanopy height model (SCHM) 
was created using the Inverse Distance Weighted interpolation algorithm of ArcGIS (v 9.3). The local maxima 
within circular windows whose radii were fixed or varied according to the height of the central pixel were 
identified using an in-house C++ application. 

To estimate the density of saplings, the SCHM was created using the unfiltered returns within 1 and 4 m and 
the local maxima detected using a window of a fixed radius of 0.3 m. The number of detected local maxima 
per quadrat was compared to the in situ sapling stem count. The correlation between these two counts was 
relatively high for hardwood saplings (0.47) but much less for softwood saplings (0.11) (table 3). However, 
the RMS errors (in number of stems per quadrat) were quite similar (respectively of 12.21 and 14.21 trees for 
hardwoods and softwoods respectively). 

To estimate the density of subcanopy trees, we have varied the height threshold used to extract the SCHM 
returns from plot to plot as a single overall threshold could not be applied due to the variability of the vertical 
structure of plots. Table 4 shows the correspondence between a thresholded point cloud and thresholded 
trees for one of the plot. First, the curve of the number of lidar returns per 1 m bin was computed at plot level 
and the first inflexion of this curve, which normally corresponds to the top of the sapling layer, was detected. 
The lower threshold was set to 1 m above this first inflexion. The high threshold was set to the second 
highest inflexion, which normally corresponds to the top of the subcanopy tree stratum. The points between 
the low and the high threshold were extracted and filtered (isolated returns were eliminated using voxel 
counts). The SCHM for subcanopy tree detection were then computed on the unfiltered returns, on the 
returns filtered based on voxels having more than one return, and those having more than two returns. Here, 
local maxima were detected using a variable radius window according to: 

    radius = 1.0 + 0.01 * H1.6     (2) 

where H is the height of the SCHM center pixel (equation 2). Due to the rather low tree counts per quadrat, 
results are presented only per quarter plot. The overall correlation between detected local maxima and in situ 

(c) 

(a) 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 297 

 

subcanopy tree stem counts using voxels with more than one return is 0.75 (R2 = 0.56) with a RMSE of 5 
trees (table 5, figure 5). Hardwood trees were not detected as well as softwood trees. Figure 6 shows the 
location of detected local maxima compared to the true position of trees in the field. 

Table 3. Correlation and RMSE between the per-quadrat number of local maxima and in situ sapling stem 
counts. 

 

 

 

 

 

 

 

 

Table 4. In grey are the inflexions (infl.) detected on the binned data filtered by a Laplacian (both lidar returns 
and trees) with a 3 m wide moving window. The uncolored rectangle is the inflexion corresponding to the 

ground. It’s important to note that some high trees’ heights are missing in the field data. That explains the low 
number of trees in the high strata. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

MIN MAX MEAN SD R RMS 

LOCAL MAX 6 36 17.68  6.79 - - 

HARDWOOD SAPL. 0 60 17.52 13.89 0.47 12.21 

SOFTWOOD SAPL. 0 26  6.13  5.61 0.11 14.21 

SAPL. 3 68 23.66 14.72 0.48 14.15 
SAPL. AND OPPR. 
TREES 5 68 25.48 14.18 0.49 14.57 

LIDAR FIELD 

H (m) Nb ret. Infl. Nb trees Infl. 

0 356 87 0 0 
1 137 256 0 0 
2 100 66 0 -8 
3 71 43 8 -11 
4 57 4 11 1 
5 67 -60 7 4 
6 117 -7 7 0 
7 74 67 7 0 
8 50 -18 7 -2 
9 92 -30 9 5 
10 80 29 2 5 
11 63 -23 4 0 
12 103 -111 2 4 
13 174 -145 0 1 
14 248 -90 1 0 
15 264 34 0 -1 
16 214 127 2 0 
17 137 179 0 2 
18 35 133 0 -1 
19 4 33 1 0 
20 2 2 0 1 
21 2 2 0 0 
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Table 5. Correlation coefficients and RMSE between the local maximum and the number of subcanopy trees, 
subcanopy softwood and hardwood trees. Thresholds were applied to the point clouds and the correlations 

were calculated on all returns, on the returns filtered with voxels having more than one return, and with 
voxels having more than two returns. 

 

 

 

 

 

 

 

 

 

3. Discussion and conclusion 
Results show that lidar has potential for evaluating subcanopy vegetation structure. It allows the estimation 
of saplings and tree density below the canopy surface, as well as their individual or stratum height. The 
detection of sapling yielded better results than that of subcanopy trees. This may be due to the fact that 
saplings tend to form relatively dense and uniform layers that create a clear peak in the curve showing the 
number of returns per bin. Taller softwoods were in general better detected than equally high hardwoods 
while in lower strata, hardwoods were better characterized. It might be related to the higher proportion of 
softwood compare to hardwood in the superior strata (67%) or to their more compact shape. Contrary to 
expectations, data standardization to account for signal attenuation as it travels through the canopy did not 
improve results. 

The estimation of subcanopy tree density based on the extraction of local maxima on filtered data yielded 
good results. The density of saplings was not as accurate, probably because these tend to be interspersed 

  ALL > 1 > 2 

  R RMS R RMS R RMS 

SUBCANOPY TREES 0.70 5.34 0.75 4.54 0.56 6.92 

SOFTWOOD 0.74 7.54 0.69 5.14 0.56 4.70 

HARDWOOD 0.14 12.21 0.31 8.90 0.16 6.51 

 

 

Figure 5. Linear regression Figure 6. Real position of the understory trees 
compared with those detected by the local 

maximum. 
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and do not form typical dense convex shapes. Here again, results varied depending on strata and broad 
species type, with softwood trees being better assessed in higher saplings layers, and hardwood trees in 
lower layers. As expected, tree visibility has an impact on the results. Moreover, the success of tree and 
sapling characterization varies from plot to plot, specifically in the case of two plots with significantly higher 
levels of error.  

 

To improve accuracy, the filter strength was adapted for each plot according to first return density. This did 
not however lead to a marked improvement of results but on the contrary has decreased it. This situation 
may be cause by a variable degree of penetration through the canopy or particular characteristics of the 
vertical structure. 

Future amelioration of performance could come from finding an optimal binning height different than 1 m 
(e.g. 0.25, 0.50 m). Combining the detection of the inflexions in the curve of binned counts to the actual 
count value could lead to improved results as a strong inflexion close to a very low count could be a strong 
indication of a subcanopy layer boundary. 

 

To improve the estimation of sapling and tree density, more sophisticated filtering approaches are being 
considered. In addition to suppressing isolated returns, it may be useful to also delete small isolated groups 
of returns. What is more, the thresholding method for extracting the part of the point cloud to be submitted to 
analysis could be improved by using height percentile, instead of absolute height, as a criterion. Local 
maxima could in addition be extracted for more than one stratum in order to detect more trees. Alternatively, 
an algorithm for detecting point clusters could also help detecting trees on all subcanopy layers. 

 

Much remains to be done to achieve reliable characterization subcanopy vegetation results. However, we 
have demonstrated that there exists a strong subcanopy signal in the lidar point cloud that correlates to the 
height and density of saplings and trees. Improvements in algorithms and usage of ancillary data such as 
canopy surface species types, age and origin of the stands, etc. could possibly lead to results of great 
importance in characterizing the overall biomass of stands, the habitat diversity, and optimal sylvicultural 
treatments. 
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Abstract 

One of the key-research topics in landscape ecology is the analysis and characterization of landscape 
pattern and structure. A description of these two features is commonly achieved through derivation of various 
metrics (e.g. Contagion, Dominance or Fractal Dimension) for the assessment of landscape connectivity, 
fragmentation and patch shape complexity. 

Up to now, only very few analyses in landscape ecology have been carried out on the basis of airborne laser 
scanning (ALS) data, while the majority is based on either aerial or satellite based imagery supported by 
conventional field survey. However, airborne and space borne images exhibit a critical drawback in 
comparison to laser measurements. Images can not display information from below the canopy surface, as 
the measurement method is not able to penetrate it. Consequently, the derivation of landscape metrics from 
such data is merely 2D. It can not account for the vertical structure of vegetation, a key element in forestry 
and the assessment of structural diversity and, as such, landscape ecology. 

The laser pulses, on the other hand, are able to penetrate through little gaps in the canopy surface and can 
provide information on the vertical and horizontal distribution of vegetation. The aim of this study is to make 
use of the 3D information and penetration capability of ALS for the derivation of novel landscape metrics. 
The presented approach exploits the collected information about the vegetation layer structure in order to 
describe not only if two landscape patches are connected, but how this connection is composed in terms of 
vertical structure of the plants building the patches. It therefore integrates knowledge of under storey or 
herbaceous vegetation into the shape metrics. Additionally, 3D shape metrics that relate the surface of a 
patch or corridor canopy surface to its enfolded volume are introduced. In this way, information about the 
three-dimensional interconnection of adjacent landscape patches is obtained. 

 

1. Introduction 
TransEcoNet, which stands for transnational ecological networks, is a project funded by the European Union 
regional development fund with the aim of elaborating strategies for development and management of 
ecological networks in Central Europe (TransEcoNet 2010). The background of this project is founded on the 
fact that protected areas, like national parks or conservation areas, are often isolated regions within a less or 
unprotected matrix, like intensively agriculturally used areas, traffic corridors or human settlements. 
Therefore, TransEcoNet aims at the analysis and assessment of landscapes regarding existing ecological 
processes, patterns and structures. Areas of significant ecological interest, so-called hot spots, are explored 
by traditional methods of landscape ecology concerning the state of the landscape functionality. Although 
TransEcoNet is a research project, its study areas comprise extended regions. Extensive manual field work, 
supported by remotely sensed imagery is carried out in order to map land use patterns, landscape 
connectivity, fragmentation, patch shape complexity and biodiversity indicators. A description of these 
features is commonly achieved through derivation of various metrics, such as Contagion, Dominance or 
Fractal Dimension. As a project partner, the Institute of Photogrammetry and Remote Sensing (TU Wien) is 
responsible for research on the use of airborne laser scanning (ALS) data for the derivation of biodiversity 
relevant quantities in order to support the ecological assessment. 
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Up to now, only very few analyses in landscape ecology have been carried out on the basis of ALS data, 
while the majority is based on either aerial or satellite based imagery supported by field survey. However, 
airborne and space borne images exhibit a critical drawback in comparison to laser measurements. Images 
cannot display information from below the canopy surface, as the measurement method is not able to 
penetrate it. Consequently, the derivation of metrics for quantitative and qualitative description of the 
landscape surface is merely 2D. It cannot account for the vertical structure of vegetation, a key element in 
forestry and the assessment of biological diversity, functionality and, as such, landscape ecology (Maier and 
Hollaus, 2008). ALS on the other hand, as it is an active measurement system, is able to penetrate through 
little gaps in the canopy surface. It can therefore provide information not only on the horizontal, but also on 
the vertical distribution of the vegetation. 

 

Research papers have shown the need and potential of the integration of the third dimension into landscape 
structure indices (Jenness 2004, Höchstetter 2009). And while the usage of penetration rates of laser 
scanning data is common practice in forestry related studies (Naesset 2002, Korpela et al. 2009, Hollaus et 
al. 2008), their applications in landscape ecology are very rare. With this study we tend to make use of the 
3D information and penetration capability of ALS for the derivation of novel landscape metrics. The 
presented approach exploits the collected information about the vegetation layer structure in order to 
describe not only if two landscape patches are connected, but how this connection is composed in terms of 
vertical structure of the plants building the patches. It therefore integrates knowledge of different vegetation 
layers into the shape metrics. 

 

Study area and data set 

The study area is located in the southern part of the Leithagebirge, a low mountain range on the borders of 
the federal states Lower Austria and Burgenland in Austria. The test site features a complex of semi natural 
and agricultural landscape composed of forest, vineyards and fields. Furthermore, patches of elongated as 
well as compact shape with different levels of vegetation height or under storey are present (figure 1a). 

1.  

Figure 1: (a) True colour orthophoto of the study area. (b) Landscape dependent digital surface model 
(DSM). 
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Figure 2: (a) Normalised DSM (nDSM), the colour coding represents the normalised heights. (d) difference 
model of nDSM and DSMdiff. 

The utilised laser data were acquired in march 2007 under leaf-off conditions. The employed sensor was a 
RIEGL LMS-Q560 full-waveform laser scanner carried by a fixed wing aircraft. Due to a rather large overlap 
of the single ALS strips, a very high point density of 18 returns per m² on average was achieved. Based on 
the first and single returns a landscape dependent digital surface model (DSM, figure 1b) was calculated as 
described in Hollaus et al. (2010). The concept is based on the derivation and fusion of two different types of 
surface models dependent on the surface roughness. One model is calculated from the highest laser returns 
within a computing cell (DSMmax), the other by moving least squares interpolation (DSMmls). 

 

The latter tends to alter the corresponding object heights due to smoothing effects, which is an undesired 
consequence in vegetated areas. Consequently, the heights are underestimated which can lead to 
differences in the range of several decimetres. Therefore, the method employs the DSMmax only in vegetated 
areas and the non-vegetated areas are represented by the DSMmls. A digital terrain model (DTM) was 
calculated from the last returns in the test site by hierarchical robust filtering (Kraus and Pfeifer 1998). The 
normalised DSM (nDSM) was derived as the difference of DSM and DTM (figure 2c). Subsequently, two 
height models, one based on the highest and one based on the lowest point in a grid cell are computed. The 
difference model of the two, the so-called differential DSM (DSMdiff), is expected to depict the vertical extents 
of the branches, needles and leaves. Compared to using the standard nDSM, the deviation is up to 0.5 m in 
height, especially in areas with less or no under storey (figure 2d). All derived height models have a spatial 
resolution of 0.5 m. 

 

2. Method 

2.1 Derivation of a vegetation mask 

To improve performance of the methods over large areas and to reduce computing times all of the following 
calculations are limited to vegetated areas only. This is achieved by the application of a vegetation mask, 
which is derived in a multi step approach by morphological image processing based on the nDSM and a 
measure of local transparency, the so-called echo ratio (ER) (Höfle et al. 2009). The first step is to 
discriminate between elevated and non-elevated objects within the nDSM by simple height thresholding. As 
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even the lowest vegetation is interesting for our study, the height threshold is defined with 10 cm. As the 
result still includes artificial objects like buildings, the ER is employed in the second step as a distinct 
parameter for further separation. It basically describes whether a laser shot is able to penetrate a surface or 
not (figure 3a). Building areas, compared to vegetation, usually feature no penetration at all and can 
therefore be reliably separated with the ER. In the third step, the individual results are combined (figure 3b) 
and morphological opening with a kernel size of 3x3 pixels is applied to eliminate isolated pixels (figure 3c). 
The final raster layer is a binary map representing the classified vegetation pixels as 1 and everything else 
as 0. For further processing, the connected vegetation pixels are vectorised as shown in figure 3d. 

 

2.2 Segmentation of vegetated areas 

The aim of the segmentation step is to extract homogenous features like shrubbs, single tree crowns or sub-
tree crowns for larger distributed single tree crowns (e.g. large deciduous trees). The derived segments are 
subsequently used as a reference unit for the calculation of structure parameters using the original 3D point 
cloud. Based on the nDSM an edge-based segmentation procedure is applied. This segmentation approach 
has already been tested in densely forested areas (Höfle et al., 2008, Hollaus et al. 2009) and in densely 
built-up urban areas (Höfle and Hollaus 2010). The main idea of the segmentation is to delineate convex 
objects (i.e. tree crowns) in the nDSM by finding concave edges between the convex objects. 

The constraints for the concave edge detection are a minimum curvature in the direction perpendicular to the 
direction of maximum curvature and an nDSM threshold of again 10 cm, as we want to include also the 
lowest vegetation. The nDSM is masked with the prior computed vegetation mask and a window of 7x7 
nDSM raster cells is employed for calculation of the curvatures. The derived potential edge areas are 
skeletonised to extract the final edge map, which corresponds to the segment boundaries. Finally, a 
connected component labelling and vectorisation of the connected region boundaries are applied to derive 
the segment polygons (figure 4b). 

 

2.3 Penetration index 

Diversity of structure leads to diversity of species, because different ecological niches are created (Tews et 
al. 2004). Not only structural diversity on the surface, but particulary in the third dimension leads to a further 
diversification of habitats. Especially birds and insects are species groups who benefit the most of diverse 
habitats (Burel F. 1992). Structural diversity usually results from any kind of disturbance (Roxburgh et al. 
2004). This can either be of natural cause, like fires, windfall or damages caused by game animals, or by 
human activity, which is mostly agricultural or due to forest maintainance. As landscape elements are 
permanently changing systems, they become of high relevance for nature conservation if the changes, e.g. 
in structural complexity, happen to fast. In combination with a lack of stepping stones and corridors they can 
lead to local extinction of species. 

 

The distribution of the laser echoes in the vegetation allows us to draw conclusions on its structural 
complexity. Due to the fact that the ALS data were acquired during leaf-off conditions, the penetration of the 
vegetation by the laser pulses is assumed to be very good. The lack of returns below the upper most 
branches is therefore considered to stem from the absence of under storey, rather than from occlusion by 
high trees. A so-called penetration index is calculated as a measure of penetrability and geometric structure.  

 

The 3D point cloud is reduced to the vegetated areas by intersection with the vegetation mask. Further, it is 
divided into a terrain point cloud and a vegetation point cloud using an nDSM height threshold of 10 cm. 
Subsequently, the points are assigned to height levels, which were derived as percentage of the maximum 
occurring point height within a grid cell of 0.5 m. The defined levels are 0 to 33% (L1), 34 to 66% (L2) and 67 
to 100% (L3). Then the ratio of the total number of points within a grid cell and the number of points within 
the same grid cell and respective height level is computed. The derived segmentation of the vegetated areas 
is used to accumulate the raster values to the tree crown segments as spatially better represented objects. 
Each segment is assigned the according values from the resulting three raster maps. Mean values for each 
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segment are derived and a decision tree based strategy is used to classify the segments, the results of which 
represents the penetration index map (figure 5).  

2.4 Vegetation surface - volume ratio  

As the majority of geometric analysis in landscape ecology is based on airborne or space borne imagery, 
conventional landscape shape metrics derived from these data sources are merely 2D. In chapter 1 the 
demand for a description of the three-dimensional interconnection of adjacent patches was argued.  

 

Figure 3: (a) Echo ratio (ER) in percent; darker areas indicate penetrable surfaces. (b) Binary map where 
nDSM > 0.10 m combined with ER > 85%; white areas represent potential vegetation regions. (c) Vegetation 
regions after morphological opening with 3x3 kernel. (d) Final vectorised vegetation mask. The resolution of 

the raster images is 0.5 m.  

The main concept of the described approach is the relation of a patch’s surface, defined as the area of its 
enveloping canopy, to the volume enclosed by it. So if a vegetation object is shaped like a sphere, meaning 
it is very compact, it will show a very small surface compared to its enclosed volume. This will be the case 
e.g. for dense hedgerows or forested areas with a sufficient presence of under storey. On the contrary, if a 
vegetation object is more branched, its surface will get larger compared to the volume it encloses. This 
results from large trees with high crown height variability and only few or even no under storey. 

 

The surface is computed as the sum of all visible lateral faces and the top face of a cell column in the raster 
domain. The workflow is implemented in GRASS GIS (GRASS GIS 2010). First, the DSMdiff is filtered by four 
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different 3x3 kernels, each calculating the height difference between the center pixel and each of the four 
neighbouring pixels by subtraction of the neighbouring from the center pixel. Secondly, the values of the four 
difference raster layers are added if the difference is positive, indicating that it is a cell on the ascending part 
of the surface. Multiplying the respective sum of the differences with the raster resolution the area of all 
lateral faces of the cell columns is obtained, which is subsequently added to twice the cell area to generate 
the final surface. The computation of the volume is achieved by multiplication of the respective value of the 
DSMdiff and the cell size. Finally, the ratio of the surface and the volume are computed for each raster cell 
and assigned to the vegetation segments in the same manner as described in section 3.3. 

3. Results and discussion  

Vegetation mask 

Reducing the area of actual computation to only the vegetated areas increased performance of the applied 
methods significantly and therefore efficient analysis of the reduced original point cloud was possible. As the 
vegetation mask was derived from raster layers of 0.5 m, it is very accurate, as can be seen in figure 3d. 

 

However, in the case of very dense plant cover the ER becomes very similar for vegetation and artificial 
(impenetrable) objects. Under these circumstances discrimination could not be achieved, which lead to 
undesired holes in the vegetation mask that could only be corrected manually. 

 

But from experience from previous studies (Höfle et al. 2008, Höfle et al. 2009, Höfle and Hollaus 2010) it 
can be stated that this does not occur very frequently. Still, if the results appear to be insufficiently because 
of this matter, of course the integration of additional information (e.g. building outlines from the cadastre) 
might be useful. 

 

Figure 4: (a) True colour orthophoto. (b) nDSM overlaid with the result of the vegetation segmentation. 

 

Segmentation of vegetated areas 

The delineation of single trees or tree crowns in dense deciduous forests is generally difficult. As the applied 
segmentation algorithm detects convex objects separated by concave areas, it works very well for single 
trees with clearly distinct crowns, as can be seen in figure 4b. But especially older or larger deciduous trees 
often develop large crowns with multiple maxima which results in multiple convex areas and are therefore 
represented by more than one segment. A further limitation occurs in very dense young deciduous forest, 
characterised by a smooth canopy surface. Because of the less distinct crown shapes, the resulting 
segments often include multiple trees. 
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Penetration index 

The resulting penetration index map for the study area can be seen in figure 5. For evaluation purposes, 
three profiles of the 3D point cloud, which are ment to display the structural diversity of a particular area, 
were created. In the chosen study area four dominant types of vegetation structure as described in section 
3.3 could be identified: L1 + L3 > 80% (red), L2 + L3 > 80% (light green), L3 > 80% (dark green ) and equally 
distributed structure (yellow). Below the profiles the corresponding lines from the penetration index map are 
given. They demonstrate that the classification result corresponds very well with the actual structure of the 
forest. Deviations could be observed in areas with high local variations. Due to the comparably small cell size 
of 0.5 m these local variations are in general very well represented in the raster layer. However, this leads to 
a rather noisy impression in these areas and therefore the assignment to the segments was carried out. 
Hence, an averaging takes place which can no longer represent these inner segment variations. 

 

 
Figure 5: left: Penetration index map. Right: Profile views of the ALS point cloud. The location of the profiles 
can be found in the left image. Below the profiles the corresponding lines from the penetration index map are 

given.  

 

Surface - Volume ratio 

The vegetation surface and volume ratio can be seen as a proxy for the compactness of a particular 
landscape element. Changing compactness along a geometric element implies a change in structure and 
consequently permeability. This permeability is of significance for certain species, e.g. highly adapted birds, 
whose requirements do not allow structural changes within their habitats. In figure 6b the computed 
vegetation surface to volume ratio is shown. A high voltage powerline runs right through the study area 
crossing several vegetation corridors. It is clearly visible in the ratio image that the character of the 
vegetation structure is changing significantly below the powerline. For evaluation of the results, visual 
examination of the 3D point cloud had to be used, because of the lack of an adequate ground truth 
measurement method for the proposed surface to volume ratio. A profile view is given in figure 6c and it can 
be seen that the changing of the corridor vegetation character, as indicated by the ratio, is supported by the 
3D point cloud. In this case the power line acts as a natural barrier, which is a disturbance in this particular 
habitat or corridor and can lead to a decrease of migration and, subsequently, inbreed and extinction. 
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Figure 6: (a) color coded nDSM (b) surface to volume ratio (c) profile of point cloud showing the differing 

character of vegetation in particular area. 

As an alternative method for the calculation of canopy surface from digital height models Jenness (2004) 
gave a recommendation based on triangulation. He stated that, compared to simple raster based area 
calculations, his method was more accurate. However, the resolution of the employed raster models was 
90 m, so by far less than what is achievable with modern small footprint ALS systems, as it was used in this 
study. We do not expect the difference between raster and triangulation based surface calculation to be 
significant with a grid cell size of 0.5 m.  

4. Conclusions 
The penetration of the canopy surface by the laser pulses provides knowledge which is of great significance. 
It could be shown that 3D shape metrics derived from data acquired with ALS are a suitable indicator for the 
evaluation of structural diversity in vegetated areas. The hereby produced maps highlight vegetated areas 
with less interconnection and can help with the identification of natural barriers and can be a valuable 
addition to the textural information of orthophotos in traditional field work.  
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Abstract 

The airborne laser scanning (ALS) penetration rate, i.e. the ratio of ground echoes to total echoes, is a proxy 
for gap fraction. Hence, ALS has a potential for monitoring forest properties that are related to gap fraction, 
such as leaf area index, canopy cover and disturbance. Furthermore, two gap types may be distinguished: 
While a pulse that only produces a ground echo most likely hit a large, between-tree gap, a pulse that 
produces a ground echo as the last of several returns most likely hit smaller, within-canopy gaps. This may 
be utilized to distinguish between disturbance types such as defoliation and tree removal. However, the ALS 
penetration rate needs to be calibrated with gap fraction measurements in the field, because it is influenced 
by technical properties of the acquisition. The aim of this study was to quantify the magnitude of this 
influence, by comparing repeated acquisitions with different technical specifications. We had at hand 12 ALS 
acquisitions which could be combined into six pairs, from four spruce and pine dominated forests in Norway. 
We established 20x20 m grids, and for each grid cell we extracted three penetration variables: first echo 
penetration, last-of-many echo penetration, and total (i.e., first and last echo). We log-transformed the 
penetration variables (P1 and P2) from two laser acquisitions, and fitted the no-intercept, linear model log(P1) 
= β log(P2), applying total least squares regression analysis. In a majority of the cases, the penetration 
variables were very similar, i.e. they deviated by <10%. For the first echo penetration the slopes varied from 
0.87 to 1.07 and the R2 values ranged between 0.91 and 0.99. For the last-of-many echo penetration, there 
was generally weaker correspondence with slopes varying from 0.78 to 1.02, and R2 values ranging from 
0.60 to 0.94. Finally, for the total penetration there was again stronger agreement with slopes in the range 
0.83-1.03 and R2 values from 0.88 to 0.99. In conclusion, it seems that the penetration ability of different ALS 
scans in many cases are very similar, and further research may reveal ranges of standardized settings for 
which field inventory can be redundant. 

 

1. Introduction 
The near-vertical pulses from airborne laser scanning (ALS) penetrate into the forest canopy layer, and the 
magnitude of this penetration is closely related to canopy properties such as gap fraction and canopy 
density. The penetration also affects any other metric derived from ALS over a forest, such as the vertical 
height distribution of echoes which is used to estimate tree height and standing volume. 

In an ALS based forest health, or disturbance, monitoring, the strong and linear relationship between ALS 
penetration and effective leaf area index (LAIe) can be utilized where LAIe serves as an operational variable 
for defoliation (Solberg et al. 2006, Richardson et al. 2009): 

 

)ln( 1−= PLAI e β   ,     (1) 

 

where β is a parameter to be calibrated for each acquisition, and P is an ALS penetration variable. Here, the 
estimated calibration factor β can be split into two factors, i.e.  
β= β1· β2. The former, β1, varies with physical properties of the trees, mainly foliage angle distribution, and 
will vary mainly in space and remain fairly constant within a tree species and hence also over time for any 
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given place. The latter, β2, varies with the ability of the laser pulses to penetrate the canopy, i.e. the technical 
properties of the acquisition, which in a monitoring program may vary over time along with changes in 
sensor, flight altitude, pulse repetition frequency (PRF) and other factors. Hence, in a monitoring scheme 
with multi-temporal data sets it is in particular the variation in β2 that needs to be accounted for through the 
calibration procedure. State-of-the-art methods for calibration utilize point-based, hemispherical 
measurements of light transmission through the canopy using either the LAI-2000 Plant Canopy Analyzer or 
hemispherical photography (Solberg et al. 2009). One problem of these methods is that the random errors 
are about the same magnitude as the typical variation we have experienced in β2. In addition to technical 
problems such as light scattering in the canopy, random errors are significant because only a moderate 
number of measurements can be performed: they are time-consuming and sometimes difficult e.g. due to 
inappropriate weather conditions. Thus, it is typically difficult to determine whether an observed change in β2 
for a set of repeated acquisitions represents a real change or simply results from erroneous field 
measurements.  

 

It appears that the understanding of how technical acquisition properties affect ALS penetration is limited, 
and that the penetration rate and related forest metrics vary relatively little across different acquisition 
settings (mostly <10%). Hopkinson (2007) suggested that canopy penetration increases with decreasing 
“peak pulse power concentration”, defined as peak pulse power divided by footprint area. The apparent 
explanation was that with decreasing peak pulse power concentration larger foliage backscatter areas would 
be needed in order to raise the backscatter energy above a threshold required for pulse detection. This 
would mean that if all other properties were kept constant, canopy penetration would increase with 
increasing footprint size or decreasing peak pulse power. This is apparently contradictory to Lovell et al. 
(2003) and Morsdorf et al. (2006) who argued that ALS pulses often have too large footprints to be able to 
penetrate small canopy gaps, i.e. increasing the footprint size would reduce canopy penetration. Effects of 
pulse repetition frequency, flying altitude, footprint size and scan angle on various tree metrics have been 
found, these effects have generally been moderate or small (Nilsson 1994, Næsset 2004; 2009, Holmgren et 
al. 2003, Yu et al. 2004, Chasmer et al. 2006, Goodwin et al. 2006). However, a general limitation of the 
approach in these studies is the use of field inventory data: While the acquisitions themselves produce 
extremely large data sets which should give very small mean random errors only a small fraction of these 
ALS data is actually used in the analyses, those from the location of the field samples. Another problem is 
that sometimes it is not explicitly stated in the literature what type of ALS penetration it is referred to. 

 

The idea with this study was to compare ALS penetration rates directly by overlaying pairs of ALS data sets 
gathered from repeated acquisitions. In this way, we have a novel approach as compared to existing studies. 
Rather than involving field measurements and the correspondingly small fractions of ALS data, we utilize 
entire ALS data sets. In this way systematic differences in penetration rate can be accurately quantified. In 
addition, we studied three alternative penetration variables separately.  

2. Materials and methods 
ALS data were obtained from four study areas in conifer forest areas in Norway dominated by Norway 
spruce (Picea abies) and Scots pine (Pinus silvestris). The study areas were covered by repeated ALS 
acquisitions, where the repetitions had either different sensors, different flight altitudes or different pulse 
repetition frequencies. From these acquisitions we generated six pairs of ALS data.  

We overlaid grids over the areas, and derived ALS penetration rates for each grid cell. Preliminary analyses 
demonstrated that 20x20 m grid resolution was appropriate, i.e. being little influenced by random errors 
which tend to increase with decreasing grid cell size. Hence, we used this spatial resolution throughout the 
study. 

 

For each grid cell the penetration rate was derived by pulse counting, after the echoes were classified as 
either canopy echo or ground echo. Echoes having a height of more than 1 m above the ground were 
assigned as ‘canopy echo’, while echoes below that threshold were assigned as ‘ground echo’. We studied 
three alternative penetration rates: (1) PF = the fraction of pulses that produced a ground echo as the first 
echo; (2) PL = the fraction of pulses that produced a ground echo as the last of two or more echoes; and (3) 
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Ptot (‘total penetration’) = PF + 0.5PL. Here the value 0.5 is arbitrarily set, and represent the idea that a pulse 
that produce a canopy-first echo and then a ground-last echo has hit a canopy part with a 50% gap fraction.  

The data sets provided, however, did not contain information on individual pulses, but only individual echoes. 
Thus, we could not establish the relationship between subsequent echoes for individual pulses. The number 
of pulses was therefore estimated, and we used the following formulas: 

 

N
NN

P gFgS
F

+
=

  and  N
NN

P gFgL
L

−
=

 .   (2) 

 

Here NgS denotes the number of single echoes at the ground, NgF the first-of-many echoes at the ground 
(extremely few), NgL the number of last-of-many echoes at the ground, and finally N the total number of 
pulses. Some of the acquisitions were accomplished with the Optech ALTM 1210 and 1233 sensors which 
have separate recorders for first and last echoes. In these cases NgS was always zero, and NgF was the 
number of first echoes at the ground. The number of pulses was estimated as N = NS + 0.5(NF + NL), where 
NS was the number of single echoes (not relevant for ALTM 1210 and 1233), NF was the number of first or 
first-of-many echoes, and NL was the number of last or last-of-many echoes. This formula should work for 
both types of sensors, and should also be robust against problems when the number of first and last echoes 
was not identical. 

 

To model the relationship between the penetration rates of repeated ALS acquisitions, we consider that any 
penetration variable should be 0 for a theoretical, opaque canopy, and 1 for bare ground (e.g. a clear-cut), 
respectively. Hence, if two laser acquisitions produce different penetration rates, then the relationship 
between them should be curvilinear and has to include the two extremal points (0,0) and (1,1), and 
interpolate between those. An intuitive model respecting this constraint is:  

 
γ= 21 PP         (3) 

where P1 and P2 are the penetration rates of two ALS acquisitions to be compared, and the parameter γ 
represents their relationship and corresponds to the β2 parameter discussed in the introduction. We log-
transformed this into the linear, no-intercept model 

 

)Pln()Pln( 21 ⋅γ=       (4) 

 

which we fitted with total least squares analysis (TLS). Rather than minimizing the squared vertical distances 
between the data points and the fitted line as in ordinary least squares (OLS), the TLS minimizes the 
squared slant distances between the data points along a line perpendicular to the fitted line. The fitting was 
accomplished by using an iterative procedure with the Newton-Raphson optimization in the PROC NLP 
procedure of the SAS software package (Anon. 2009). 

 

3. Results 
In the six comparisons the slope parameter varied from 0.78 to 1.07 (Table 1). The random errors were 
apparently small and the coefficient of determination (R2) varied from 0.62 to 0.99, the majority being above 
0.9. The penetration rate of first echoes had the strongest agreement, where 0.87 was the value for γ that 
deviated the most from 1.0. The R2 values here were 0.91 or higher. The penetration rate of the last-of-many 
echoes showed the weakest agreement, containing parameter estimates varying from 0.78 to 1.01 and R2 
values down to 0.60. It should be noted also that the three last comparisons had a time difference, and 
although the vegetation changes are likely to be small they cannot be completely excluded. 
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Table 1. Results of no-intercept total least squares regression analyses of Eq. 4. The parameter estimate of γ 
is given, as well as the coefficient of determination (R2, parenthesized) for the P1 = P2

γ version of the model. 
20x20 m grids were used. The acquisitions differed with regard to sensor (Optech ALTM), altitude and pulse 

repetition frequency (PRF) 

Data 
pair Sensor Altitude, 

m a.g.l 
PRF, 
kHz PF PL Ptot 

Time 
difference 

1 - - 
100 
vs 
50 

1.07 (0.99) 0.78 (0.90) 0.91 (0.99) No 

2 - 
2000  
vs  
1100 

- 1.02 (0.99) 1.00 (0.92) 0.98 (0.98) No 

3 - 
530  
vs  
840 

- 0.99 (0.91) 1.01 (0.62) 0.99 (0.97) No 

4 
1233 
vs 
3100 

- 
33 
vs 
50 

0.87 (0.95) 0.86 (0.76) 0.83 (0.94) 9 months 

5 
1233 
vs 
3100 

600 
vs 
750 

33 
vs 
100 

0.98 (0.93) 0.89 (0.60) 0.93 (0.88) 22 months 

6 - 
1000 
vs  
1500 

94 
vs 
78 

1.01 (0.98) 1.02 (0.94) 1.03 (0.98) 2 months 

 

In the third case there was a problem with the estimation of the number of pulses. Along one edge of the 
scanned area, there were considerable differences between the number of first and last echoes. The edge 
corresponded to maximum scan angle, many last echoes ended up outside the area of interest, and these 
last echoes had apparently been discarded in the preprocessing by the operator. For example, some grid 
cells contained five times more first echoes than last echoes. We recalculated the penetration variables of 
this study area using alternative ways of estimating the number of pulses, and obtained somewhat different 
results: For first echoes γ=1.00 (R2=0.99); for last echoes γ=1.00 (R2=0.72); and for total penetration γ=1.01 
(R2=0.78). 

 

4. Discussion 
The agreement in penetration rate for different acquisitions is influenced by both systematic and random 
factors. In several cases the systematic difference between penetration rate of different acquisitions was 
negligible, and in a majority of the cases (13 out of 18) it was less than 10%. In general, the differences were 
largest for last echo penetration. To some extent the differences could be explained as artefacts, i.e. when 
pulses were coming at an angle against vertical along the border of the study areas the estimation of the 
number of pulses was very uncertain. 

 

The systematic differences observed here correspond to the differences in the β parameter in the effective 
leaf area index model, i.e. )ln( 1−⋅= PLAI e β . Hence, this study demonstrates that the β parameter in 
most cases would vary within ±10%. If we assume that the range of technical acquisition settings in the 
present study is representative for those commonly used in operational ALS campaigns today, then 
calibration with field measurements would need to be quite accurate in order to not erroneously introduce 
systematic errors. For some applications, it might be that field calibration are not mandatory comparing the 
results of the acquisitions directly, as long as the acquisitions are carried out within a given range of settings. 
However, more studies are needed before that can be recommended, and in particular the effects of some 
proprietary producer settings in echo detection algorithms are unknown and should be better understood. 
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The study clearly shows that it is necessary to specify what type of penetration variable (first echo, last-of-
many echoes or total penetration) is used when discussing the effects of technical acquisition properties. The 
results for these different penetration variables are often different. There was a general tendency that the 
penetration rate of the first echoes was oppositely related to the penetration rate of the last-of-many echoes. 
If there is a high penetration rate of first echoes, it means that many of the pulses create a ground echo only, 
leaving few multiple-echo pulses and hence few pulses that could produce a last-of-many echo penetration. 
However, this means that if we use total penetration rate in an application, then these two oppositely related 
properties will tend to cancel each other out. This is seen in the comparisons of the total penetration rates, 
where the parameter estimates were generally close (0.83-1.03). 
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Abstract 

An array of ecological factors like available resources, disturbance regimes at varying spatio-temporal scales 
and environmental conditions, influence forest succession and alter the resulting landscape patterns. 
Disturbance regimes create spatio-temporal patterns of tree mortality and thus a mosaic of forest ages. 
Environmental factors such as elevation, slope, aspect, soils, and vegetation edges may increase spatial 
variability in disturbance regimes, which may then translate into spatial patterns of forest vegetation. Insights 
into such ecological processes and their interactions are vital in setting conservation targets, assessing 
current managed systems, or in making ecologically informed management decisions. Thus the main 
objectives of our study are (i) to investigate the relationships between vegetation patterns of a boreal 
landscape and its disturbance history, and (ii) to test whether these relationships contrast with environmental 
heterogeneity. We also would like to examine whether the vegetation responses to the interplay of 
disturbances and environment vary as a function of the spatial scale of observation. We used recent lidar 
and imagery of parts of North American mixedwood boreal forest to develop accurate generalisations across 
multiple scales across the landscape, spatial patterns of disturbances, environmental heterogeneity, 
structure and composition of vegetation. The forest responses at multiple resolutions were investigated using 
wavelet analysis. 

1. Introduction  
Ecological processes such as disturbances occurring over a hierarchy of spatial and temporal scales 
structure the terrestrial ecosystems. In boreal forests, disturbance regimes create spatio-temporal patterns of 
tree mortality and are considered as a dominant force structuring a complex mosaic of forest ages (Pickett 
and White 1985). Disturbances increase available resources, alter micro-climate and create new 
establishments. Environmental factors such as elevation, slope, aspect, soils, and vegetation edges may 
increase spatial variability in disturbance regimes, which may then translate into spatial patterns of forest 
vegetation. In turn, variability in vegetation structure affects the spread of disturbances and influences the 
flow of energy, matter and composition within and between systems (Forman and Gordon 1986). Resulting 
heterogeneity affects also many other aspects of ecological dynamics such as foraging behaviour and 
wildlife habitat. However, a question of interest for forest dynamics that still remains is how these multiple 
factors combine to drive succession and produce vegetation patterns at various scales. 

Ecological theories have proposed role of environment (Whittaker 1953) or disturbance as dominant force 
(Pickett and White 1985) in structuring forest communities. Studies also have showed changes in 
composition as a function of topographic gradient (del Moral and Watson 1978). However, very few studies 
compared multiple ecological factors, which suggest that the dominant factors controlling vegetation patterns 
vary with the extent of study area and manner in which the study is characterised. Yet, ecological 
relationships between pattern and process may occur along a continuum of scales. Although a particular 
scale of interest would be informative when investigating a system, there would be no single correct scale of 
analysis (Levin 1992). Insights into how process, pattern and their relationship change with scale of 
observation are vital in setting conservation targets, assessing current managed systems, or in making 
ecologically informed management decisions. 
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Understanding heterogeneity across scale can only be achieved through identification of the dominant scales 
at which processes are expressed and the association of processes with variables describing landscape 
structure. This requires substantial amount of empirical data collected at multiple scales. Due to limitations in 
the available tools and methods, examinations of pattern-process relationships are often conducted at 
coarse scale resolutions. Remote sensing is a potential alternative to field based measurements across 
multiple spatial scales (e.g., tree, plot to landscape or region) and multiple time intervals. Lidar is a helpful 
tool that can provide required level of details to the scale in question from very fine, of a tree, to broad scale, 
at a landscape, on forests, that it is now increasingly drawing the attention of ecologists and natural resource 
managers (Lim et al. 2003, Lefsky et al., 2004). To perform a multiscale analysis with lidar data, wavelets 
can be used. Wavelets are useful scalable method of spatial pattern analysis for raster data that can be used 
to summarize pattern at multiple scales (Keitt and Urban 2005). Wavelets can be used to decompose data 
into its scale-specific components and associate portions of total signal variance with those scales (Csillag 
and Kabos 2002). 

Thus the main objectives of our study are (i) to investigate the relationships between vegetation patterns of a 
boreal landscape and its disturbance history, and (ii) to test whether these relationships contrast with 
environmental heterogeneity using lidar data in combination with ancillary data. We also examine whether 
the vegetation responses to the interplay of disturbances and environment vary as a function of the spatial 
scale of observation. Our study area is a relatively broad extent, nearly 80 km2, of North American 
mixedwood boreal forest (Quebec, Canada). To aid in developing accurate generalisations across multiple 
scales across the landscape, spatial patterns of disturbances, environmental heterogeneity, structure and 
composition of vegetation were created at a fine grain using recent lidar data and high resolution imagery. 
The forest responses at multiple resolutions were investigated using wavelet analysis. 

2. Methods 

2.1 Site description 

Located in the Boreal Shield Ecozone (approx. 48°30’N, 79°22’W; Quebec, Canada), the Lake Duparquet 
Research and Teaching Forest (LDTRF) extending in approximately 80 km2 area is a forest mosaic of old-
growth and matured stands, originated from fires occurred during 1760 – 1944, and a combination of insect 
(spruce-budworm), management intervention (clear or partial cuts) and other small-scale disturbances like 
canopy gaps (Figure 1). Largely composed of mixedwood  
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Figure 1. Location of the Lake Duparquet Teaching and Research Forest (LDTRF), Quebec, and the 10 km. 
transect and study windows representing stands originated from different disturbances seen overlaid on the 
lidar Canopy Height Model (CHM) where purple to dark green indicate lowest to the highest canopy height.  

stands of height lower than 30 m, these forests have most common boreal tree species: jack pine, white and 
black spruce, balsam fir, eastern white cedar, white birch, trembling aspen, balsam poplar and eastern larch. 
The area is characterized by small hills with elevations varying between 227 m and 386 m. The climate is 
subpolar, subhumid, and continental with an average annual temperature of 0.8°C and annual precipitation 
of about 857 mm. The frost-free period lasts for nearly 64 days, while the length of the growing season 
averages 160 days (Environment Canada 1993). 

About 25% of this 80 km2 research forest is designated as conservation zone, while the rest is devoted to 
developing, applying and demonstrating various management interventions. In this study we considered a 
10 m × 10 km transect across the LDRTF, and five sample windows of 512 m × 512 m each representing 
stands with different disturbance history (viz., (i) 1760 fire (243 yr Time Since Last Disturbance, TSLD stand) 
(ii) 1797 fire (206 yr TSLD) and (iii) 1870 fire with partial cuts within the Conservation Zone (133 yr TSLD) (iv) 
1760 fire with an intervention of clear cut in 1982 (20 yr TSLD) (v) 1923 fire with clear cut in 1992 (10 yr 
TSLD). 

2.2 Data 

Vegetation structure, species groups and topographic variables 

The lidar survey was carried out from 14 to 16 August 2003 using Optech's ALTM2050 lidar flown at 1,000 m 
AGL, such that the first and last returns were recorded for each pulse, with a 50% overlap between adjacent 
swaths. Table 1 presents the key survey and lidar instrument parameters. The data were registered to high-
end carrier phase differential GPS ground profiles and the inter-swath geometrical fit was improved using the 
TerraMatch algorithm (Terrasolid Ltd., 

Helsinki). The last returns were classified as ground or non-ground using the Terrascan algorithm 
(Terrasolid) followed by manual verification and editing. The Digital Surface Model (DSM) was created by 
taking the highest lidar first return within each1 m × 1 m grid cell and supplementing the missing values with 
interpolated vegetation heights obtained using the IDW (inverse distance-weighted) algorithm. Similarly, 
Digital Terrain Model (DTM) was created by using the lowest ground return within a 1 m × 1 m grid and filling 
the empty cells with the IDW algorithm (Figures 2a, 2b). A high correspondence (r2 of 0.86 and RMSE of 
1.85 m) was found between lidar derived canopy height and 77 field measured trees. Surface slope (as a 
percentage) and aspect (in degrees) were created using Spatial Analyst. ArcGIS v9.2 (Figures 2c, 2d). 

Details of tree species groupings were obtained from the integrated forest ecosystem maps of the third 
decennial forestry inventory at 1:20000 produced by the Quebec`s natural resources Department (MRNFPQ, 
2003). These were based on aerial photo interpretation and several ground based inventories conducted 
during 1991- 2003 (Figure 
2g). 

Table 1. Lidar data 
acquisition parameters 

 

 

 

 

 

 

 

 

Lidar survey configuration Details 

Date of acquisition 14-16 August 
ALTM sensor model 2050 
Flight altitude (m AGL) 1000 
Pulse power (μJ) 200 
Divergence (mrad) 0.2 
Pulse frequency (Hz) 50000 
Max. scan angle (°) 15 
Footprint size (cm) 20 
First return density (hits / m2) 2.5 
Last return density (hits / m2) 0.2 
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Environmental variables – surface temperature and moisture 

Plant moisture is a biophysical parameter that is directly associated with vegetation stress and biomass 
reduction. Land surface temperature is a good indicator of vegetation health, moisture and thermal 
conditions. These two environmental variables were mapped using radiometrically corrected and 
orthorectified Landsat ETM image of 8 July 2005 (Figures 2e, 2f). The surface moisture was generated by 
calculating the Wetness component of the Tasseled Cap transformation (TCT) for the Landsat ETM image 
using the coefficients developed by Huang et al (2002). The wetness component of the TCT being a contrast 
between shortwave-infrared and visible/ near-infrared reflectance, determines the amount of moisture held 
by the vegetation or soil and also can be an indicator of vegetation density (Kimes et al., 1986). 

The spectral radiances of the 60m resolution ETM thermal band (Markham and Barker, 1986) were 
converted into satellite brightness temperature using the following relationship that is similar to the Planck 
equation with two free parameters (Schott and Volchok, 1985; Wukelic et al., 1989): 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Vegetation patterns in relation to the topographic and environment factors – a sample window of 
the 1760 fire stand within the Conservation Zone. (a) DSM (in meters ASL) (b) Ground elevation (in meters 
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ASL) (c) Aspect (in degrees) (d) Percent Slope (e) Wetness index (f) Surface Temperature (in F) (g) Species 
groups (Dark green: Grey Pine with a mix of balsam fir; light green: balsam fir with paper birch; blue: Black 
spruce; white: Spruce mix with paper birch). (1) is the plot of the wavelet variance across scale (scalogram) 
of DSM and (2)-(6) are the plots of covariance of DSM against the independent variables, while (7) to (9) are 

the scalograms of the vegetation type stratified DSM. In plots (1) to (9) x-axis represents the scale of the 
wavelet while the y-axis variance of the wavelet coefficients. 

⎟
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⎞

⎜
⎝
⎛ +

=
1ln 1
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L
K
KTB  (1) 

 

where L the blackbody radiance for a temperature, TB in Kelvin, integrated over the ETM thermal band, and 
K1 and K2 are two free parameters with the values of K1= 60.776 mWcm-2sr-1μm-1, K2=1260.56 K.  

 

Table 2. Distribution (% to the total area of the sample window) of species groups in the stands. 

Species groups CS1760 CS1797 CP1870 CT1760 M1923 

Balsam fir - 16.1 - - - 

Balsam poplar (>75%), balsam fir (<25%) 15.2 - - - - 

Balsam fir (<75%), paper birch (<25%) 25.9 27.9 3.6 58.2 - 

Balsam fir (>75%), deciduous (<25%) - - 30.3 - - 
Jack pine (>50%), balsam fir and birch 
(<50%) - - - 2.1 - 

Paper birch (>75%), balsam fir (<25%) 52.5 4.2 - - 3 

Spruce 0.3 51.8 - - - 

Spruce (>75%), paper birch (<25%) 6.1 - - - - 

Paper birch (>75%), jack pine (<25%) - - 53.4 - - 

Balsam poplar - - 12.7 - - 

Balsam poplar (>75%), jack pine (<25%) - - - - 45.6 

Paper birch (>75%), spruce (<25%) - - - - 0.1 
Paper birch (>50%), jack pine and spruce 
(<50%) - - - 9.1 - 

Jack pine - - - - 51.3 

Balsam fir (<75%), spruce (<25%) - - - 30.5 - 

 

Disturbance history 

 

We used the stand initiation maps created by Dansereau and Bergeron (1993) based on dendrochronology 
to identify the different times of origin since fire (TSF) for each stand. These ranged from 1760 to 1944. 
History of management interventions as provided in the information system of the research forest was used. 
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2.1 Wavelet analyses  

 

Wavelet analysis is a method of quantitatively partitioning the variance into scales from a time series data , 
spatial transects (1-D) or images (2-D) concurrently that help in identifying patterns different scales or 
frequencies (Daubechesis 1992). It involves successive passes of a wavelet template (wavelet transform, 
WT) of  
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Figure 3. High variance and complexity in high resolution data like that of surfaces generated using lidar data 
seen in this example along a 10 km (10 m wide) transect across the research forest.  

increasing size over a data series and assesses degree of similarity of pattern and the shape of the template 
at each size and location (Bradshaw and Spies, 1992). Wavelet coefficients are the values that describe the 
fit or correlation between the wavelet at a given scale) and the data array (at a particular location). To 
determine scale-specific information independent of location, we computed wavelet variance at each level of 
decomposition. Wavelet variance is the sum of the squared wavelet coefficients weighted by the number of 
coefficients at a given scale (Percival 1995). This ‘multi-resolution analysis’ (Mallat 1999) is one of the key 
attributes of wavelet analysis. A given decomposition level represents the information extracted from a 
particular scale. In recent years, WT have been found useful in the study of multi-scale and non-stationary 
processes over finite spatial and temporal domains. Applications of wavelet analysis have been found as 
effective tools not only in signal and image processing (compression, filtering and fusion), there have been 
several ecological applications using time series, 1-D transect data and 2-D images. 2D wavelets on 
remotely sensed data were applied to analyse grassland productivity (Csillag and Kabos 2002), tree crown 
feature identification (Falkowski et al. 2006, Strand et al. 2006), vegetation dynamics using NDVI (Martinez 
and Gilbert, 2009) and insect defoliation (James et al, 2010). 

 

In this study, we first use 1-D transect to understand patterns of variability across the variables, and illustrate 
the utility of using a very high resolution remote sensing data for multi-scale analyses (Figure 3). This also 
guided us to remove noise at finer scales using wavelet filtering (Figure 4). We then used a two-dimensional 
maximum overlap discrete wavelet transform (MODWT; Percival and Walden 2000) with a simple ‘Haar’ 
basis to identify significant scales of spatial pattern in vegetation structure, in correspondence with 
environmental and topographical variables. Wavelet template sizes that increase as powers of two (e.g., 22, 
23, 24, etc.) in terms of pixels were applied on the lidar DSM, ground elevation, slope, aspect, surface 
temperature and wetness index. For the purposes of this analysis, the term “scale” refers to the different 
sizes of wavelet template (here, level 1 equals to a resolution of 2 m, level 2 to 4 m and so on) , and the term 
“level” to refer to the separate sets of coefficients produced through variance decomposition. A given 
decomposition level represents the information extracted from a particular scale to identify (e.g., Figures 2.1). 
We stopped the transform when the scale was equal to the sample window considered i.e. at 29. Levels that 
exhibit high wavelet variance can be considered of interest (Bradshaw and Spies 1992). Extending this idea 
to wavelet covariance (Figures 2.1-2.6), peaks in wave-covariance between a dependent and an 
independent variable occurs when the two variables exhibit a shared pattern (Keitt and Urban, 2005).  
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Figure 4. Wavelet denoising – an example of smoothing highly varying in high resolution data. 

Our computations are based on software package Waveslim implemented in R (Whitcher 2005). Regression 
was then applied in the wavelet domain to fit a multiple linear regression model to the coefficients at each 
level of the transform with DSM coefficients as the response and topographic and environmental factor 
coefficients as explanatory variables at each level. We applied a stepwise model selection with minimisation 
of Akaike’s information criterion to arrive at an optimal model at each level. 

3. Results 

Vegetation and disturbance history 

Although the maximum ground elevation, surface temperature and moisture levels are highly varying across 
the chronosequence of stands, the mean of these variables was consistent irrespective of the stand age, 133 
yr TSLD being an exception (Table -3). Species groups of stands in the conservation zone are mixedwoods 
in the 233 yr and 133 yr TSLD, but with a predominance of softwood species in 203 yr TSLD (Table-2). The 
managed stands are either predominantly softwood (20 yr TSLD) or predominantly hardwood (10 yr TSLD). 
As expected, mean canopy height decreased with the stand age.  

Table 3. Summary statistics of the sample windows of stands with different disturbance history. 

DSM – 

Surface height of the canopy; CH – Canopy height = DSM-Ground Elevation; ELV – Ground Elevation; SLP 
– Slope; ASP – Aspect; WT – Wetness Index; ST- Surface Temperature; 

Stand Statistic DSM(m) CH(m) ELV(m) SLP(%) ASP(°) WT ST(F) 

C
S1

76
0 

Min 232.6 0.0 231.9 0.0 0.0 -117.1 77.2 
Max 295.8 29.5 276.5 61.0 360.0 -90.3 79.0 
Mean 256.6 9.2 247.4 7.2 182.1 -105.1 77.9 
Std. 11.4 6.8 9.4 6.4 103.1 4.5 0.4 

C
S1

79
7 

Min 237.7 0.0 238.0 0.0 0.0 -132.3 78.5 
Max 343.3 24.9 33.6 73.9 360.0 -93.2 86.2 
Mean 291.1 5.3 285.8 17.0 184.1 -104.4 80.4 
Std. 22.9 4.1 24.2 13.5 102.8 7.3 1.4 

C
P1

87
0 

Min 232.3 0.0 231.6 0.0 0.0 -117.1 76.1 
Max 294.2 27.6 286.7 64.1 360.0 -97.7 80.0 
Mean 264.1 11.7 252.4 9.2 179.6 -106.1 78.1 
Std. 12.5 6.4 11.1 7.4 103.1 3.5 0.4 

C
T1

76
0 

Min 230.8 0.0 230.8 0.0 0.0 -151.1 76.1 
Max 284.1 30.7 266.3 59.9 360.0 -95.6 84.4 
Mean 247.6 8.0 239.6 5.2 181.5 -114.1 78.2 
Std. 8.9 5.4 6.2 5.4 104.5 12.6 1.0 

M
19

23
 

Min 239.6 0.0 239.6 0.0 0.0 -146.0 77.0 
Max 291.8 30.7 270.0 56.0 360.0 -102.0 81.7 
Mean 270.2 17.1 253.1 5.9 181.5 -114.6 78.3 
Std. 8.3 6.6 5.3 4.5 104.4 8.1 0.6 
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Patterns across the transect in 1-D 

Each of the chosen variables shows different patterns of variability even as a simple line transect of coarser 
10 m resolution (Figure 3). Canopy height is a mixture of complex fine scale pattern with respect to 
vegetation type, while intermediate to broad scale with disturbance history. Response of canopy height to 
other variables is not clearly evident. Patterns of elevation seem intermediate while surface wetness and 
temperature are broad scale. By appropriately enhancing or reducing certain coefficients of the wavelet 
decomposition, the signal reconstructed through inversion algorithms can reveal certain desirable features or 
suppress undesirable ones i.e. noise. Thus, we used various options of denoising algorithms available in 
Waveslim to reduce the noise and selected the one that retained essentially the same shape of the 
underlying surface in the variables extracted through the lidar data (e.g., Figure 4). Wavelet based denoising 
has been applied earlier to remove noise from SAR images (e.g., Dai et al., 2004) and more recently to filter 
terrain data (e.g., Tate et al., 2005). 

Wavelet analyses 

Plots of the wavelet variance of all the variables show that local pattern of wavelet variance differed between 
stands originated from different disturbances (Figure 2). Except aspect, large amounts of variance at coarser 
spatial scales and little fine scale variability of all variables is seen across all stands. Wavelet variance of the 
DSM peaked at scale 8 but with varying rates of increase and dissimilar patterns at finer scales across 
stands. The highest amplitude of variance of DSM occurred in 1870 stand and the lowest in the 1923 stand. 
However, the pattern of wavelet variance of the DSM was completely different at sub-stand scales (Figure 2) 
with two scales (3 and 8) dominating the pattern of vegetation in the younger managed stands.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Local wavelet variance image of DSM at scale 8 of 1760 stand in the conservation zone. White 
lines indicate high (bold line), medium (dashed line) and low (dotted line) variance zones. 

Influence of environmental or topographical factors  

Typical of noisy multi-scale patterns, up to scale 4 all variables are uncorrelated with DSM and show different 
patterns at coarser scales in the wavelet correlations 
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Table 4. Regression models of vegetation in different disturbance stands 

Table 5. Regression models for the sub-stand units. 

STAND LEVEL INTERCEPT ASP ELEV SLOPE STEMP MOIST F+ AIC R2 
CS1760 1 -5803.7215 0.0072 0.6305* 0.4925* 19.7945* - 73.68 16524.1 0.25 

2 -5117.6175 - 0.5388* 0.9077* 17.5685* - 333.3 12309.5 0.53 
3 -3578.8066 - 0.296 2.0586* 12.5943* - 1031 6301.803 0.78 
4 -2823.5015 0.0678 0.5733* 1.6191* 9.7979 - 876.8 5051.98 0.8 
5 -9995.8335 0.1326 1.3001* - 33.2338 - 24460 531.0025 0.99 
6 -66175.4838 0.3667* 0.5876* - 223.0564 2.747* 5614 341.2745 0.96 
7 4059.385 - 1.0223* - -13.766 -0.4811 66060 16.8829 0.99 

  8 893.4482 - 1.1809* - -3.1109* - 61180 0.9198 0.99 

Numbers in italics and ‘*’ indicate the most significantly and other important contributing factor (based on the t-statistic) respectively towards 
the pattern of vegetation. ‘+’ indicates that the F statistic is significant at p-level 0. 

STAND LEVEL INTERCEPT ASP ELEV SLOPE STEMP MOIST F+ AIC R2 
CS1760 0 358.549 0.0004 0.9752 -0.0258 -1.1259* 0.0669* 115500 9972890 0.68 

1 360.8415 0.0006 0.9754 -0.0267 -1.1332* 0.0686* 121100 9476561 0.7 
2 363.814 0.001 0.9754 -0.0286 0.9754* 0.0712* 136700 8352314 0.72 
3 373.4388 0.0019 0.9751 -0.0303 -1.1736* 0.0752* 170700 6618256 0.77 
4 406.707 - 0.9745 -0.0288 -1.2815* 0.0807* 284700 4848916 0.81 
5 507.8946 -0.0117 0.9697 - -1.6125* 0.0737* 408900 3192902 0.86 
6 687.2518 -0.0523* 0.9601 0.0558 -2.1895* 0.0526 539700 1667639 0.91 
7 1030.1016 -0.1072* 0.9544 0.0852 -3.3051* 0.0396 1243000 492032.5 0.96 
8 1196.4219 -0.149* 0.9522 0.0897 -3.8395* 0.0271 2734000 88075.41 0.98 

CS1797 6 19.1472 0.0362* 0.964 -0.0695* - 0.0841* 23940000 283717.2 0.99 
7 71.5689 0.0756* 0.9828 -0.0884* -0.2258 0.0563 48570000 79963.52 0.99 
8 25.5074 0.0186 0.9771 -0.1075* - 0.1419* 189700000 10964.48 0.99 

CP1870 6 1841.4772 0.0063 18980 -0.1639 -6.3621* -0.5276* 898000 1637303 0.94 
7 2209.246 -0.0196 1.0859 -0.2441* -7.6661* -0.7149* 1747000 668326.3 0.97 
8 2650.6805 -0.0208 1.0989 -0.4001* -9.1769* -0.7911* 3126000 161856.3 0.98 

CT1760 6 233.1369 -0.0718* 1.06 0.2477* -0.7853 -0.06 1199000 451350.7 0.96 
7 264.0127 -0.1572* 1.0298 0.3344* -0.8141 -0.0612 262138 118845.5 0.98 
8 28.0858 -0.2026* 1.0667 0.2779* - 0.0068 13200000 13333.02 0.99 

M1923 6 289.4665 0.0313 0.931 -0.0742 -0.0373 -0.8851 246700,0 987170.9 0.82 
7 492.4843 0.1352* 0.9249 -0.1823* -1.6435 -0.0968 519200 294192.8 0.91 

  8 -483.3944 0.1614* 1.0635 -0.0887 1.6314 0.2764* 1041000 54109.31 0.95 
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across the stands (Figure 6). With an exception in 1797 stand, elevation is highly positively correlated with 
DSM in the coarser scales. High positive correlation of slope in 1760 – conservation and 1760 clear cut 
stand, while high negative correlation of aspect in 1797 stand is seen (Table 4). Further exploring scale-
specific patterns through wavelet regression, we observe that irrespective of the disturbance history, 
topographic factors, specifically elevation, greatly influence the patterns of vegetation across all scales. 
Though not significantly higher, surface temperature in older stands, and soil moisture in the younger stands 
also seem to influence vegetation. However, elevation, slope and surface temperature at finer scales are 
contributing equally while elevation alone explains the patterns in vegetation when considering sub-stand 
units (Table 5).  

4. Discussion 
There is a need for fine to landscape scale assessments of vegetation patterns to improve our understanding 
of the effect of ecological processes such as disturbances and environmental factors to aid in setting 
conservation targets, assessing current managed systems, or in making ecologically informed management 
decisions. Towards this, it is essential to capture the spatial and temporal variability over areas that are large 
enough to represent the ecosystem and its natural and managed disturbance regimes. Conventional 
empirical data, that generally is coarse at landscape scale, may not be able to capture variability at multiple 
scales. Although extensively used in image processing (Ulfarsson et al., 2003; Sakamoto et al., 2005), 
remote sensing and wavelets, are also shown to be invaluable tools in such multi- scale analyses. For 
example, for ecological feature extraction i.e. plant location and size (Falkowski et al., 2006, Strand et al., 
2008), regional scale vegetation change using NDVI (Martinez and Gilbert, 2009) and insect defoliation 
(James et al, 2010). However, identification and quantification of very fine to broad scale-specific ecologically 
relevant patterns across multiple spatial scales has not been made. 

In this study using lidar, we investigate whether the relationships between vegetation patterns of a boreal 
landscape and disturbance history as well as environmental heterogeneity can be detected using wavelet 
analysis and correlations at multiple scales. However, as the spatial resolution of lidar is so high, the data 
were first filtered, using wavelet, to be able to match the spatial resolution scales at which the disturbance 
events occur. Then using the filtered lidar data, we present the potential application of very high resolution 
canopy surface models generated using lidar to highlight and quantify heterogeneity in vegetation patterns, 
effect and significant contribution of disturbances and environmental factors towards the variability at multiple 
scales. 

 

Boreal forest dynamics are driven by disturbances (Bergeron, 2000). In this study, the results confirm that 
variability in vegetation pattern across multiple scales is affected by disturbance history. Although weak at 
very fine scales, these patterns are further influenced by topographic factors, specifically elevation over scale 
4 (i.e. from a spatial resolution of 16 m). Our study shows that the variability was better explained by different 
environmental factors and that at different scales. 

It is therefore important to start planning forest studies using a multi-scale framework as it is possible to do 
by combining lidar data with wavelet analysis. The wavelet filtering used in this research can also be applied 
in several other forest ecosystems such as temperate forest as well as mixed boreal forest to determine the 
appropriate scale to investigate the relationship between environmental factors and forest spatial structure. 
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Abstract 

A method for prediction of stem attributes by combining harvester measurements with Airborne Laser 
Scanning (ALS) data including an algorithm for automatic segmentation of tree crowns based on tree crown 
models was validated. Each harvested tree was linked to the nearest tree crown segment derived from the 
ALS data. For each segment several variables were derived from ALS data which were used for imputation 
of crown segments. The relative sub-stand-level cross-validated RMSE of stem volume, mean tree height, 
mean stem diameter, and stem density (stems per ha) estimates were 11%, 7%, 9%, and 18%, respectively. 
The imputation of stem data collected by harvesters could in the future be used for bucking simulations of not 
yet harvested forest stands in order to predict product recovery. 

 

1. Introduction 
In Swedish forestry it is important to be able to control the timely flow of round-wood from the logging 
operations to the saw- and pulp-mills. The mills have to produce products in current demand. This is a 
serious management problem since the quality of data traditionally supplied by pre-harvest inventories 
provides a too poor basis for sufficient estimation of the round-wood recovery. The common systems focus 
mainly on estimation of stand average properties, for example stem volume per hectare, but these data are 
neither accurate enough nor detailed enough for control of round-wood deliveries. 

 

Detailed information of round-wood recovery can be recorded by harvesting machinery performing final 
felling. This information is normally only utilized to measure logging production and provide input data for 
controlling transportation to the mills, however, these data could potentially be used to estimate the round-
wood recovery of remaining stands with similar forest characteristics. This could be possible if there is a data 
source that can link stem data from harvested areas to non-harvested trees with similar characteristics. 
Airborne laser scanning (ALS) can be used for detection and estimation of tree attributes for individual trees 
(e.g. Hyyppä and Inkinen 1999; Hyyppä et al. 2001, Persson et al. 2002, Koch et al. 2006, Solberg et al. 
2006). These tree crown delineation algorithms provide estimates of position and characteristics of individual 
trees, such as stem diameter, height, and crown width. By equipping harvesters with high precision 
positioning systems, tree positions could be measured during harvesting, making it possible to automatically 
link tree stem data with tree crown polygons derived from ALS data. A future operational system could 
continuously receive stem data sent from operating harvesters and these data could be used to continuously 
update a reference database enabling improved prediction of stem attributes for not yet harvested forest 
stands. The imputation of stem data files could then be used for bucking simulations in order to predict 
product recovery. The objective of this study was to evaluate a method where tree stems are imputed based 
on tree crown segmentation in ALS data.  
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2. Material and Methods 

2.1 Study area 

The study was located at a test site in northern Sweden (64º 6' N, 19º 11' E) where 20 forest stands, planned 
to be harvested, were selected. The forest stands were dominated by Scots Pine or Norway Spruce. Four 
field plots within each forest stand were systematically placed on a grid with 50 m inter-node distance. 

2.2 Field data 

The field plot inventory was performed from June to August 2008. For all trees on a 10 m radius field plot, the 
stems were callipered 1.3 m above ground level (DBH) if the DBH was at least 40 mm, tree species were 
recorded, and stem position were measured relative to the field plot centre using ultrasonic triangulation with 
three transponders. For all measured trees on the plot, an identification number was painted on the tree 
stem. The plot centre position was measured using DGPS, which is expected to produce sub-meter accuracy 
under optimal conditions. The spatial patterns of tree positions and tree sizes from field data and tree 
detection with ALS data were used as input for the algorithm by Olofsson et al. (2008) for correction of DGPS 
measured plot centre and tree positions. 

2.3 Harvester data 

Trees on the plots were harvested during winter 2009. A special module of a harvester GIS program was 
developed for registration of trees on the plots used in this research project. The position of the harvester 
and the field plots were visible on a digital map and if a tree was harvested within a field plot, the operator 
was asked to enter the tree identification number painted on the tree stem. The stem data were recorded 
according to the StanForD standard (Anon 2008a) and the tree identification number was saved in an 
associated stem-file. The stem diameter was measured by the harvester continuously along the processed 
part of the tree stem and registered with 10 cm intervals. The program for registration of tree stems did not 
operate in an optimal way for the specific harvester used in this case, which produced linking errors. The 
linking was manually verified and because of errors seven plots were excluded from further analysis: these 
were all plots in one stand, two plots in another stand, and one plot in a third stand. 

2.4 Airborne laser scanner data 

The laser data were acquired on the 3rd and 5th of August 2008 using the TopEye MKII system S/N 425 
operated onboard a helicopter from an altitude of 500 m and 250 m above ground level for main strips and 
cross strips, respectively. Because of overlapping strips the measurement density varied between plots but 
the average density, including both first and last returns, was 15 laser returns per m2. 

2.5 Tree crown segmentation 

The segmentation procedure consisted of two phases: (1) a training phase where known tree locations on 
sample plots were used in order to predict optimal parameter settings as a function of variables that can be 
derived from ALS data, and (2), a prediction phase in order to produce tree crown segments for the entire 
area. The segmentation algorithm used six steps, described in the following sections. 

 

Create a height model. A Digital Surface Model (DSM) was created by assigning each raster cell the 
highest z-value of laser returns located within the cell. A Digital Elevation Model (DEM) was created and 
nDSM was calculated as the difference between DSM and DEM. A canopy height model (CHM) was created 
to describe the height of tree crowns at each location. A raster cell value of the CHM was set to the nDSM 
value if the cell value was above a height threshold (2 m), otherwise the value was set to zero. Some raster 
cells with a zero value could be inside a tree crown due to the lack of laser returns at that location or 
because the laser beam penetrated through gaps in the canopy. In order to set a value to these raster cells 
with no data, these areas need to be distinguished from areas outside of the tree crown, i.e. the crown area 
needs to be defined. First, a binary crown area raster was derived from the nDSM, in which a raster cell was 
set to the value one if the corresponding nDSM raster cell had a value greater than a height threshold (2 m); 
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otherwise the raster cell was left as a zero value. The crown area raster was then updated by morphological 
closing with a structure element of 3×3 cells. The next step was to update the CHM based on the crown area 
raster in order to set non-zero values of the CHM at crown locations, i.e. value of one in the crown area 
raster. Neighbour cells with values greater than zero within the smallest window needed to cover at least one 
value greater than zero were used to update the CHM raster cell. If only one non-zero value was found within 
the window, then that value was assigned; otherwise, the mean value of non-zero values was assigned. 

Create a correlation surface. The cell values of a correlation raster were set to the maximum found 
correlation from tests with geometric tree models with the origin placed at the centre of a raster cell. For each 
raster cell, different geometric models, i.e. generalized ellipsoid (Pollock, 1996), with shape parameter set to 
two (Equation 1) were used to calculate the height of a model surface (h), where a and b are parameters and 
r is the horizontal distance from origin to a laser return. The correlation was calculated between h and z-
values of laser returns. 

           (1) 

Different models were tested for a raster cell if the CHM had a height value greater than zero: parameter a 
was set to the value of the CHM at the model origin, and different radii were tested, b = 0.5, 0.7, rmax, where 
rmax is the maximum expected radius set at a proportion of model height (parameter a). In order to obtain 
higher correlation values some laser returns were removed in the same way as done by Solberg et al. 
(2006): laser returns with other laser returns within a radius of 0.3 m which had a higher z-value were 
removed. This pre-processing increased the correlation because returns inside tree crowns were discarded 
making the correlation with a solid geometric model higher. The correlation surface was smoothed by filtering 
the surface three times with a 3×3 Gaussian kernel. 

Segmentation. A starting point (i.e. a seed) was placed at each raster cell with a non-zero CHM value, and 
with a positive correlation value. For each seed, the current location was updated by changing the position to 
the neighbour cell with the highest value of the smoothed correlation surface. This was repeated until the 
position could not be updated because a local maximum of the smoothed correlation surface had been 
reached. The seeds with the final location at the same local maximum defined a segment. A raster cell that 
had not been included into a segment but was enclosed by raster cells that were all from the same segment 
was assigned to the surrounding segment. 

 

Merging segments. The aim of the preceding steps was to create segments that are small enough to 
include small trees but large enough to make it possible to test models, i.e. include more than a minimum 
number of returns. The next step was to merge segments with the aim of removing segments that only 
covered part of a tree. For each segment, models (i.e. Equation 1) were used to decide if the segment 
should be merged or not to a neighbour segment. A neighbour segment was defined as a segment having 
an edge in common with the tested segment. The model origin was placed at the raster cell with the highest 
value of the correlation surface (segment centre) within the tested segment and a test value was calculated 
using only laser data within that segment. The model was also placed at the centre of a neighbour segment 
and a test value was calculated using only laser data within the tested segment. If the value at the tested 
segment centre yielded a higher test value than any where the model origin was at a neighbour segment 
centre, the segment was not merged; otherwise, the segment was merged with the neighbour segment for 
which the highest test value was calculated. The test value used to decide whether to merge two segments 
was the weighted correlation between h and z-values (weight = distance above ground level) multiplied by a 
penalty factor, p, calculated with Equation 2, where rp is predicted and ro is the observed radius-height ratio 
for a tree crown. 

           (2) 

The σ value in Equation 2 was set to 0.1 but could be adjusted according to the expected uniformity of crown 
shapes in the specific forest. 
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Prediction of radius-height ratio. In order to predict the best radius-height ratio (i.e. the rp value) to be 
used for the segmentation, empirical data were used from field plots with known tree locations. Several 
segmentations, each with one expected radius-height ratio, were tested and the results were evaluated by 
counting number of trees within each of the segments for the segments that were located inside a field plot. 
For each segment laser variables were also derived. For this study five classes (percentile 20, 40... 100) 
were defined using the maximum height of the segment, but other variables, such as variables related to tree 
species, could also be used. The radius-height ratio with the highest proportion of one field tree within a 
segment was judged as the best radius-height ratio for a class. For this study a cross validation procedure 
was used by excluding field data for a specific square kilometre when producing the training data used for 
segmentation of that square kilometre. 

 

Segmentation of the area. After prediction of the radius-height ratio segmentation could be performed for 
the entire laser scanned area with different predicted radius-height ratios for different classes derived from 
laser data. Tree crown variables, e.g., percentiles, were finally derived for the segments. 

 
Figure 1. Tree crown segments and harvester measured trees (small circles, size proportional to stem 

diameter), within a field plot (large circle). 

2.6 Imputation 

Tree stems were linked to a laser derived crown polygon if they were inside the polygon. If a tree stem was 
outside any crown polygon the stem was linked to the nearest tree crown polygon (Figure 1). The MSN 
method (Moeur and Stage 1995) was used for imputation of tree crowns using the yaImpute package as part 
of the R-project (Anon 2008b). Only segments fully contained within a field plot were used for training but all 
segments with predicted tree top location within a field plot were used for prediction. The sum of stem 
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volume, DBH, stem diameter at last cut and tree height, from zero, one, or several tree stems that had been 
linked to a segment were used as the dependent variables and variables extracted from ALS data for a 
segment were used as the independent variables for the imputation. The variables extracted from ALS data 
were: laser height percentiles, crown width, crown length, mean and standard deviation of height of laser 
returns, mean intensity, number of returns in the crown, and proportion of first returns. 

 

2.7 Validation 

Predictions of stem lists were validated on a sub-stand level. A sub-stand was defined as the total area of the 
two to four field plots that were located on a regular grid with 50 m inter-node distance within the same forest 
stand. The RMSE and Bias were calculated using Equations 3 and 4, where yi is the predicted variable for 
stand i and N is number of stands. 

 

        (3) 

 

         (4) 

 

The error index (EI) was calculated with a fixed number of intervals (50 mm intervals) according to Reynolds 
et al. (1988), where pj is the predicted and oj is the observed number of trees in class j and n is the total 
number of trees: 

 

          (5) 

 

3. Results 
For the segments fully contained within a plot 62% contained one tree, 15% contained two trees, 5% 
contained three trees, 2% contained four or more trees, and 16% contained no harvester processed tree 
stems. If only one of the trees within a segment would have been linked 72% of the number of trees linked to 
a segment fully contained within a plot would have been classified as detected trees. The proportion of not 
linked segments was 14% of the number of trees linked to a segment fully contained within a plot. The 
imputed and harvester measured sum of stem volume were compared at segment level (Figure 2). When 
aggregated at sub-stand level the RMSE values were between 7 and 18% for all validated variables when all 
segments within the same sub-stand were excluded from training data (Figure 3, Table 1). The RMSE values 
did not differ much for two tested cross validation procedures: (A) excluding only segments from the same 
plot, and (B) excluding segments from the same forest stand from training data. The bias was lower for 
validation procedure A as compared to procedure B for estimation of all variables except for stem number 
estimates. For stem diameter distribution estimations at sub-stand level, the average EI values were 0.36 
and 0.38 for validation procedures A and B, respectively. 
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Figure 2. Stem volume per segment (m3) from imputation plotted against harvester measured stem volume; 

validation by excluding segments from same sub-stand from training data. 

 

 

Figure 3. Imputation of stem volume at sub-stand level plotted against harvester measured stem volume 
(m3ha-1), for (A) excluding segment on the same plot, and (B) excluding segments from the same sub-stand 

from training data. 
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Table 1. Imputation results validated at sub-stand level with (A) excluding segment from the same plot, and 
(B) excluding segments from the same sub-stand from training data. 

  RMSE Rel. RMSE (%) Bias Rel. Bias (%) 

Stem volume (m3ha-1) A 28.1 11.7 0.76 0.32 

 B 27.2 11.4 -5.66 -2.37 

Mean tree height (m) A 0.85 5.95 -0.17 -1.20 

 B 1.07 7.44 -0.26 -1.81 

Mean stem diameter (mm) A 17.2 8.30 -4.32 -2.08 

 B 19.0 9.13 -5.58 -2.69 

Stem number (ha-1) A 121 16.2 24.7 3.32 

 B 131 17.6 16.6 2.23 

 

 

 

Figure 4. Number of stems in 50 mm stem diameter (DBH) interval from field data and imputed trees; (A) the 
sub-stand with lowest EI and (B) the sub-stand with highest EI; for both histograms was validation done by 

excluding segment from the same sub-stand from training data. 
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4. Discussion 
The aim of this research is to develop an automatic method where crown polygons delineated from ALS data 
are used for imputation of tree stems measured by harvesting machinery. In an operational context, a 
reference database with tree stems linked to ALS data could be continuously updated. 

Segments with no linked trees could be caused by false tree crown segments, linking errors, but also the 
lower size limit for a tree to be harvested. The linking errors could be caused by relative positioning errors of 
field trees, leaning trees, or problems to automatically correct the position of some field plots using field plot 
matching. The problem with either none or several trees linked to a segment was solved by using all crown 
segments for the imputation and using the sum of stem attributes (e.g. total stem volume of all trees linked to 
a segment) as reference variables. The tree crowns with none linked trees were usually estimated as 
segments with no or a low volume (i.e. usually less than 0.5 m3). The estimates were aggregated to sub-
stand level which produced estimates with low bias for stem volume, mean tree height, mean stem diameter, 
and stem density. The imputation results could possibly be improved by deriving more variables from ALS 
data, for example, those related to tree species. The results obtained from imputation of the sum of stem 
volume for none, one, or several trees linked to ALS derived segments are similar to results obtained by 
Breidenbach et al. (2010). 

 

It is possible that MSN methods produce low accuracy estimates if a small training dataset is used because 
then the probability is high that there are no similar data points in the reference database. The most realistic 
validation of this study was to use cross validation where all segments from the same sub-stand were 
excluded as training data (procedure B). However, in this study, cross validation by excluding only segments 
from the same plot was also tested (procedure A), simulating a situation with a large amount of reference 
data as well as having training data similar to the stand to be predicted. The problem with this cross 
validation procedure is that unrealistic estimates could be produced if the within stand variation is low and 
the between stand variation of the data is high. In such a case the segments would be imputed from the 
same forest stand because of differences between stands. However, the RMSE values were similar for the 
two validation procedures. The RMSE values where similar to those obtained in other studies in 
Scandinavian forests with validation performed at stand level but were low compared to other studies where 
validations were performed at plot level (Næsset et al. 2004). 

 

One advantage of the imputation of tree stems, compared with using for example regression analysis for 
prediction of stem attributes, is that imputed tree stems can be used for bucking simulations in order to 
predict product recovery. In the future the potential of the imputation of tree stems will be evaluated using 
bucking simulations. The remote sensing task is to find out if not only tree stems with similar sizes, as was 
evaluated in this study, can be imputed, but also if quality parameters can be predicted, such as tree species 
and number of branches. 
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Abstract 

A new method to combine terrestrial laser scanning (TLS) with airborne laser scanning (ALS) has been 
evaluated for estimation of stem diameters (DBH) and stem volume at single tree level. The aim is to 
measure tree stems in field plots with TLS to use as training data for wall-to-wall estimation of forest 
variables based on ALS data. DBH and tree positions were estimated from TLS data in six field plots. Trees 
estimated from TLS data and tree heights and positions estimated from ALS data were co-registered to 
automatically link TLS and ALS measured trees. DBH estimated from TLS data and tree height measured in 
field for a sub-sample of trees were used to train regression models based on ALS derived tree crown 
segments. At tree level, the root mean square error (RMSE) was 46.6 mm (15.6%) for DBH, 9.8 dm (3.8%) 
for tree height, and 200.6 dm3 (34.4%) for stem volume. 

 

1. Introduction 
Modern remote sensing techniques such as airborne laser scanning (ALS) have made it possible to estimate 
attributes of individual trees, e.g. height, diameter at breast height (DBH) and stem volume, if a sub-sample 
of trees with known positions is available as training data (Persson et al. 2002). To co-register tree crown 
segments from ALS data with the corresponding field trees, accurate tree positions measured in field are 
required. These measurements are usually done manually. Manual field surveys could be automated by 
introducing terrestrial laser scanning (TLS) (Thies et al. 2004). TLS provides highly accurate three 
dimensional data consisting of distance measurements from the scanner to surrounding surfaces. 

 

The combination of data from TLS and ALS provides a possibility to implement a forest inventory system with 
minimal need for manual measurements. The combination of TLS and ALS has been used to measure 
canopy structure (Lovell et al. 2003) but we have not found any other studies yet where it has been used to 
estimate information about tree stems for forest management planning. Combination of remote sensing data 
at single tree level with field data requires co-registration of the data sources. Since GPS positions measured 
below a canopy are inaccurate, the positions of the field data must be adjusted (Olofsson et al. 2008). Co-
registration of remote sensing data and data from TLS must also take the shaded zones in the TLS data into 
account. 

 

The objective of this work is to create a method to use TLS data as training data to estimate attributes of tree 
stems from ALS data. As a first step, we have validated a new method to estimate DBH from TLS data. We 
have furthermore developed a method to automatically co-register the trees stems from the TLS data with 
the corresponding tree crown segments from the ALS data. Finally, the accuracies of the ALS estimates 
trained with TLS data have been compared with the corresponding ALS estimates trained with manual field 
measurements. 
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2. Material 

Study area 

The study area is located in the southwest of Sweden (lat. 58° N, long. 13° E). The dominating tree species 
are Norway spruce (Picea Abies), birch (Betula spp), and Scots pine (Pinus Sylvestris). 

Field data 

Six rectangular 80 × 80 m2 field plots were allocated (table 1) during the autumn 2006. Within the field plots, 
all trees were measured using a calliper and the tree species were recorded. For a sub-sample of trees, the 
height was also measured. The positions of reference points near the field plots were measured using a RTK 
GPS with cm accuracy. The positions of all trees were measured relative to the reference points using a total 
station. Stem volume was calculated for the sub-sample of trees where the height was measured in field 
using functions by Brandel (1990). For deciduous trees, the function for birch was used. Linear regression 
models were fitted for the sub-sample of trees where the height was measured to estimate the stem volume 
of all trees for pine, spruce and deciduous trees. 

 

Table 1. Summary of field plot data. 

Plot Number of 
trees 

Species composition of  
basal area (%) 

DBH (mm) 

Spruce  Pine Deciduous† 10th 
percentile 

Mean 90th 
percentile 

1 369 87 10 3 230 322 411 
2 424 99 0 1 222 297 386 
3 357 79 0 21 150 290 422 
4 410 99 0 1 173 237 302 
5 384 98 0 2 130 233 315 
6 332 98 0 2 180 322 452 
Total 2276 93 2 5 178 268 395 

†5 % of the basal area originated from deciduous trees of which almost all were birch. 

Airborne Laser Scanning, ALS, data 

The acquisition of ALS data was performed on April 24, 2007 using a TopEye MKII ALS system with 
wavelength1024 nm carried by a helicopter. The flying altitude was 130 m above ground and average point 
density was 30 m-2. First and last returns were saved for each laser pulse. Laser returns were classified as 
ground or non ground using a progressive Triangular Irregular Network (TIN) densification method (Axelsson 
2000) in the TerraScan software (Soininen 2004) and the ground returns were used to derive a Digital 
Elevation Model (DEM). 

Terrestrial Laser Scanning, TLS, data 

The acquisition of TLS data was performed in September 2006 using an Optech ILRIS-3D with wavelength 
1535 nm. The scan density was 0.27 × 10-3 rad horizontally and vertically. The laser scanner has a 40º×40º 
field of view. The complete 360º scenes were collected by scanning one scene at a time and rotating the 
scanner horizontally. The TLS reflections were rectified to create a complete point cloud for every scanner 
position using the software Polyworks. At least three common points were selected in each pair of scenes. 
The software rectified the scenes against each other, another scene was added and new common points 
were selected. Finally all scenes were rectified against each other at the same time and the TLS reflections 
were geo-referenced. 
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3. Methods 
The Hough transform was used to find rough estimates of the positions and diameters of the tree stems from 
the TLS data. The estimates were used as initial values to fit circles along the tree stems to estimate the 
DBH. The result was validated against the field data from the manual field measurements. 

The ALS data were segmented into tree crowns and features based on the ALS data were extracted for each 
segment. The segments were co-registered with the tree stems estimated from the TLS data and regression 
models were created with DBH, tree height and stem volume of the estimated tree stems as dependent 
variables and features from the ALS segments as independent variables. 

Finally, the regression models were used to estimate DBH, tree height and stem volume based on ALS 
features. The result was co-registered with and validated against the field data from the manual field 
measurements. The creation of the regression models and the validation was done by using leave one out 
cross validation for one field plot at a time. 

3.1 Processing of TLS data 

Localisation of tree stems. To obtain positions of the 
tree stems, the TLS reflections were projected onto a raster 
image. Only data points within a small height span of 1 m, 
centred at breast height, were used. Tree stems in this 
image look like half circles facing the position of the sensor. 
Foliage can be visible as noise in the image (figure 1). 
Assuming that the tree stems look like arcs in the stem 
profile image, the Hough transform (Gonzalez and Wintz 
1987) was used to find probable positions of the trees for 
four diameter classes, 20, 30, 40 and 50 cm. This gave 
several possible solutions. To find the optimal position for 
each tree, the result with the highest value in the Hough 
transform was chosen. 
 
 

Figure 1. Raster of projected TLS data as 
white and gray pixels. Gray circles are the probable 
tree position candidates of different diameter 
classes.The final tree positions chosen by the 
algorithm are marked by a white X. 

Estimation of diameters. Diameters along each stem were estimated by fitting circles in two steps. In the 
first step, the resulting position and diameter from the Hough transform were used to identify TLS reflections 
and circles were fitted to the TLS reflections by minimizing the sum of squared errors. In the second step, the 
positions and diameters of the fitted circles were used to identify a new set of TLS reflections with less noise 
than the first set and new circles were fitted to those TLS reflections. Finally, the DBH of the stem was 
estimated by estimating a linear function for the diameter at different heights and using that function to 
estimate the diameter at 1.3 m above ground. 

To reduce the number of tree stems for which the estimation has a great risk of being inaccurate, the final list 
of tree stems included only tree stems ≤ 45 meter from the scanner (II in the result section) and with a set of 
TLS reflections with width ≥ 0.5  r and ≤1.5  r where r=the estimated diameter/2 (III in the result section) 
(figure 2). 
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Figure 2. Examples of TLS reflections and fitted circles. a. The TLS reflections have a width ≥ 0.5  r and 
≤1.5  r. b. The TLS reflections have a width < 0.5  r. c. The TLS reflections have a width >1.5  r. 

3.2 Processing of ALS data 

Delineation of tree crowns. Tree crowns were automatically segmented based on geometric tree crown 
models. A canopy height model (CHM) was derived with a raster cell value set to the maximum height above 
ground for laser returns within the raster cell. A crown area raster was created using morphological 
operations. CHM raster cells were updated using interpolation if they were at crown area locations but with 
no data or if the height value was below a threshold. A correlation surface (CS) was created using geometric 
models, i.e. generalized ellipsoids of revolution (GER). For all raster cells with CHM values above a 
threshold, correlations between laser heights and GER models were calculated and the raster value was set 
to the maximum correlation found at the specific location. The CS was smoothed using a Gaussian kernel. A 
starting point, a seed, was placed at each raster cell with a CHM value above a threshold and with a positive 
CS value. For each seed, the current location was updated by changing the position to the neighbour cell 
with the highest value of the smoothed CS. This was repeated until the position could not be updated 
because a local maximum of the smoothed CS was reached. The seeds with the final location at the same 
local maximum defined a segment. The next step was to merge segments. For each segment, the GER 
models were used to decide if the segment should be merged to a neighbour segment (Holmgren and 
Wallerman 2006, Holmgren et al. 2010). 

 

3.3 Combination of ALS and TLS data 

Co-registration of sources. TLS data from an area with trees have shaded zones where the data is 
obscured from the scanner. This can introduce errors when co-registering with aerial data. To avoid this 
problem, shaded zones were masked out in the field plots depending on where tree stems were found in the 
TLS data. To co-register with aerial data, the position-image-method by Olofsson, Lindberg et al. (2008) was 
further developed and adapted so that the shaded parts of the data were excluded. The tree linking algorithm 
was the same as in (Olofsson et al. 2008). 

 
Estimation of forest variables. DBH, tree height and stem volume were estimated with regression 
models from features extracted from the ALS segments. The parameters of the regression models were 
estimated by using DBH estimated from the TLS data as training data and as a comparison by using values 
from the manual field measurements as training data. The result was two different sets of estimated 
parameters for each regression model. For the TLS data, the height of the closest tree where the height was 
measured in field was used in the regression model 

 

For the trees from the manual field measurements, the regression model for the stem volume included only 
spruce trees. For the tree stems estimated from the TLS data, two different regression models were used; a 
separate model including only spruce trees and a weighted model including all trees where the volume of a 
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tree was calculated as a weighted mean of the stem volume of a pine, spruce and birch with the same DBH 
and height. The weights were the proportion of stem volume of each tree species in the training data.  

 

3.4 Validation 

The final ALS based estimates were validated using leave one out cross-validation. One field plot at a time 
was excluded from the dataset and the rest of the dataset was used as training data to estimate forest 
variables for the excluded field plot. The root mean square error (RMSE) and bias were calculated for the 
estimated DBH, tree height and stem volume at tree level. 

The tree height was validated only for trees where the height was measured in field. The stem volume was 
validated only for spruce trees since two of the models were based only on spruce trees. 

 

 

4. Results 
Table 2 shows the RMSE and bias of DBH estimated from TLS data. 

 

Table 2. RMSE and bias of DBH estimated from TLS data and validated against manual field measurements. 
I. All tree stems, II. Tree stems ≤ 45 meters from the scanner, III. Tree stems with a set of TLS reflections 

with width ≥ 0.5  r and ≤1.5  r, IV. Restrictions II + III. 

 Number of stems 
measured from TLS 
data† 

Number of stems with 
manually measured 
tree 

Mean 
DBH 
(mm) 

RMSE Bias 

(mm) % (mm) % 
I 1793 1032 

290.7 38.0 13.1 1.6 0.5 
II 1321 984 

289.6 36.3 12.5 1.8 0.6 
III 1708 1005 

292.2 34.4 11.9 -0.2 -0.1 
IV 1270 958 

291.1 32.3 11.1 -0.1 0.0 

†Including tree stems outside the field plots. 

 

The mean DBH of the trees estimated from the TLS data that could be linked to tree crown segments from 
the ALS data was 300.3 mm, the RMSE was 34.0 mm and the bias was 0.8 mm. Tables 3-5 show the RMSE 
and bias of the DBH, tree height and stem volume estimated from ALS data. 

 

 

 

Table 3. DBH estimated from ALS data. 

Training data RMSE DBH Bias DBH 

(mm) % (mm) % 
Trees estimated from TLS data 

46.6 15.6 0.2 0.1 
Trees from manual field measurements  

45.5 15.2 0.1 0.0 
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Table 4. Tree height estimated from ALS data. The training data  
included only trees where the height was measured in field. 

Training data RMSE tree height Bias tree height 

(dm) % (dm) % 
Trees estimated from TLS data 

9.8 3.8 0.4 0.1 
Trees from manual field measurements  

9.6 3.7 -0.3 -0.1 

 

Table 5. Stem volume estimated from ALS data. The stem volume  
was validated only for spruce trees (see section Validation). 

Training data RMSE stem volume Bias stem volume 
(dm3) % (dm3) % 

Trees estimated from TLS data, separate 
model for spruce trees 200.6 34.4 34.1 5.9 
Trees estimated from TLS data, weighted 
model for all tree species 199.0 34.1 21.0 3.6 
Trees from manual field measurements, 
separate model for spruce trees 

203.3 34.9 1.3 0.2 

 

5. Discussion 
The accuracy of the DBH estimated from TLS data was almost independent of the distance from the scanner 
which may be related to the small vertical field of view of the scanner. Estimates close to the scanner would 
probably be more accurate if TLS data from a scanner with a larger field of view were used. Additionally, 
noise reduction is an essential part of the analysis. However, some tree stems will always be obscured by 
other trees closer to the scanner. To solve this it is useful to estimate the accuracy of the estimated DBH 
directly from the TLS reflections. Since the estimates are used only as training data for the ALS data, it is 
then possible to select only the tree stems where the accuracy is likely to be high. 

 

Several previous validations of estimates of DBH from TLS data have been based on small samples with 
around 10-20 trees (Thies and Spiecker 2004, Watt and Donoghue 2005, Henning and Radtke 2006, Bienert 
et al. 2007) but two larger samples have also been used (Hopkinson et al. 2004, Maas et al. 2008). The 
accuracy achieved in this study was higher than in one study based on time of flight TLS data collected in 
pine forest (Hopkinson et al. 2004) and lower than in one study based on continuous wave TLS data 
collected in mixed forest (Maas et al. 2008). Both studies were based on TLS data collected at multiple 
positions which was not the case in this study. 

 

The combination of TLS data with remote sensing data requires co-registration of the data sources. One 
source of errors is erroneous linking of trees between the two data sources. The erroneous linking leads to 
errors in the training data and also has the effect that the accuracy appears lower than it actually is since the 
estimates are validated against the wrong trees. 

The estimates of DBH and stem volume with trees estimated from TLS data as training data had a positive 
bias because the subset of trees that could be linked to tree crown segments from ALS data had a positive 
bias. The reason might be that the segmentation of tree crowns from ALS data identifies trees with large 
crowns and dense branches that cause an overestimation of DBH from TLS data. The small positive bias of 
the DBH was enlarged since the stem volume is a function of DBH to the power of 1.8-2.2 (Brandel 1990). 
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The bias was smaller for the estimates from a weighted model for all tree species, possibly because the 
estimation of DBH was less accurate for spruce than for the other tree species. 

 

Previous studies have achieved slightly higher accuracy for estimation of DBH, tree height and stem volume 
from ALS data (Persson et al. 2002, Solberg et al. 2006, Vauhkonen et al. 2008, Vauhkonen et al. 2010). In 
this study, the RMSE of DBH was 45.5 mm with manual field measurements as training data and 46.6 mm 
with TLS data as training data. The corresponding numbers for tree height were 9.6 dm versus 9.8 dm and 
for stem volume 203.3 dm3 versus 200.6 dm3 (only spruce) and 199.0 dm3 (weighted model for all tree 
species). The reason for the lower accuracy with TLS data as training data is that the tree stems estimated 
from TLS data are not completely accurate. For the tree heights, the lower accuracy may also be related to 
the lower number of trees where the height was measured in field. 

 

6. Conclusions 
This study has presented a new method to combine ALS and TLS data for forest inventory. The method uses 
tree stems derived from TLS data as training data for tree crown segments from ALS data. The only manual 
measurements that are needed are the heights of a sub-sample of trees in each plot. This reduces the need 
for manual field measurements which means that a field inventory could be done more efficiently and with 
smaller risk of errors due to the human factor. The time spent on measuring the DBH could be used for 
collecting other data in the field plots. The accuracy of the estimates from ALS data with TLS data as training 
data was almost as high as with manual field measurements as training data. This means that the method 
has the potential to become a part of an automated forest inventory system when terrestrial laser scanning 
technology develops. 
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Abstract: 

Waveform Lidar information is typically analyzed only after decomposing waveforms into a sum of Gaussian 
peaks. Under the assumption that some important information may be lost in the decomposition, an attempt 
was made to transform the waveform into the spectral domain using a fast Fourier transform. This approach 
was successful at distinguishing three deciduous species with 75 % accuracy (kappa=0.62), using a 
classification tree approach. 

The data set density used in this work was about 10 light pulses per square metre (lppm) near nadir at 
ground level. This allows for an analysis of data density effects on the ability of the classification method to 
correctly identify a given species. The data were reduced, by removing waveforms at uniform intervals, into 
subsets containing approximately 80, 60, 40, and 20 % of the original density. This resulted in densities of 
approximately 8, 6, 4 and 2 lppm. 

Surprisingly, not all reductions of data were found to decrease the ability of this method to correctly identify 
tree species. In fact the 80 % density showed marginal improvement over the full density. The 60, 40 and 20 
% densities decreased classification accuracy by 10 to 20 %. The results indicate that pulse density has only 
slight, yet sometimes unpredictable effect on the classification accuracy outcome. 

 

1. Introduction  
Airborne Lidar data has been shown to provide estimates of stand characteristics, such as height and 
canopy cover, that have very high precision (Næsset et al., 2004; Andersen et al., 2006). Being an active 
sensor, not dependent upon light conditions, Lidar data is often preferred over data from various aerial and 
space-borne sensors. However, species recognition is one area where Lidar has not yet excelled. For this 
reason it is still common for species information to be obtained from two-dimensional hyperspectral imagery. 
However, as Lidar instruments improve we should see corresponding improvements in the ability to classify 
species using Lidar data alone. 

 

The most obvious differences between many tree species are those involving color and physical structure. 
Though Lidar typically works with only one “color”, a frequency in the near-infrared range of the spectrum, a 
few examples exist of some success using Lidar intensity data alone to discriminate tree species (Ørka et al., 
2007; Kim et al., 2009). Others have worked with variables objectifying tree shape and structure in various 
ways (Liang et al., 2007; Brandtberg et al., 2003; Brandtberg, 2007). Encouraging results have also been 
achieved with the combination of intensity and structure variables (Vauhkonen et al., 2009; Holmgren and 
Persson, 2004; Kim, 2007; Ørka et al., 2009). 

 

More recently, a slightly different form of Lidar, called waveform or fullwave Lidar, has become more readily 
available (Mallet and Bretar, 2009). This instrument digitises segments of the return signal at a very high 
sample rate, resulting in data that resemble a wave with peaks and troughs. Several authors have 
investigated the abilities of waveform Lidar to distinguish species characteristics. At first, this data was used 
to detect peaks that may be missed by a on-board peak detector system, which resulted in denser discrete 
point datasets. Reitberger et al. (2006) showed that such data was useful for species detection. To obtain 
these peak locations, waveforms are typically decomposed into a series of Gaussian or similar forms 
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(Chauve et al., 2007). Some works suggest that storing shape parameters from individual peaks may lead to 
further improvements in classification (Wagner et al., 2008; Litkey et al., 2007; Hollaus et al., 2009). 

As useful as individual peak modeling has been, information is always lost when simplifying data using any 
model with fewer parameters than data points. The pulse width of output signal on most Lidar systems in in 
the order of 0.5 to 2 m, and this signal has a strong smoothing effect on the shape of the returned signal. 
While deconvolving the data may reduce much of this smoothing, fitting the data to waveforms will filter out 
higher frequency patterns. Some of these patterns may help distinguish one species from another. We put 
this theory to test by transforming individual waveforms using a discrete Fourier transform (Vaughn et al., 
2010). This linear transform rebuild the signal as a composition of sine waves, allowing one to analyze the 
importance of differing frequencies in the observed data. Results showed that wavelengths as low as 0.36 m 
were important for classification. 

 

Spatial scale of raster data often has large influence on classification results, and optimal scales differ by 
data type and approach (Treitz and Howarth 2000, Marceau et al. 1994, Woodcock and Strahler 1987). Also 
depending on the application, discrete Lidar data density may also highly influence results. Liu et al. (2007) 
found that point density affects DEM accuracy. One advantage of this particular approach is that it should be 
less dependent upon data density, because the simple means used as discriminating variables for each tree 
should be stable with only relatively few waveforms hitting the tree. In this paper we apply the same 
transformation to datasets with reduced numbers of waveforms compared to the original dataset to test if this 
is indeed the case. 

 

2. Methods  
Figure 1: Difference between waveform and discrete Lidar data. The 60 waveform samples are shown as 

circles and a spline fit to these data appears as a solid gray line. A peak detector might detect two peaks at 
about 345 and 348 m and return the intensity value when the peak is detected as shown with exes. Due to 

inherent limitations, real time peak detection algorithms usually produce a slight lag in peak location.  

 

The study site  

The Washington Park Arboretum in Seattle, Washington is operated by the University of Washington Center 
for Urban Horticulture. The Arboretum, which is approximately 93 ha in size, is planted with more than 
10,000 cataloged woody plant specimens representing numerous genera. In addition much of the Arboretum 
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contains several species native to Western Washington State, such as Douglas-fir (Pseudotsuga menziesii 
(Mirbel) Franco), western redcedar (Thuja plicata Donn ex D. Don), bigleaf maple (Acer macrophyllum 
Pursh), black cottonwood (Populus balsamifera L. ssp. trichocarpa (Torr. & A. Gray ex Hook.) Brayshaw), 
and red alder (Alnus rubra Bong.). The non-native trees in the arboretum are planted in groups by genus. 
Native species are also dispersed throughout arboretum and can be found clustered into their own groups or 
sparsely mixed within the non-native trees. While many of the planted trees are open-grown, overlapping 
crowns are typical within the native tree groups. However, tree densities are rarely as high as one would 
expect in natural stands in the vicinity. 

 

Data processing  

We applied waveform data provided by Terrapoint USA, who flew a RIEGL LMS-Q560 airborne laser 
scanner with waveform signal digitization, over the Washington Park Arboretum on August 8th, 2007. This 
instrument was set to digitise waveforms at a sample interval of about 1 ns, or 15 cm in linear distance. Scan 
angle ranged from -30 to 30 degrees, and the pulse frequency was set at 133,000 Hz, resulting in a pulse 
density of about 10 pulses per square metre (lppm) near nadir at ground level. For comparison, this would 
yield about 20 points per square metre in a comparable first and last return discrete point dataset. One 
example waveform is displayed in figure 1. The range from the instrument is shown on the horizontal axis, 
while the unitless intensity value is shown on the vertical axis. Two points are marked with exes indicate data 
points that might be returned by a traditional on board peak detector. A single 4.5 km looped pass in the 
North-South direction for the length of the Arboretum, lasting about 6 min provided nearly 49 million 
waveforms. Each waveform contained a minimum of 60 consecutive samples, which covers a linear distance 
of about 9 m. In many cases, depending on target height, the number of samples was 120 or even 180 for a 
given waveform, but this is not necessarily consecutive data. Because of the discrepancy in the number of 
waveforms, only the first 60 samples were kept from each waveform. This should cover 9 m of the path of 
the waveform starting from the surface of the target. As a result, in trees taller than about 9 m, ground strikes 
will not be recorded within the retained waveform data. 

 

Within the same Arboretum, Kim et al. (2009) 
geolocated and measured characteristics of 
the trees in 18 field plots within the 
Arboretum. The locations of these plots are 
shown in figure 2. The field plots were 
installed systematically so that at least one 
plot is measured in each genus group of 
interest. Within each plot about ten to twenty 
example trees were identified and measured 
during the summer of 2005. Each of the trees 
measured in the field plots has been mapped 
into UTM coordinates using a angle and 
distance from one of three known points 
within the plots. These points were located 
with survey-grade GPS units and these data 
were later differentially corrected for optimal 
accuracy. 

 

Figure 2: Map of the Washington Park Arboretum with flight 
path and ground plot locations. 

In order to associate waveform data to individual trees on the ground, the tree crowns had to be delineated 
in mapping coordinates. We therefore used a discrete point dataset, built from the waveform dataset, to 
create a raster image containing a digital canopy height model. In this elevation model the highest return 
elevation, above the DEM, within each grid cell was stored. We used the method described by Hyyppä et al. 
(2001a) to obtain an initial set of polygons representing the crown outlines of individual trees in the 
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Arboretum. This method works in an iterative manner, such that at each step neighboring pixels are added to 
clusters surrounding local maxima of a low-pass filtered canopy height model. Under such an algorithm, 
groups of trees are often mistaken for single trees (Hyyppä et al., 2001b), though in the Arboretum this 
should be less of a problem. The resulting polygon for each tree in the training data set was visually 
inspected and, if necessary, improved upon by hand. All waveforms were identified that contained data at 
any height above ground within the outline of each tree. 

Fourier Transform  

In the analysis of time series, several tools are available to look for non-random patterns within the data. One 
such tool is the discrete Fourier transform, which allows one to look at the data in the “frequency domain”. In 
doing so, we may discover frequencies of strong influence within the time series. This transform converts the 
original data into a set of coefficients representing the individual influence of sine waves from a known set of 
frequencies. Large coefficients are associated with heavy influence and imply that a higher amount of 
periodicity at the given interval is detected in the data. Fast versions of the transformation exist under the 
name Fast Fourier Transform (FFT), and have a relatively low upper limit on computing time (Singleton, 
1979). 

 

 
Figure 3: Example of spectral decomposition of one waveform. In panel a the composite wave returned by 
the transformation is plotted along with the original mean-centered intensity values. As the transformation 
disregards range information, the wave composition has been re-translated back into the range scale. In 

panel b, two examples of the 60 component waves are drawn. In panel c, the amplitudes of all 60 component 
waves are plotted against their frequency.  
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Figure 3 shows the transform of an example waveform taken from the training data. Typically, the mean is 
subtracted from each sample value. In figure 3(a), the mean centered waveform appears along with the 
complex waveform fit by the FFT algorithm. A result of modeling with the same number of variables as data 
is that all of the sample points all fall exactly on the composite wave. Two example component waves are 
depicted in figure 3(b). The amplitude of each wave represents the contribution of that particular frequency to 
the composite wave shown in figure 3(a). How the influences of these two example frequencies compare to 
the rest is depicted in figure 3(c). The first frequency is 0, and represents an intercept term. The rest of the 
amplitudes are symmetrical as per a restriction of the FFT algorithm. The fft function in the R programming 
language (R Development Core Team, 2009) was used to compute the FFT. In figure 3(c), the amplitudes of 
the component waves from figure 3(b) are shown with solid dots. 

 

The frequencies of the component waves used by the FFT algorithm are determined entirely by the number 
of sample points. In order to ensure that the same frequencies are used by the transformations of two time 
series, one series must contain the same number, or a power of 2 multiple of the number, of samples in the 
other series. As mentioned above, 60 samples were kept from each waveform so that this condition could be 
met. However, this 60-sample waveform, stretching about 9 m will cross the boundary of some tree crown 
outlines. This means that some waveforms will contain data for parts of neighboring trees. We decided that 
no action would be done to correct for this due to the added difficulties this would create. 

 

As waveforms in this study were restricted to have 60 samples each, the number of amplitude values 
returned by the FFT algorithm is then also 60. The influence of frequencies above a given level, known as 
the Nyquist frequency, cannot accurately be measured. As a result, with 60 samples per waveform, we can 
consider the amplitudes of only the first 30 frequencies to be useful. Not coincidently, this is the point at 
which the amplitudes start to mirror those of lower frequencies in figure 3(c). This mirroring is a restriction 
used by the algorithm to keep the number of variables, from being greater than the number of sample points. 

 

For each tree, the averages (across all waveforms hitting a tree) for each of these 30 useful amplitudes were 
stored as variables named with a leading “M” followed by the frequency identification number (M1 through 
M30). Additionally, the standard deviations of each frequency were recorded as variables V1 through V30. 
Additionally, the average intensity value was kept for each waveform. This easily computed value represents 
the total amount of light reflected from each pulse. The average and standard deviation of these values for 
each tree were recorded as MI and VMI. In total, for each tree in the training data set, there are 62 variables 
that will be considered for use in classification as described in the next section. 

 

The FFT algorithm assumes an equal time period between samples, however in some cases the range 
values within each pulse data are not equally spaced. To greatly simplify analysis, these facts were ignored, 
as a violation of this assumption is not too concerning in this case. The displacement of an occasional 
sample point should have little impact on the results. In most cases the difference in intensity between two 
neighboring samples is very small. We are also ignoring that our series is not of a periodic origin, as are our 
sinusoidal basis functions. It does little harm to pretend that our series repeats itself in both directions ad 
infinitum. 

 

Classification  

To apply the FFT information to classify tree species, we used a classification tree approach (Breiman et al., 
1984, page 18). Classification tree algorithms recursively split the data into two parts based on a value of the 
most locally powerful predictor variable. The R library tree contains a function of the same name for modeling 
with these regression and classification trees (Venables and Ripley, 2002, page 266). Given a class variable 
as a response and a list of potential predictor variables, the function will compute a tree of “appropriate” size. 
Here appropriate is determined by an internal algorithm. Splits are added to the tree's branches sequentially, 
until a very large tree is produced. At each split, the variable that most reduces the tree deviance under a 
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multinomial model is chosen. Cross-validation is used to determine the optimal tree size, as too large of a 
tree will overfit the data, and too small a tree will perform poorly. 

 

Figure 4: The result of a classification tree fit to the full-density training data. Listed above each split is the 
variable and level used to split the remaining trees into two subgroups. The reduction in tree deviance 

resulting from each split is shown in the bottom left. Leaf deviances are shown in parenthesis, actual class 
memberships in square brackets. The variables M6, M12, and M26 correspond to the mean influence of the 

wavelengths 1.80, 0.82 and 0.36 m, respectively.  

 
 

We attempted to correctly classify all trees belonging to three native hardwood species: red alder, black 
cottonwood, and bigleaf maple. These species represent common hardwood species that grow naturally in 
the arboretum, and therefore are represented well in the field data. Figure 4 shows the classification tree 
obtained by fitting the entire training dataset. Each fork represents the optimal separation of the remaining 
trees into two sub-groups. The variable and split value used is shown atop the fork. Each end node is 
labeled with the species most represented in the group of trees that have not been eliminated when 
traversing the tree from the root. Below each leaf the deviance within that leaf and actual class membership 
are presented. The total tree deviance is the sum of the individual leaf deviances, and the reductions in tree 
deviance as each split is added are shown in a table in the bottom left of the figure. One branch of this tree 
was “pruned” because both leaves predicted the same species. 

 

With limited training data available, the trained model could not be applied to a separate dataset for 
validation. Therefore, a cross-validation technique was used to estimate the actual predictive power of this 
technique on new data. The species of each tree was determined from a tree trained from all the other trees 
in the training data. The numbers involved in such a process makes refinement of each tree unpractical, and 
thus each tree was built from the built-in defaults of the tree function. In a non-academic application, the tree 
building could be better optimised and this may result in slight improvements in the classification accuracy.  
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Data reductions  

To test the technique at different levels of data density, the original dataset was systematically reduced. 
Within the waveform data for each tree in the training data, we divided the waveforms into five groups of 
waveforms representing every fifth waveform. Each group started from one of the first five waveforms. For 
example the first group was comprised of the first waveform, sixth waveform, eleventh waveform, and so on. 
Thus the reduced datasets were created by sequentially removing these groups starting from the fifth group 
and down to the second group. The resulting new datasets then contained 80, 60, 40, and 20 % of the 
original waveforms. Data densities represented by these datasets were approximately 8, 6, 4, and 2 lppm, 
respectively. For each of these reduced datasets and the original dataset the classification process 
described above was performed, and results were recorded in order to be put into table form for subsequent 
comparison.  

3. Results and Discussion  
Table 1 shows the classification results for the full-density dataset. The overall classification accuracy, or the 
portion of correctly classified trees, was 75 %. The associated kappa value was 0.615. For individual 
species, 70 % of maples, 82 % of cottonwoods and 71 % of alders were correctly classified. While 
differences in leaf reflectance likely play a part in the results, we believe that differences in tree structure lead 
to stronger classification. 

As presented in a previous paper (Vaughn et al., 2010), the wavelengths most often chosen by the 
classification tree algorithm as partitioning variables are 1.80, 0.82 and 0.36 m. These wavelengths likely 
correspond differences between species across different components of a tree. For example the leaves of 
bigleaf maple are typically about 15-30 cm in width, while the leaves of red alder and black cottonwood are 
much smaller. This difference might be expected to show up in shorter wavelengths, and this is the case in 
the example tree shown in figure 4. The variable M26 helps distinguish red alder from bigleaf maple. The two 
longer wavelengths may represent differences in branch to branch distance and leaf retention rates between 
the species. Red alder has fairly thin leaves allowing more visible light through, and may be able to retain 
more leaves further into the canopy than the other species.  

The full-density results were surprising as we had expected the red alders and cottonwood trees to be more 
easily separated from the bigleaf maples. This is because the maples represented in the dataset are nearly 
all open-grown and the leaves of bigleaf maple are a much larger target than those of other trees. The larger 
leaves should provide at least a more consistent first peak height. The cottonwoods and red alders are 
growing in closer proximity and appear to have similar growth forms to the naked eye under this condition. 
However, judging from an near-infrared raster image created from the discrete point data, red alder and 
black cottonwood also have very similar reflectance of the near-infrared wavelength used by the RIEGL 
LMS-Q560. This implies that structural differences between the two species contributed highly to the 
classification. As branch to branch distances may play a role, we wonder if tree growth rate would affect the 
results. More needs to be done to figure out what features of the tree are contributing most to the 
classification abilities of this technique.  

Table 1 Results of the classification when each tree species is predicted from a classification model 
incorporating all other trees using the full-density dataset.  

  Predicted   

Species bigleaf maple cottonwood red alder Producer accuracy (%) 

bigleaf maple 7 2 1 70.0 

cottonwood 2 14 1 82.4 

red alder 1 4 12 70.6 

User accuracy (%) 70.0 70.0 85.7 75.0† 

†This number represents overall accuracy. 

Table 2 shows how the technique responded to different densities of waveforms. Amazingly, the 80% density 
resulted in improved performance. Additionally, the 20% density provided greater classification ability than 
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both the 60% and the 40% densities. The kappa values behaved in a similar manner, as expected when the 
same trees are used for all densities. These results suggest that the height, and perhaps the speed, at which 
a waveform Lidar mission is flown should not greatly affect the results of this classification technique as 
much as the would affect techniques that may rely on high point cloud density.  

Table 2: The classification results under systematically reduced datasets representing 100, 80, 60, 40 and 20 
% of the original density of waveforms. 

Density Species Producer accuracy† User accuracy Kappa 
(%)   (%) (%)   
100 all 75.0   0.62 
  bigleaf maple 70.0 70.0   
  cottonwood 82.4 70.0   
  red alder 70.6 85.7   
          
80 all 81.8   0.72 
  bigleaf maple 90.0 75.0   
  cottonwood 82.4 73.7   
  red alder 76.5 100.0   
          
60 all 63.6   0.43 
  bigleaf maple 50.0 62.5   
  cottonwood 64.7 52.4   
  red alder 70.6 80.0   
          
40 all 54.6   0.29 
  bigleaf maple 30.0 37.5   
  cottonwood 76.5 56.5   
  red alder 47.0s 61.5   
          
20 all 65.9   0.48 
  bigleaf maple 60.0 54.6   
  cottonwood 70.6 66.7   
  red alder 64.7 73.3   
†For all species this number represents overall accuracy. 

 

We believe that the demonstrated robustness of the technique to data density is due mainly to the fact that 
the stronger classification variables are actually sample means. The sample mean is a very efficient 
estimator of a population mean, and large numbers of samples are not needed to get a fairly good estimate. 
Therefore, whether the mean is calculated from thousands of waveforms or simply hundreds, the sample 
mean should be very close. However, such a reduction of data should not be expected to have no effect as 
the sample mean can be affected by extreme outliers in the data. If, when collecting a waveform Lidar 
dataset, one ends up with a higher proportion of unusual waveforms, the results would suffer accordingly. 

 

There are several technical difficulties that were overlooked in order to more directly test the efficacy of the 
FFT for species detection. Finding methods to address any of these difficulties will likely improve upon the 
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results presented here. First, we did nothing to account for the differences in scan angle between trees and 
species. Because tree structure differs horizontally from vertically, scan angle likely plays a part in the 
dominant wavelengths that are seen in the FFT of the waveform data. The dataset does not provide enough 
coverage to test this technique for a standard range of scan angles for all trees. Figure 5 shows the full range 
of scan angle for each tree in the training data. In this figure correctly classified trees are indicated by filled-in 
symbols. There is a clear discrepancy in the number of correct classifications in the trees with generally 
higher scan angles on the right side of the figure. 

 

Figure 5: The range of scan angles found for each tree in the dataset. Dotted lines represent the full range of 
scan angle, while solid lines represent the 25th to the 75th percentiles. Trees correctly classified in the full 

dataset are represented with filled-in symbols at the tree's median scan angle.  

 

A second simplification was the reduction of all waveforms to exactly 60 samples due to requirements of the 
FFT. There were two cases where this might severely affect results. The first case is the loss of data 
because more than 60 samples were available in a given waveform. About 62, 32, and 5 % of waveforms 
contained 60, 120, and 180 samples respectively. Another case is when waveforms cross crown outlines, 
such that only a portion of the samples contained in the waveform pertain tot he given tree. In this case some 
of the waveform data for a tree is actually describing other trees of unknown species. These simplifications 
may have a drastic effect. However, a standardization of the number of samples in a waveform is by far the 
easiest way to ensure that the component frequencies modeled by the FFT are the same across all 
waveforms. 

4. Conclusion  
The technique described above, despite some simplifications, shows much promise. One important feature is 
that, despite significant reduction in data density, the technique did not respond with large decreases in 
effectiveness. This is due largely to the sample mean being a highly efficient estimator of population mean. 
As such, any modification of this technique that incorporate other statistics may not scale as well as we have 
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seen here. However, the number of samples in a waveform should be the same despite the details of the 
Lidar acquisition, and methods that rely only on the density within a waveform should see similar results. 
Standardization of scan angles along with future increases in crown segmentation accuracy should not affect 
this feature of the method, and will likely lead only to improvements in accuracy.  
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Abstract 

Recently, full waveform LiDAR could be successfully applied to segment single trees in 3D even in the lower 
forest layers and to classify deciduous and coniferous trees at a high accuracy level of 95%. This paper 
highlights the stem volume estimation of single trees which are represented by 3D tree segments as a result 
of a novel segmentation approach using the normalized cut algorithm. In this segmentation the forest area is 
subdivided into a voxel space and a bipartite graph which is formed by the voxels and similarity measures 
between the voxels. This procedure has several advantages compared to segmentations using only on the 
canopy height model (CHM). Most important is the capability to identify dominated trees without local 
maxima in the CHM and small trees in the lower forest layers. The paper focuses on the interesting question 
whether this new 3D segmentation improves the estimation of single tree parameters like the stem volume. 
The segmented trees are represented by alpha shapes which envelop the laser points of the trees and 
provide a measure for the crown volume. Several features (i.e. crown volume, tree and crown height and 
maximum projected crown area) are derived from the segments. From the segment features and a reference 
stem volume derived from field measurements (i.e. diameter at breast height, tree height) the parameters of 
a multiple linear regression model are estimated using least squares. The experiments were conducted in 
the Bavarian Forest National Park using full waveform data captured with the Riegl LMS-Q560 scanner at a 
point density of 25 points/m2 both in leaf on and leaf off condition. In the case of coniferous trees the study 
shows a high coefficient of determination (R2) of about 0.90 both for the conventional watershed 
segmentation and the new normalized cut segmentation. In the case of deciduous trees R2 increases from 
0.66 to 0.79 in leaf off condition and from 0.67 to 0.74 in leaf on condition for the normalized cut 
segmentation. 

1. Introduction 
The development of new approaches to forest inventory utilising remote sensing data has been an important 
research issue in the past. Beside area based methods, techniques for single tree extraction from LIDAR 
data have been investigated for mapping forests at the tree level and for identifying important parameters, 
such as tree height, crown size, crown base height, tree species, and stem volume. Novel methods for single 
tree detection tackle conceptually the segmentation problem with a 3D approach instead of using only the 
CHM (Wang et al., 2008). In combination with full waveform data Reitberger et al. (2009) could successfully 
demonstrate that the detection rate of single trees could be significantly improved in overall terms. 
Interestingly, the improvement was most changing in the lower forest layers with 20%. Thus, it seems that 
the fusion of 3D techniques and full waveform data push the single tree approach to a new level of accuracy. 
Consequently, other parameters like the estimation of the stem volume might be enhanced using the 3D 
volume of segmented trees. Recently, stem volume estimation was investigated by several groups. Hyyppä 
et al. (2005) combine ALS first/last pulse data with CIR orthophoto and get an overall accuracy of 25 to 30% 
in terms of random errors. For smaller tree groups the random error amounts to 34 to 40%. Heurich (2006) 
uses in his experiments first/last pulse data acquired by the TopoSys system at a nominal point density of 10 
points/m2. Based on a 2D watershed segmentation the multiple regression ends up with an RSME error of 
27% for coniferous trees and 35% for deciduous trees. Finally, Vauhkonen et al. (2010) report on RSME 
errors for stem volume of 31% when imputing single tree attributes using tree height, intensity and alpha 
shape metrics. It is common for all reports mentioned here, that the imprecision of the field data affects the 
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results significantly. Furthermore, the study of Maltamo et al. (2007) shows that timber volume can only be 
estimated with about 30% RMSE accuracy if derived as a function of the tree height and the crown diameter. 

 

The objective of this paper is (i) to review a new method that segments single trees in 3D with the normalized 
cut segmentation, (ii) to show how the tree volume is approximated by alpha shapes, (iii) the method to 
correlate field data with variables derived from the tree crown and the 3D segments, and (iv) to explain 
experimental results about the tree species classification and the stem volume estimation. 

 

The paper is divided into seven sections. Section 2 briefly illustrates the overall concept beginning from the 
full waveform data. In section 3 the single tree segmentation and the tree species classification are 
highlighted. Section 4 shows the stem volume derivation from segment features using a multiple regression. 
Section 5 illustrates the results which have been obtained from full waveform data acquired in May 2006 and 
2007 by the Riegl LMS-Q560 scanner in the Bavarian Forest National Park. Finally, these results are 
discussed with conclusions in sections 6 and 7. 

 

2. Concept 
Our concept for stem volume estimation comprises the following steps. At first, the waveforms are 
decomposed by a robust adjustment scheme to obtain 3D points and their attributes (Reitberger et al., 
2008a). Then, individual trees are delineated by a watershed segmentation of the CHM. Furthermore, a 
novel 3D segmentation method which bases upon the normalized cut algorithm is applied. The next step is a 
tree species classification into deciduous and coniferous trees using characteristic features of the individual 
segments. Finally, the regression coefficients between the stem volume of reference data and characteristics 
of the segments are calculated. In the case of watershed segments the projected crown area, the tree height 
and the tree species are used as characteristics. For the normalized cut segments the crown volume and the 
height of the crown are introduced as additional characteristics. 

 

Single tree segmentation and tree species classification 

The watershed segments of the trees are found by applying the algorithm of Vincent and Soille (1991) to the 
CHM, which is previously 
derived from the 3D 
coordinates of the laser 
reflections (Reitberger et al. 
2008a). Thereby an 
appropriate smoothing of the 
CHM is necessary to reduce 
the effects of over- and 
under-segmentation. 
However, all the CHM based 
segmentation methods suffer 
from the drawback that 
dominated trees in the 
intermediate and lower tree 
height level cannot be 
recognized since they are 
invisible in the CHM (Figure 
1a). 

Figure 1. Comparison of different segmentation methods in the case 
of smaller trees in the understorey. a) Watershed segmentation and 

b) Normalized cut segmentation 

 

a) b) 
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The key idea of the new 3D segmentation technique (Reitberger et al., 2009) is to rigorously apply a 
normalized cut segmentation (Shi and Malik, 2000) to a voxel representation of the forest area. This makes 
is possible to detect also smaller trees which are not represented by local maxima in the CHM (Figure 1b). 
This segmentation uses the positions ),,( iii zyx  of the laser reflections and optionally the pulse width Wi 
and the intensity Ii of the waveform decomposition. Additionally, stem positions provided either by a special 
stem detection method (Reitberger et al., 2007) or by a watershed segmentation of the CHM can be used as 
prior knowledge. 

The normalized cut segmentation applied in the voxel structure of a ROI is based on a graph G. The two 
disjoint segments A and B of the graph are found by maximizing the similarity of the segment members and 
minimizing the similarity between the segments A and B (Figure 2a) solving the cost function  

 

),(
),(

),(
),(),(
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BACutBANCut +=       (1) 
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εε ,

),(  as the total sum of weights between the segments A and B and 
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),( as the sum of the weights of all edges ending in the segment A. The weights wij  

specify the similarity between the voxels and are a function of the LiDAR point distribution and features 
calculated from Wi and Ii. A minimum solution for (1) is found by means of a corresponding generalized 
eigenvalue problem (Reitberger et al., 2009). It turned out that the spatial distribution of the LiDAR points 
mainly influences the weighting function. The features derived from the LiDAR points attributes from Wi and Ii 
only support in second instance the segmentation result. Furthermore, we found that prior knowledge about 
the position of the single tree significantly backs the segmentation. Thus, the local maxima of a CHM as a 
result of a watershed segmentation or stem positions – provided by a special stem detection technique – 
improve the weighting function and, hence, the segmentation result. Note that the approach is not dependent 
from full waveform LiDAR data. It can also successfully be applied to conventional LiDAR data just providing 
3D point coordinates. The figure 2b shows complex situations where the normalized cut segmentation works 
excellent and a conventional watershed segmentation fails. 

 

     

a)  b)  

Figure 2. Single tree segmentation using normalized cut. a) Subdivision of ROI into a voxel structure and 
division of voxels into two tree segments and b) Segmentation results with the reference trees as black lines 
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For the tree species classification we introduce four groups of saliencies },,,{ nWIgt SSSSS =  which are 

calculated from the Nt LiDAR points ),,,,( iiiii
T
i IWzyx=X ),...,1( tNi =  in the segments. Table 1 

summarizes the definition of the most significant saliencies (Reitberger et al., 2008a). 

Table 1. Definition of saliencies (“Sal.”) used in classification 

Sal. Definition Sal. Definition 
2
gS  Mean horizontal distances of layer points to 

tree trunk  
WS Mean pulse width of single and first 

reflections in the entire tree segment 
2
IS  Mean value of calibrated intensity in entire 

tree segment 
2
nS  Relation of the number of single reflections to 

the number of multiple reflections  

 

Both an unsupervised and a supervised classification are performed in order to identify coniferous and 
deciduous tree species. The Expectation-Maximization algorithm (Heijden et al., 2004) turned out as suitable 
for an unsupervised clustering into the main tree species. The supervised classification was a maximum 
likelihood classification using an appropriate number of reference trees as a training subset (Reitberger et 
al., 2008b). 

2.2 Derivation of stem volume 

Since the stem volume cannot be directly measured from ALS data an indirect calculation is conducted 
according to equation (2) using measurable segment features (Table 2). 

 
2

8
2

7
2

6
2

543210 crowncrowncrowntreecrowncrowncrowntreestem HbVbAbHbHbVbAbHbbV ++++++++=  (2) 

 

The coefficients 80 bb K  in (2) are estimated in a least squares adjustment whereby stemV  is the known stem 
volume of reference trees. In the case of the normalized cut segments the crown points are separated from 
possible existing stem reflections at first in order to calculate the parameters crownV  and crownH . According 
to Reitberger et al. (2007) these points are all the laser hits above the crown base height hbase. Finally, the 
3D Alpha-Shape triangulation (Figure 3) was performed by making use of the Computational Geometry 
Algorithms Library (CGAL). 

 

Table 2. Segment features used for derivation of stem volume 

Segment 
feature 

Definition Watershed segments Ncut segments 

treeH  
Height of tree Difference between highest laser reflection within 

segment and interpolated DTM height 

crownA  
Area of tree crown Area of watershed polygon 

Maximum 2D convex 
hull of laser points in 
segment 

crownV  Volume of tree 
crown - 

Crown surface by 
using 3D Alpha-
Shapes 

crownH  Height of tree 
crown - 

Difference between 
highest and lowest 
crown point 
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a) b) 

Figure 3. Example for crown surface triangulation by using 3D Alpha-Shapes. a) Laser points of four 
normalized cut segments and b) the corresponding crown triangulation 

 

3. Experiments 
Experiments were conducted in the Bavarian Forest National Park (49o 3’ 19” N, 13o 12’ 9” E), which is 
located in South-Eastern Germany along the border to the Czech Republic. There are four major test sites of 
size between 591 ha and 954 ha containing sub alpine spruce forest, mixed mountain forest and alluvial 
spruce forest as the three major forest types. 

 

3.1 Field data 

18 sample plots with an area size between 1000 m2 and 3600 m2 were selected in two test sites E and C. 
Reference data for all trees with DBH larger than 10 cm have been collected for 688 Norway spruces 
(Picea abies), 812 European beeches (Fagus sylvatica), 70 fir trees (Abies alba), 71 Sycamore maples 
(Acer pseudoplatanus), 21 Norway maples (Acer platanoides) and 2 lime trees (Tilia Europaea). Tree 
parameters like the DBH, total tree height, stem position and tree species were measured and 
determined by GPS, tacheometry and the ’Vertex III’ system. The stem volume of the reference trees 
was calculated from DBH, tree height and species specific parameters according to Kennel (1973). 
Furthermore, the trees are subdivided into 3 layers with respect to the top height htop of the plot, where 
htop is defined as the average height of the 100 highest trees per ha (Heurich, 2006). The lower layer 
contains all trees below 50% of htop, the intermediate layer refers to all trees between 50% and 80% of 
htop, and finally, the upper layer contains the rest of the trees. Naturally, the reference data were updated 
for the individual flying dates of the LiDAR data. Table 3 summarizes the characteristics of the individual 
sample plots. 
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Table 3. Characteristics of sample plots 

Plot name 21 22 55 56 57 58 59 60 64 65 74 81 91 92 93 94 95 96 

Age [a] 160 160 240 170 100 85 40 110 100 100 85 70 110 110 110 110 110 110 

Size [ha] 0.20 0.20 0.15 0.23 0.10 0.10 0.10 0.10 0.12 0.12 0.30 0.30 0.36 0.25 0.28 0.29 0.25 0.30

Altitude [m] 860 885 610 640 765 710 810 890 835 875 720 690 764 767 766 768 750 781 

N/ha 500 540 830 340 450 440 2150 380 430 810 700 610 260 170 240 250 240 200 

N lower layer 37 19 77 31 0 10 76 8 13 53 11 29 31 13 7 15 6 30 

N interm. layer 14 60 21 19 4 4 85 22 4 26 33 59 11 3 2 4 0 3 

N upper layer 48 29 20 27 41 30 54 27 35 35 165 96 54 27 59 54 53 26 

Deciduous [%] 66 79 5 10 0 14 1 100 87 96 29 100 75 100 66 97 10 86 

 

3.2 LiDAR data 

Table 4. Characteristics of ALS campaigns 

Time of flight May ‘06 May ‘07 

Data set I II 

Foliage Leaf-off Leaf-on 

Scanner Riegl LMS-Q560 Riegl LMS-Q560 

Pts/m2 25 25 

HAAT [m] 400 400 

Footprint [cm] 20 20 

 

LIDAR data of several ALS campaigns are available for the test sites. Full waveform data have been 
collected by Milan Flug GmbH with the Riegl LMS-Q560 scanner. Table 4 contains details about the point 
density, leaf-on and leaf-off conditions during the flights and the footprint size. The term point density is 
referring to the nominal value influenced by the pulse repetition frequency (PRF), flying height, flying speed 
and strip overlap.  

3.3 Segmentation and tree species classification 

The watershed segmentation and the normalized cut segmentation were applied to all the plots and data 
sets in a batch procedure without any manual interaction (Tables 5 and 6). The tree positions from the 
segmentation are compared with reference trees if (i) the distance to the reference tree is smaller than 
60% of the mean tree distance of the plot and (ii) the height difference between htree and the height of 
the reference tree is smaller than 15% of htop. If a reference tree is assigned to more than one tree 
position, the tree position with the minimum distance to the reference tree is selected. Reference trees 
that are linked to one tree position are so-called ‘detected trees’ and reference trees without any link to 
a tree position are treated as ‘non-detected’ trees. 
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Table 5. Results of different segmentation methods with data set I (leaf off) 

Method Detected trees per height layer [%] False pos. [%] 

lower intermediate upper total 

Watershed 5 21 77 48 4 

Normalized Cut 21 38 87 60 9 

Table 6. Results of different segmentation methods with data set II (leaf on) 

Method Detected trees per height layer [%] False pos. [%] 

lower intermediate upper total 

Watershed 5 20 79 48 4 

Normalized Cut 17 32 86 58 10 

 

If we focus on data set I, we can highlight how the normalized cut segmentation is superior to the watershed 
segmentation. The watershed segmentation performs in this case rather poor in the lower forest layer and 
detects almost no trees. In total, it ends up at an overall detection rate of 48%. Instead, the detection rate of 
the normalized cut segmentation is by 16% better in the lower and intermediate layer. Even in the upper 
layer the improvement is 10%, whereas the overall detection rate increases by 12%. Apparently, the 
waveform decomposition detects not only the reflections of the dominant trees but also of the dominated 
small trees. The 3D segmentation takes full advantage of this and yields clearly better segmentation results. 

When we compare data set I (leaf-off) and data set II (leaf-on) we can also address the question whether the 
foliage condition affects the detection rate. As expected, the detection rate is in leaf-on situation by 
approximately 4% worse in the lower and intermediate layer for the normalized cut segmentation. But in the 
upper layer the results are almost equal, leading to an overall loss of accuracy of 2% in leaf-on situation. 

We apply a supervised classification between deciduous and coniferous trees to the watershed and 
normalized cut segments, where one fifth of the trees were randomly selected as a training data set by 
keeping the proportion between the tree species. The classification method was applied 20 times in order to 
minimize the impact of the selection procedure on the results. Thus the numbers in table 7 refer to averaged 
classification values. 

 

Table 7. Results of supervised ML classification between deciduous and coniferous tree species for 
segments of data set I (leaf off) and data set II (leaf on) 

Saliency Overall accuracy (%) for data sets I and II (supervised classification) 

I II 

Watershed Normalized Cut Watershed Normalized Cut 

2
gS  83 78 85 82 

2
IS  81 81 93 94 

WS  82 79 53 51 

2
nS  94 93 65 63 

222 ,,, nWIg SSSS  96 94 95 95 
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The results show that the classification works best with a combination of all saliencies. Furthermore, the 
classification results are almost the same for the watershed and normalized cut segments. Apparently, the 
applied saliencies are highly characteristic both for the dominant trees in the upper layer and for the 
dominated trees in the lower and intermediate layer. Moreover, except for the tree shape related saliency 

2
gS  it is not relevant whether one or more trees of the same tree species are in one segment. Most 

interestingly, the intensity related saliency 2
IS turns out as the best feature in the leaf-on case (data sets II). 

As expected, this feature is worse in the leaf-off case. Instead, the saliency 2
nS  dedicated to penetration 

behavior of the waveforms influences the classification results significantly in the leaf-off case (data set I). 
The saliency WS  dedicated to the pulse width of the reflections works in general better in the leaf-off case. 

Finally, the saliency 2
gS  representing the tree geometry has an almost constant impact on the classification 

in leaf-on and leaf-off situations. As far as the foliage condition is concerned, data sets I and II show equal 
classification accuracies, where the significance of the individual saliencies is different. 

 

3.4 Derivation of stem volume 

The results of the stem volume derivation for the different date sets, tree species and segmentation methods 
are illustrated in figures 4, 5, 6 and 7. 

 

  

a) b) 

Figure 4. Stem volume regression for coniferous trees using data set I (leaf off). a) Watershed segments and 
b) Normalized cut segments 
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a) b) 

Figure 5. Stem volume regression for deciduous trees using data set I (leaf off). a) Watershed segments and 
b) Normalized cut segments 

 

 

a) b) 

Figure 6. Stem volume regression for coniferous trees using data set II (leaf on). a) Watershed segments 
and b) Normalized cut segments 
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a) b) 

Figure 7. Stem volume regression for deciduous trees using data set II (leaf on). a) Watershed segments and 
b) Normalized cut segments 

 

A comparison of the different tree species shows that the stem volume of coniferous trees can be estimated 
more accurately than the stem volume of deciduous trees. This finding is in accordance with the results of 
Heurich (2006).  

If we focus on the segmentation method a higher coefficient of determination R2 in the case of the 
normalized cut method becomes apparent. This increase is marginal for coniferous trees, but very obvious 
for deciduous trees, especially in the leaf off case. The RMSE [m3] of the normalized cut segmentation gets 
smaller than for the watershed segmentation. Thus, the difference between calculated and measured stem 
volume is smaller for the normalized cut segmentation in absolute terms. However, the relative RMSE [%] is 
practically the same for both segmentation methods, since the smaller RMSE of the normalized cut 
segmentation is compensated by smaller mean value of stem volume. 

It is also remarkable that due to the higher detection rate of the normalized cut segmentation the stem 
volume is determined for more trees. Especially for data set I, which represents the leaf-off case, the number 
of small deciduous trees is considerably higher. Interestingly, we found that the calculated regression 
coefficients are suitable both for these small trees and for the tall trees. 

Finally, the results are virtually the same for both data sets. The most significant difference is reflected in the 
3D segmentation of deciduous trees. Here, the estimated stem volume is more accurate in the leaf-off case.  

4. Discussion 
The experiments clearly prove that the new segmentation working in 3D can be viewed as a breakthrough for 
single tree segmentation. If this method is combined with full waveform LIDAR data the detection rate of 
single trees is improved by more than 20% in the lower forest layers. We got a slightly higher detection rate 
in leaf-off situation because of the higher penetration rate of laser hits. Furthermore, the segmentation of 
deciduous trees is more difficult with ALS data acquired in summer since the crowns of neighboring trees 
merge considerably and, hence, most of the laser hits are reflected at the leaves of the outside section of the 
trees. Contrary, if ALS data result from a winter campaign more reflections occur on the thicker tree parts 
(e.g. stem, branches) which leads to a better characterization of the tree structure. Thus, the leaf-off situation 
seems to be the more appropriate flying time to segment trees in 3D, at least for mixed mountain forests that 
are scanned with a high point density.  

When viewing at the results of the classification between coniferous and deciduous trees we attained an 
overall accuracy of approximately 95% for both data sets and segmentation methods. These excellent 
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results are provided mainly by the waveform specific saliencies 2
nS  in leaf off and 2

IS  in leaf on condition. 
Note, that a high classification result is mandatory for the stem volume estimation, since the regression 
models must be calculated separately for deciduous and coniferous trees. 

 

The results of the stem volume estimation are very good for the coniferous trees. However, the stem volume 
of deciduous trees is approximated by the factor 2 worse. One reason for this is the imprecision of the 
reference stem volume for deciduous trees influenced mainly by the irregular shape of their stems. 
Deciduous stems are often oval instead of round, not cylindrical, and sometimes the stem branches at a 
height of only few meters. In comparison, the coniferous stems range from the ground to the crown and are 
structured more regularly. Thus, the manually measured parameters DBH and tree height lead to a more 
accurate reference stem volume for coniferous trees. Another reason for the superior stem volume 
estimation of coniferous trees is their consistent relation between crown dimension and stem volume. The 
crown basal area of spruces increases continuously with the tree age and, furthermore, spruces react slowly 
to exemptions from neighboring trees. Contrary, beeches respond rapidly to changing lighting conditions, 
which leads to a modified relation between crown dimension and stem volume. 

All in all, the results are better than the findings of Heurich (2006), who used solely first/last pulse data in the 
same test areas and a 2D watershed segmentation. Thus, it seems that the full waveform data push this 
accuracy gain for both segmentation methods. It is remarkable that the relative accuracy (i.e. RMSE [%]) of 
the stem volume is independent from the segmentation method for both tree species. However, we have to 
keep in mind that the normalized cut segmentation detects significantly more trees correctly. Thus, the stem 
volume is provided for more trees. 

 

5. Conclusions and outlook 
Since the stem volume estimation is strongly influenced by factors like field measurements and allometric 
assumptions, more accurate reference data are necessary to evaluate the advantage of the 3D 
segmentation. Thus, measurements with a terrestrial laser scanner will lead to a more precise stem volume 
of the reference trees and to a verification of the volume of the 3D segments. Moreover, we need more 
insight how the features in (2), which are calculated from the 3D segments, are influenced by segmentation 
errors like the wrong assignment of voxels to a neighboring tree. 
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Abstract 

In the presented work, single tree detection and shape reconstruction was carried out using full waveform 
airborne laser scanning (ALS) data. The medium density data was acquired from the mixed forest area in the 
Rhine valley near Karlsruhe, Germany. Study was conducted in the rectangular plots, each of size 2500 m2, 
containing 12 tree species of varying age and height. A modified partitioning algorithm was applied to extract 
the clusters of single tree. Extracted tree clusters were reconstructed to represent their approximate shape in 
the form of 3-D convex polytope. A standard validation procedure was implemented for accuracy 
assessment of the extracted individual clusters of each tree species with reference data. An overall 52.7% of 
tree species were correctly detected in such a complex forest condition. The algorithm worked comparatively 
well for extracting the evergreen conifers than the deciduous trees despite their lower distribution in the test 
plots. The presence of tree species of different age groups in different layers with high canopy density was 
the main factor that caused an average performance of the algorithm in accurately detecting the single tree. 
The outcome and problem analysis shows the scope of further refinement of the algorithm for the better 
estimate of single tree in such a forest condition. 

1. Introduction 
Airborne laser scanning, one of the active optical remote sensing technologies, provides data that make it 
possible to detect and isolate the individual trees (Hyyppä et al. 2001, Persson et al. 2002). Measurements 
of tree attributes are of critical importance in the derivation of estimates of standing timber volume, and 
biomass (Lim et al. 2003). The availability of resources and rapid development in technologies has paved the 
path for harnessing the potential of airborne laser scanner (ALS) data at its fullest for the tree-level inventory. 
Several studies has been carried out in the past on the application of airborne LIght Detection And Ranging 
(LIDAR) data for vegetation related information retrieval using different methods (Nilsson 1996, Hyyppä and 
Inkinen 1999, Persson et al. 2002, Hyyppä et al. 2006, Wang et al. 2008, Vauhkonen et al. 2009). The forest 
information from LIDAR data are being retrieved with two main approaches – normalized digital surface 
model (nDSM)-based and the individual tree detection-based (Maltamo et al. 2006). The main drawback of 
nDSM based approach is that the trees and young regenerations in the intermediate and lower forest layers 
are seldom detected (Reitberger et al. 2008a). The single tree crown contour delineation at different height 
quintiles with a hierarchical morphological approach has been presented by Wang et al. (2008). A three-
dimensional (3-D) segmentation technique based on the normalized cut segmentation method using variable 
full waveform LIDAR point density showed an improvement in the tree detection rate (Reitberger et al. 
2008a). The false detection also increases with the increase in the detection rate showing the substantial 
decline in the reliability of the approach (Pitkänen et al. 2004, Reitberger et al. 2008a). With the use of the 
local maxima, several studies have been conducted in the past for the tree top detection, majority in the 
image domain, with some degree of adaptations (Persson et al. 2002, Popescu et al. 2002, Pitkänen et al. 
2004, Koch et al. 2006, Tiede et al. 2008). 

Among the vector-based methods, clustering is one of the promising approaches for single tree detection. 
Several mechanisms exist for clustering, among which, the k-means is the most popular iterative partitioning 
based approach. In this, the ALS data of the study area is being partitioned into a group of clusters using a 
distance criterion (Jain et al. 1999). The research work on the single tree detection with ALS data using the 
different clustering mechanisms has been reported in the past (Morsdorf et al. 2003, Morsdorf et al. 2004, 
Cici et al. 2008, Doo-Ahn et al. 2008, Reitberger et al. 2008b). The smoothened DSM derived local maxima 
as seed points in the k-means method with the first and last pulse high density ALS data to delineate the 
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single tree in the Swiss National Park was used (Morsdorf et al. 2003). In contrast to the approach used in 
the presented work, instead of scaling-down the z-coordinates, Morsdorf et al. (2003) scaled it up by a factor 
of three to accommodate the aspect ratio of pine tree crowns, which ranged from 3-6. It is noted that the k-
means works well when a data set has “compact” or “isolated” clusters (Mao and Jain 1996). Therefore, it is 
advantageous to scale down the height value of the normalized raw points as well as seed points in the z 
dimension. This helps in minimizing the squared error function, which is the ultimate objective of the k-means 
method (Gupta et al. 2010). Additionally, the present study differs from Morsdorf et al. (2003) in two ways: 
first, the smoothing was avoided on the nDSM and second, the unwanted local maxima points were deleted 
using a search algorithm based threshold distance. The shape of the detected point clouds of clusters of tree 
crowns can be geometrically reconstructed and shown in different forms such as convex hull (Morsdorf et al. 
2003, Ko et al. 2009). 

The objective of the presented work is to examine the potential of supervised k-means approach to detect 
single trees using the full waveform ALS data in the selected plots of temperate forest with multi-tier mixed 
tree species distribution. 

2. Materials and Methodology 

2.1. Study area and field data characteristics 

General characteristics of the Study area 

Table 1. Tree type Distribution. 

Investigations were carried out in the forest area in the 
Rhine valley near Karlsruhe, Germany. The Gauss Krüger 
coordinates (in meters) for the upper left corner are 
3456375, 5433820 and the lower right corner 3458025, 
5432980. The test area contains seven rectangular field 
plots, each of size 50m*50m. The fields are characterised 
by multi-tier deciduous and coniferous tree species with 
dense canopy. All the fields, except field 3, are dominated 
by deciduous tree species (table 1). 

 

 

The tree type, tree species name, their common name with species symbols used in the presented work is 
shown in table 2. 

Table 2. Tree Species distribution. 

Tree species Common name Symbol Tree type % 
Pinus sylvestris Scots pine Kie Conifer 13.9 
Picea abies Norway spruce Fi -do 2.2 
Pseudotsuga menziesii Douglas fir Dgl -do 1.6 
Carpinus betulus Hornbeam HBu Deciduous 9.5 
Prunus avium Cherry Kir -do 23.7 
Quercus petraea Oak Ei -do 24.3 
Quercus rubra Red Oak REi -do 0.9 
Fagus sylvatica European Beech Bu -do 21.1 
Robinia pseudoacacia Black Locust Rob -do 0.6 
Tilia cordata Linden or Basswood Li -do 0.9 
Betula pendula Silver Birch Bi -do 0.3 
Acer pseudoplatanus Sycamore Maple Bah -do 0.9 

Field Id Conifer (%) Deciduous (%) 

1 9.4 90.6 
2 4.1 95.9 
3 61.1 38.9 
4 22.7 77.3 
5 4.0 96.0 
6 25.5 74.5 
7 26.7 73.3 
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Field measurements  

The state forest administration (FVA) of the Federal State of Baden-Württemberg, Germany, provided the 
Forest inventory data from summer 2006. All trees above 7cm diameter at breast height (DBH) were 
measured. A Vertex® instrument was used to measure the two top heights of the main tree and one top 
height of the dominated tree. The arithmetic mean of the height measurements of all the dominating trees in 
each field was calculated as an average top height for the respective plot (Straub et al. 2009). The heights of 
the remaining trees were estimated using the stand height curves with the DBH as an input variable (Korn-
Allan et al. 2004). Additional fieldwork was conducted for the plot establishment and coordinates 
measurement. 

2.2. LIDAR data and Orthophoto characteristics 

The full waveform laser scanner data was acquired in August 2007 by TopoSys GmbH using the "Harrier 
56/G4" Riegl LMS-Q56O scanner mounted on a helicopter and flown at a height of 450m above ground 
level. To achieve a high point density (16 points m-2), the study area was flown twice during day and night 
with more than 50% of overlapping. The DTM, DSM and nDSM were calculated in TreesVis (Weinacker et al. 
2004) environment. The raw full waveform LIDAR points were normalized using the DTM to ensure the 
absolute height of the object and to eliminate the influence of the terrain. The normalized LIDAR data was 
used in the clustering. Optical data in four spectral channels were collected by TopoSys GmbH with the aid 
of an RGB/NIR line scanner in July 2008, at 700m above ground level at a rate of 682 pixels per line. The 
important flight and technical parameters of the laser scanner and RGB/NIR line scanner are described by 
Straub et al. (2009). 

2.3. Single tree detection 

All the data processing work was carried out in a 100m by 100m area covering each of the seven fields. 
Subsequently, for the accuracy assessment, the data were clipped to the plot size. This was done to avoid 
the omission of some of the reference tree top points that were intersected at the edge and/or were present 
outside the rectangular field. 

Local maxima detection and processing  

Local maxima points were extracted from the nDSM above 5m height having a gray value larger than the 
gray value of all its 8 neighbors. The nDSM was not smoothened in this study. In the next step, the local 
maxima points that were too close to each other were excluded based on a threshold distance (dthres) with a 
search algorithm. The filtered local maxima as external seed points were finally used in the k-means 
algorithm. The dthres, varied depending on the forest conditions. The value of dthres for younger trees with 
single and narrow crown at the top or conifers was found between 2-4m. While, the dthres for trees with 
relatively older ones with wider crown with more intermittent peaks at the top or broadleaved trees was found 
between 4-6m.  

Supervised k-means 

Jain et al. (1999) have described the simple k-means algorithm. The simple k-means algorithm was 
supervised in this study to use the nDSM-derived local maxima as external seed points for process 
initialization. This reduces the time and machine cost of using trial and error approach with several 
repetitions and cross-checking each time visually with reference data in order to select an appropriate k 
clusters for each plot. The output was improved by reducing the height value of the data points and that of 
the external seed points by an empirically found value (i.e. half) before the initialization. The supervised k-
means ran over the field data for generation of single tree clusters. 

2.4. 3-D Reconstruction of Individual tree clusters 

The shape of the tree crown clusters, commonly present in the convex form, was reconstructed using the 
QHull approach (Barber et al. 1996). QHull is a general dimension code for computing convex hulls using 
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Quickhull algorithm (Berg et al. 1997). Those rare clusters whose polytopes could not be formed were 
discarded. 

2.5. Validation procedure 

The detected tree tops of single tree clusters in each plot have been validated with the corresponding field 
measured tree tops. Different approaches to validate the detected tree tops has been presented (e.g. 
Persson et al. 2002, Morsdorf et al. 2003, Heurich et al. 2004, Koch et al. 2006, Wang et al. 2008, Koch et 
al. 2009, Reitberger et al. 2009). In this work, the five validation classes for accuracy assessment have been 
adopted.  

• Exact - only one detected tree top with respect to the nearby reference tree top. The 3-D Euclidean 
distance (ED) between the reference tree top and the detected tree top point (3-D ED) is below 3m. 
 

•  Nearly Exact - one detected tree top nearly at the same height level nearby a reference tree top and 
3-D ED is 3-5m. 
 

• Split - more than one neighboured detected treetops up to the 3-D ED of 5m. 

 

• Missing - no detected tree top nearby the reference tree top up to the 3-D ED of 5m. It also includes 
the reference points for which there is no detected tree tops within the radius of 3m created from 
each reference point. 

 

• Extra - detected tree tops within the field boundary for which there is no reference tree top point up to 
the 3-D ED of 5m. In addition, it includes those detected points within the field boundary for which 
there is no reference point within the radius of 3m created from each reference point. 

The ‘Extra’ and ‘Missing’ point is considered as ‘commission error’ and ‘omission error’, respectively. When 
expressing the accuracy in percent, two types of accuracy classes were used (Congalton 1991), the “user’s 
accuracy” and the “producer’s accuracy”. The clusters obtained were evaluated against the field inventory 
data. The validation performed was based on the spatial relationship between the field measured and the 
detected tree tops with reference to the above mentioned five classes. 

3. Results and Discussion 
After running of the supervised k-means algorithm, the 3-D cluster points of single trees were extracted 
above 5m height in all the field plots. This was done to avoid the effect of low ground vegetation and other 
smaller objects during the clustering process. From the 3-D points of single tree clusters, tree top points were 
extracted. The tree height is calculated as the maximum height of the LIDAR points belonging to a specific 
cluster. After accuracy assessment, the result has been presented in table 3.  

Table 3. Single tree accuracy. 

Field 
ID 

Producer accuracy 
(%) 

User accuracy 
(%) 

False Detection 
(%) 

1 65.6 42.0 58 
2 51.0 35.7 64.3 
3 61.1 50.0 50 
4 63.6 46.7 53.3 
5 39.6 41.2 58.8 
6 72.3 50.7 49.3 
7 36.7 22.9 77.1 

It is evident from table 3 that the producer’s and user’s accuracies are varying greatly in the deciduous 
dominated field plots. The high accuracy in field 6 is attributed to the presence of fewer tree species nearly at 
the same height level where the algorithm worked well. The lower accuracy in the field 5 is mainly due to the 
mixed distribution multi-layered Oak and European beech, while in the field 7 it is due to the presence of 
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mixed tree species of dense canopy and varying age groups. In both the cases, the algorithm did not worked 
well. The false detection is high in fields 2 and 7. It was assumed that the presence of higher proportions of 
cherry trees of low height and small crown diameter in both the plots might have caused the increase in the 
false detection. It is obvious that the performance of the algorithm was found average. The multi-tier, mixed 
tree species with varying age groups and dense canopy closure might have played a vital role in lower 
accuracies and increase in false detection. 

Table 4 shows the species-wise distribution of the reference tree top and detected tree tops in the ‘Exact’ 
and ‘Nearly Exact’ validation classes with their height range in each field. The field columns were left blank 
when there are no tree species detected in the ‘Exact’ and ‘Nearly Exact’ validation classes. The height 
range shown in table 4 of the detected tree tops of the respective tree species is of the trees falling under the 
two validation classes only. 

Table 4. Height distribution of the reference and detected tree tops in the ‘Exact’ and ‘Nearly Exact’ validation 
classes in each field. 

Field 
Id Tree species Rct 

RHrange  
[m] 

DHrange  
[m] E 

E  
(%) NE 

NE  
(%) 

E+N
E 

E+NE  
(%) 

1 Hornbeam 11 08-21 9.2-19.9 7 63.6 2 18.2 9 81.8 
Scots pine 3 20-24 22.1-24.3 3 100 0 - 3 100 
Cherry 18 08-10 7.7-12.3 7 38.9 2 11.1 9 50.0 

2 Scots pine 2 22-27 23.5-24.3 0 - 2 100 2 100 
Cherry 45 08-16 10.2-18.9 13 28.9 8 17.8 21 46.7 
Oak 2 23-25 23.5-26.5 2 100 0 - 2 100 

3 Scots pine 16 21-31 17.3-28.7 10 62.5 3 18.8 13 81.3 
Red Oak 3 26 24.9 1 33.3 0 - 1 33.3 
European Beech 9 15-18 17.2-20.2 2 22.2 1 11.1 3 33.3 
Douglas fir 5 16-23 17.2-26.0 2 40.0 1 20.0 3 60.0 
Black Locust 2 20-23 21.8-22.0 2 100 0 - 2 100 
Norway spruce 1 8 - 0 - 0 - 0 - 

4 Hornbeam 15 13-19 14.1-18.9 7 46.7 2 13.3 9 60.0 
Scots pine 5 23-35 26.1 - 32.8 3 60.0 1 20.0 4 80.0 
European Beech 2 21 21 1 50.0 0 - 1 50.0 

5 Oak 74 11-19 12.1-18.3 9 12.2 24 32.4 33 44.6 
Scots pine 4 17-22 16.7-22.5 0 - 4 100 4 100 
European Beech 19 13 14.8 0 - 1 5.3 1 5.3 
Linden 3 14 15.9 0 - 1 33.3 1 33.3 
Silver Birch 1 17 17.1 1 100 0 - 1 100 

6 European Beech 34 13-23 15.1-26.0 10 29.4 14 41.2 24 70.6 
Scots pine 12 24-30 20.3-29.3 3 25.0 7 58.3 10 83.3 
Sycamore Maple 1 20 - 0 - 0 - 0 - 

7 European Beech 3 26-28 26.3-28.5 2 66.7 1 33.3 3 100 
Scots pine 2 29-32 30.5-31.1 0 - 2 100 2 100 
Norway spruce 6 14-32 13.4-30.5 0 - 3 50.0 3 50.0 
Sycamore Maple 2 9 10.9 0 - 1 50.0 1 50.0 
Cherry 12 5-9 - 0 - 0 - 0 - 
Hornbeam 4 20-24.2 20.8-24.2 0 0.0 2 50.0 2 50.0 
Oak 1 26 - 0 - 0 - 0 - 
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where, Rct = reference tree top count, RHrange [m] = height range of the reference tree in meters, DHrange 
[m] = height range of the detected tree in meters, E = ‘Exact’ detected tree top count, E (%) = ‘Exact’ 
detected tree tops in percent, NE = ‘Nearly Exact’ detected tree top count, NE (%) = ‘Nearly Exact’ detected 
tree tops in percent, E+NE = ‘Exact’ + ‘Nearly Exact’ detected tree tops together and E+NE (%) = ‘Exact’ + 
‘Nearly Exact’ detected tree tops together in percentage. 

One Norway spruce of height 8m in field 3, one sycamore maple of height 20m in field 6 and, twelve cherry 
tree of height range 5-9m and one oak tree of height 26m in field 7 were not et al detected. The cherry trees 
present in the fields 1 and 2 constitute roughly 56% and 92% part of all the tree species in their respective 
fields. Nearly 49% of the cherry trees ranging from 8-16m in height in the fields 1 and 2 were detected. The 
dthres for filtering out the external seed points were kept relatively low in the fields 1 and 2, 4m and 3.5m, 
respectively, as compare to 4.5m in the field 7. In the field 7, cherry trees were 40% of the total tree 
composition and were of low height (5-9m). These were lying below the with dense canopy covered upper-
tier trees. It is likely that the presence of dense canopy cover may have resulted in insufficient backscattered 
laser signals from the under storey trees. Another possibility is the poor detection of local maxima from the 
interpolated nDSM. The mixed tree species composition with dense canopy coverage, inappropriate dthres, 
and low extraction of external seed point could be the possible reasons for null estimation of cherry trees in 
the field 7. 

 

In the field 5, oak is a dominant (73%) tree species with comparatively low maturity level. Roughly, 45% of 
the oak trees were detected (table 4) after running the supervised k-means algorithm (dthres = 2m). In the field 
5, the oak trees were in different age groups with varying height (11-19m). The trees detected were mainly 
mature. It was noticed from the reference data that nearly 47% of the oak tree in field 5 were 11-14m tall and 
rest were between 14-19m in height. The oak trees detected below the 14m and above 14m height were 
around 12% and 32%, respectively (table 4). Thus, higher is the detection probability of a tree when it is in 
the upper canopy layer. By above examples, it is obvious that the tree age and height, tree species, layer of 
the trees and canopy density beside the terrain plays an important role in single tree remote sensing. It is 
noticeable from table 4 that Scots pines, despite their low presence (13.9%), were found in all the 7 fields 
and more than 80% of the Scots pines were detected by applying the algorithm. This was probably due to 
their presence in the upper canopy layer. 

 

Most of the Hornbeam trees present in the three fields (1, 4 and 7) were attained maturity. Hornbeam is most 
dominant tree species in field 4 with 60% detection rate and is second most dominant in the field 1 with 
nearly 82% detection rate. Field 7 has the 50% of detection rate for Hornbeam. Around two-third of the 
hornbeam tree was successfully detected in all the three fields. The European beech is present in five fields 
(3, 4, 5, 6 and 7). Most of the European beeches are at mature stage. Field 6 is dominated by European 
beech with 72% distribution over the area. The detection rate in field 6 is 70.6%. The most poor detection 
rate of European beech (5.3%) was found in field 5 where nearly 84.2% trees were under ‘Missing’ category 
and 10.5% trees were under ‘Split’ category. The reason could be attributed to the fact that almost three-forth 
of the European beech are younger and lying beneath the layer of oak and Scots pine. The dense canopy 
and inter-locking branches of some of the oak and Scots pine trees might have contributed to very low 
detection rate of European beech in field 5. 

 

An overall 52.7% of tree tops together for ‘Exact’ and ‘Nearly Exact’ validation classes were found by 
applying the supervised k-means. During the research investigation, it was found that the dthres setting 
becomes more difficult with increasing forest complexity. For example, the plot containing mainly trees with 
wider canopies requires higher dthres because local maxima from smaller peaks will most likely represent only 
branches, hence needs to be eliminated. Whereas, local maxima from a peak in a plot containing younger 
trees will most likely to be a treetop, hence requires comparatively smaller dthres. 

 

The triangulated facets of the convex hulls were computed from the vertices using QHull algorithm. In all the 
cases, the facets were successfully formed even when there was a gap in clusters containing LIDAR points 
obtained after running the algorithm. The shape of the 3-D convex polytope formed from each tree clusters 
represents the approximate shape of the respective individual tree. Two examples of sample clusters of 
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European beech and Scots pine (Figures 1a and 1c) and their respective 3-D convex polytopes (Figures 1b 
and 1d) have been presented. The convex hull can be further used in the area and volume estimation. 

    
 

   (a)     (b)     (c)     (d)  

Figure 1. The sub-figures showing the 3-D ALS clusters of a) European beech and c) Scots pine, and the 
corresponding b) and d) 3-D convex polytopes. 

 

4. Conclusions 
The clusters of single trees above 5m height were extracted by applying the supervised k-means algorithm 
on the full waveform ALS data for 7 test plots in the forest area near Karlsruhe, Germany. Traditional k-
means generates arbitrarily bad grouping of objects due to random seed selection procedure and repeated 
run of the algorithm after cluster analysis to meet the fitness criteria (Jain et al. 1999). The supervised k-
means yields comparatively fair results by partitioning the LIDAR data after seeding is done externally and 
once the height value of the LIDAR points are scaled down to half before initialization of the process so as to 
bring those LIDAR points closer height-wise (Gupta et al. 2010). The terrestrial data of the field plots with 
tree position and other related attributes helped in validating the result at species level (tables 4 and 5). 
Majority of the trees species are deciduous (82.3%) with Oak, cherry, hornbeam and European Beech. 
Among the evergreen conifers, 78.6% trees were Scots pine.  

The validation procedure was devised and five validation classes were defined for accuracy assessment. Out 
of the five validation classes, two were used for goodness criteria in the Euclidean 3-D space. The mixture of 
multi-storey tree species of varying height quintile (table 4) with dense canopy cover poses a big challenge in 
detecting the tree species by the algorithm in the presented study. In all the 7 field plots, more than 80% of 
the Scots pines were detected by applying the algorithm.  

The average producer’s and user’s accuracies among all the field plots are 55.7% and 41.3%, respectively 
(table 3). The variations in the producer’s and user’s accuracies are roughly between 40-65% and 36-42%, 
respectively, for the deciduous dominated fields (1, 2 and 5). In case of mixed species fields (3, 4, 6 and 7), 
the producer’s and user’s accuracies are varying nearly between 37-72% and 23-51%, respectively (table 3). 
The variation in the height range and average height for ‘Exact’ validation class was 0-2.5m and 0-1.4m, 
respectively, and that for the ‘Near Exact’ validation class was 0.3-4.3m and 0.3-4.2m, respectively. 

 

The result showed that the algorithm performance was better for the upper tier trees which are relatively 
mature and older as compared to the relatively younger tree species lying under-storey. In case of under-
storied tree species, sufficient number of external seed points could not be generated using local maxima 
method, mainly because of interference from the first-tier trees and high tree density. The result in the tested 
field plots could not be improved even by varying the dthres. However, it was assumed that more robust 
parameter setting and smoothing of nDSM before local maxima calculation could have reduced the false 
detection.  

In general, the value of dthres for younger trees with narrow crown at the top is lower as compare to the 
relatively older trees with wider crown and more intermittent peaks at the top. It was found that the scaling 
factor has substantial impact in the data partitioning. The relatively better clustering was due to the 
empirically found scaling factor for the z-coordinates, which was kept as half for all the plots.  
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The significance of pre-knowledge about the forest conditions from the field-inventoried data cannot be ruled 
out in setting the variables in the algorithm. The quantity and quality of the result mainly depend on the flight 
parameters, forest condition, LIDAR point density, dthres and external seed points. The point density of 
extracted cluster has a direct effect on the clustering and shape of 3-D convex polytope. 

 

In the future, the single tree detection and modeling task will focus on the utilization of ALS data and other 
associated parameters viz. intensity and pulse width in different forest conditions based on the specific rule 
sets. Separate study cannot be ruled out by using leaf-on and leaf-off datasets for better discrimination of 
tree species, particularly in complex forest sites.  
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Abstract 

Data from full-waveform airborne LiDAR becomes more and more available. At the same time high 
dimensional feature spaces are increasingly used for remote sensing related classifications. To handle those 
data sets advanced classification techniques are often regarded as producing more accurate results 
compared to less complex classification methods. Within this paper an empirical comparison of classification 
results from linear discriminant analysis (LDA) and support vector machines (SVM) is carried out. For this we 
used an innovative and comprehensive set of reflection specific full-waveform LiDAR features. Altogether 
231 features were available, which are compositions of the geometric reflection properties, their statistical 
distribution, the position within the laser beam as well as the spatial position. 

The LDA was conducted with a stepwise inclusion of variables to achieve a ranking of their importance. 
SVMs are tested with different configurations concerning the multiclass classification method and the kernel. 
The parameters of the SVM are optimized using a grid search algorithm. A generally approved method to 
achieve a nonlinear variable ranking from the SVM is not available until now. Therefore, both classifiers are 
additionally executed with the most important variables from the stepwise LDA and are compared to a set 
with all variables. Verification was done by a 24-fold cross validation with leaving out complete independent 
sample plots. 

Using the complete feature set SVM outperforms LDA for the four main species pine, spruce, oak and beech 
(79.22%) and for the deciduous-coniferous (94.43%) classification. When the variables are restricted to only 
the top ranked variables the results for the LDA increase and come very close to the SVM accuracies. SVM 
accuracies remain constant using LDA selected features. As a surprising result, LDA with an optimized 
feature set even outperforms SVM in the case of six species(61.81%). This indicates a need to develop 
specific nonlinear variable ranking mechanisms for SVMs and to test their influence on SVM classification 
results. 

 

1. Introduction 
The automated classification of tree species from airborne surveyed data is a major scientific and practical 
aim of forestry related remote sensing applications. In general there are two basic principles by which the 
solution of the classification can be influenced. This is first the selection of the features and second, the 
choice of the classifier. 

Concerning the first option early attempts used mainly colour infrared (CIR) images (Pinz and Bischof 1990, 
Meyer et al. 1996) whose capability were often more or less limited to the distinction of coniferous and 
deciduous trees when working with a precision on a single tree scale (Holmgren and Persson 2004). Most 
recent studies try to exploit the potential of light detection and ranging (LiDAR) data while either using the 
spatial distribution pattern of the point cloud (Brandtberg et al. 2003, Brandtberg 2007, Tokola et al. 2008) or, 
still less common, by inspecting the geometric properties of the single reflections (Litkey et al. 2007, Hollaus 
et al. 2009, Heinzel and Koch 2010). 
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The second option, which concerns the classifier, has also experienced major technical improvements. 
When LiDAR data is the last decades’ innovation on the feature and data side, then support vector machines 
(SVMs) seem to develop as one of the most innovative methods on the classifiers’ side. Their introduction to 
remote sensing is still in its infancy and most of the studies are from a period within the last five years (Pal 
and Mather 2005, Waske and Benediktsson 2007, Ørka et al. 2009b). While some authors indicate their 
advantage over other classifiers in remote sensing applications, there are still numerous studies relying on 
more basic but well proven methods like linear discriminant analysis (LDA) (Lucas et al. 2008, Kim et al. 
2009, Ørka et al. 2009a). 

This study presents a direct empirical comparison of the results from LDA and SVM classifiers using the 
same dataset for tree species classification. Furthermore, it considers different configurations of the SVM, 
concerning the kernel and the multiclass method. It also explains a complete SVM classification procedure 
which comprises the optimization of parameters and the t-fold cross validation. The dataset consists of 
features which are compositions of the geometric properties of LiDAR reflections, different values for their 
statistical distribution within a grid cell and their location within the laser beam as well as in space. 
Altogether, 231 compositions represent the feature space for both classifiers. 

In comparison to several other studies which aim to distinguish coniferous from deciduous or a maximum of 
up to three species (Holmgren et al. 2008, Ørka et al. 2009a) we present results for different numbers of 
classes, which are referred to as classification depths. The discrimination of up to six species was tested 
under the conditions of a mixed temperate forest. Furthermore, we describe a grid based classification where 
no information about the delineation of the tree crown is known. The classification of automatically delineated 
crowns, e.g. Holmgren and Persson (2004) and Reitberger et al. (2008), bears the risk that failures in single 
tree detection increase the failure in species classification. 

Data 

Study area 

The study area is located in south-western Germany close to the city of Karlsruhe as shown in Figure 1. It 
comprises a rectangular area of about 10 km² and has an even terrain. The forest stands are characterized 
by a high diversity concerning the deciduous-coniferous composition, the tree age, the layering and the 
density of the stands. The main species in a typical temperate forest of this type are pine (Pinus sylvestris), 
spruce (Picea abies), oak (Quercus petraea) and beech (Fagus sylvatica). Additionally, there are a 
considerable number of the secondary species hornbeam (Carpinus betulus) and cherry (Prunus avium) 
within our study area. 

LiDAR data 

LiDAR data was captured during a flight campaign in the 
summer of 2007 with a Harrier 56 system by TopoSys® GmbH. 
The recorded full-waveforms were preprocessed with the 
software RiAnalyze 560© from Riegl LMS GmbH to extract 
singular reflections. In addition to the pure three dimensional 
coordinates we extorted the reflection specific amplitude, the 
width and the intensity of the signal. The intensity is defined as 
the total power received over time by the reflected signal. 
Furthermore, we got the position of each reflection and the total 
number of reflections within the corresponding beam. Due to a 
special flight planning we achieve a point density of at least 16 
points/m². 

 

 

Figure 5. Location and overview of the study 
area. The image shows a CIR aerial photograph with 

sample plots indicated as white squares. 
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Reference data 

Tree species specific reference data was collected during multiple phases in 2008, 2009 and 2010. Within 24 
square plots of 30 m side length the position of the crown centre was measured for each individual tree and 
recorded together with the referring tree species. Additionally the crown class was estimated from which only 
dominant, co-dominant and intermediate were selected due to their visibility from above. According to 
Hildebrandt (1996) these three upper classes make up to 97% of the whole timber volume. Training data was 
manually selected as explained in Heinzel and Koch (2010). The tree top positions were allocated to single 
crowns and delineated by following their outline on a normalized digital surface model (nDSM) and colour 
infrared (CIR) images. Afterwards these polygons were intersected with the feature grids to receive sample 
cells of known tree species. Altogether the plots were selected to enclose an equal number of samples for 
each species. 

Feature Extraction 

From the LiDAR point data a comprehensive set of composed features was derived. The features were 
originally computed for a slightly different dataset to exploit the information of secondary parameters from the 
waveform geometry and is comprehensively explained in Heinzel and Koch (2010). The point cloud data is 
projected onto a grid with a cell size of 1 m. Each grid layer represents one feature which consists of four 
components. These are first the primary geometric information such as the width, the amplitude and the 
intensity of the reflection as well as the total number of reflections within a laser beam. Second, a measure 
for the statistical distribution of the reflection specific values within a grid cell and third and fourth, the 
position of the reflection within the ray and the position in space respectively. Altogether 231 variables were 
available. 

2. Methods 
Within this compare 

ative study two major classification methods are used. These are first the LDA and second the SVM 
classification. 

Linear discriminant analysis 

LDA is a widely-used classification method in remote sensing image classification. In this study we use the 
software package SPSS to conduct all LDA classifications. Due to the well known principles and functionality 
of LDA we only give a brief summary of the settings and framework we use. 

LDA aims to find new variables that allow an optimized linear separation of the groups. The general form of 
the according discriminate function Y is a linear combination of the feature variable Xi with i = 1,...,d: 

 
dd XaXaXaaY ++++= ...22110  (1) 

The discriminate coefficients ai are determined by maximizing the ratio of the explained sum of squares and 
the unexplained sum of squares. To receive a ranking of the original 231 variables concerning their 
importance for discrimination we conduct a forward stepwise LDA. The variable which decreases Wilks’ 
lambda most is iteratively included in the analysis with each step. We use an F-value of 3.84 as threshold for 
inclusion and 2.71 for exclusion according to Pollar et al. (2007). 

As a summary of the classification principle it can be said that LDA tries to find the average object of each 
group and allocates new objects to the group with the most similar mean value. Further LDA aims on the 
reduction of variables used for classification and is limited to the linear discrimination of groups. 

Support vector machines 

SVMs use a different classification principle. They try to find those training objects (vectors) of a group which 
are most similar to the other second group. These objects are then called support vectors because they form 
the decision boundary for classification. The new object is then compared to each of these support vectors. A 
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SVM is primarily a two class separation tool. To handle multiple classes there are two major methods. These 
are the separation of the multiclass problem into all possible two class pairs (one versus one) or the 
comparison of each class against the rest (one versus rest). The theory of support vector machines is 
explained in several scientific papers and tutorials (Burges 1998, Bennett and Campbell 2000). A separate 
description of the SVM theory would go beyond the scope of this paper. Instead we give an explanation of 
the framework in which the SVM classification should be used to receive optimal results. To conduct fast 
SVM computations we use the LIBSVMTL programming library (Ronneberger 2004). 

The general form of the decision function of the SVM is given in equation (2). 
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Here x is the vector to be classified, xi is the ith support vector, yi is the known class of xi, αi is the lagrangian 
multiplier and b is the bias. K(x,xi) is a kernel function that allows a nonlinear classification while remaining in 
the input feature space. One of the most universal kernels is the radial basis function (RBF) as shown in 
equation (3). 

( )2||||exp),( iiK xxxx −−= γ  (3) 

s.t. 0>γ   

A complete SVM classification procedure can be subdivided in three hierarchical levels (Figure 6). To receive 
meaningful results it is important to follow this scheme. The upper level comprises the gridsearch method 
that allows an optimization of the kernel parameter γ and the cost factor C which is used for estimating αi 
(Tso and Mather 2009). This is important since both variables differ for each classification problem and 
therefore no standard values exist. Starting at an initial value they are exponentially increased for a defined 
number of times. In case of a linear SVM only C has to be optimized. The mid level contains an accuracy 
assessment for each variable pair determined by the gridsearch. We use a 24-fold cross-validation referring 
to the 24 sample plots on the test site. With this we receive a mean accuracy for each of the parameter 
settings. The lower level conducts the actual multiclass SVM classification. When using the one versus one 
method altogether k(k – 1) /2 SVMs are required for k classes. 

 

 
Figure 6. The hierarchical levels which are required to conduct an optimal SVM classification. 
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After plotting the accuracies into the referring parameter grid the optimal parameterization can be easily 
determined as the global maximum of the grid values. These values are then used to train the final SVM 
model. 

We tested SVM classifications after the above described method with different configurations. These include 
the kernel, where we used both RBF and linear SVM and the multiclass methods one versus one as well as 
one versus rest. Supplementary to the usage of all feature we conducted all SVM classifications with the 
same ranked features as used for the LDA. This way of feature ranking can be described as a filter ranking 
which means, that the ranking is done by a method separated from and prior to the actual classifier (Kohavi 
and John 1997). 

 

3. Results 
The classification results of different SVM configurations are shown in Table 1. The columns distinguish the 
use of an RBF kernel and a linear SVM as well as the two different multiclass methods. The rows show the 
overall accuracies for three classification depths. The RBF kernel with a one versus one (ovo) method 
achieves the best results for all classification depths. We therefore chose this SVM setting for further 
comparison with the LDA. 

 

Table 10. Overall accuracy (%) for SVM classification with different configurations 

 One versus one One versus rest 
 RBF Linear RBF Linear 
Six species 56.10 55.90 53.84 47.67 
Main Species 79.22 78.33 77.40 73.51 
Con/Dec 94.43 93.90 94.43 93.90 

 

Table 2 gives an overview of these comparative classification results. The columns distinguish LDA and SVM 
accuracies while they are further subdivided for the use of all 231 variables of the feature set and those 
variables selected by the stepwise discriminant analysis. The number of the selected variables by the 
stepwise LDA is 64 for the six species, 44 for the main species and 48 for deciduous-coniferous 
classification. It can be seen that the SVM outperforms LDA for the main species and the deciduous-
coniferous when using all features. LDA is better in the case of six species with selected features. A further 
difference between both classifiers is that LDA accuracies increase when limiting the feature space to the 
stepwise included variables. On the other hand SVM accuracy results nearly stay constant. 

 
Table 11. LDA and SVM classification accuracies (%) in comparison for rank selected and non-ranked 

features as well as for different number of classes. 

 LDA SVM (RBF/ovo) 
 All 

features 
Top 
features 

All 
features 

Top  
features 

Six species 57.89 61.81 56.10 55.26 
Main Species 75.07 79.59 79.22 79.83 
Con/Dec 90.18 93.10 94.43 94.73 
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Additionally we observed the classification accuracies when the top ten variables were included in a stepwise 
procedure. Therefore, we determined the variables which occur most often on each of the upper ten ranks 
during the 24-fold stepwise discriminant analysis. It can be seen from Figure 3 that the most relevant 
improvement of accuracy occurs with the first three variables. This is the case for both classifiers and all 
classification depths. 

The three most important variables are very similar for all classification depths. In the first place it is the 
arithmetic mean of the intensity within a grid cell from laser beams with only one reflection, in the second 
place the mean of the signal width using all targets within the beam and in the third place the mean of the 
total number of targets within a beam. In all cases the considered reflections were limited to the upper 5 m of 
the canopy. Deciduous-coniferous classification has the same variables within the top three ranking but uses 
the number of targets in place one and the intensity variable in place three. 

 

 
Figure 7. Classification accuracies for the averaged top ten variables. The accuracy is given for each number 

of topmost ranked variables together with the improvement in comparison to the next lower number. 

 

4. Discussion 
The initial test of different SVM configurations reveals the advantage of the RBF kernel in comparison to a 
linear SVM and the superiority of the one versus one multi class method. These results confirm the study of 
Pal and Mather (2005) who classified a multi- and hyperspectral remote sensing dataset and came to the 
same conclusions. We have also pointed out the gridsearch method which is obligatory to receive optimal 
SVM results. This step seems often to be neglected in application oriented studies which use SVMs as a 
black box tool. 

 

The comparative classification results show that in most cases using the complete feature set SVM 
outperforms LDA classification more than 4% in overall accuracy. After limiting the feature set to the selected 
features from stepwise LDA the accuracies for the main species and deciduous-coniferous trees come very 
close to the SVM results (see Table 2). In the case of six species we have the unexpected phenomenon that 
LDA even overtops SVM. However, it should be considered that SVM results may underlie small variations 
due to the step size in the gridsearch algorithm. Nevertheless, step sizes should not be too small to avoid 
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overfitting of the model. The increase in accuracy after removing noise producing variables refers to the 
general character of LDA. All three classification depths clearly show this behaviour. In contrast SVM results 
stay more or less constant which points to a higher stability of SVM in high dimensional feature spaces 
(Chen and Ho 2008). 

Focusing the iterative inclusion of the ten uppermost ranked features shows a very similar development of 
the results for both classifiers. Within all classification depths the major increase in accuracy is restricted to 
the top two or three variables. The inclusion of further variables only results in minor changes of accuracy. 
Since SVM classification uses the same rank selected features derived by stepwise LDA, it can be assumed 
that the ranking is not optimal for the SVM. Therefore we see the necessity for future work in developing an 
SVM specific ranking and testing the classifier with a customized feature selection. 

Altogether the often indicated superiority of non-linear SVMs in comparison to more simple classifiers 
(Gokcen and Peng 2002, Chen and Ho 2008, Ørka et al. 2009b) is only partly confirmed with this study when 
using the complete feature set. With an LDA optimized set of variables we achieve surprisingly good 
accuracies for this classifier. Even if our restriction to a single example does not allow any generalization, it 
indicates that the differences in performance depend on the extent the classifiers fit to the problem at hand 
(Gokcen and Peng 2002). It can be concluded that even if one classifier outclasses another in theory, as 
shown for SVM and LDA by Gokcen and Peng (2002), in the individual case the superiority need not to be 
mandatory. 
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USE OF LIDAR FOR OPERATIONAL FOREST INVENTORY IN THE 
PACIFIC NORTHWEST, USA: CURRENT STATUS AND FUTURE 

DIRECTIONS 

Hans-Erik Andersen, USDA Forest Service Pacific Northwest Research Station, Anchorage, Alaska, USA 

 

 

As government land management agencies and private companies in the Pacific Northwest of the United 
States (Washington, Oregon and southern Alaska) begin to consider the use of lidar in operational forest 
inventory systems,  a number of important issues have emerged that can have a significant impact on the  
success of these projects. In this presentation, we discuss several of these emerging questions related to the 
use of lidar in operational forest inventories and discuss how they are being addressed in practice, including 
1) Do we  have a standardized set of data acquisition specifications?  Numerous mission specifications can 
influence the utility of lidar data for inventory applications, including time of year, data density, among others. 
The utility of lidar as a monitoring tool could depend upon standardization of specifications to allow for 
detection of meaningful changes.  Acquisition of highly-accurate plot coordinates  has also become more 
important. 2) Do we have the tools to view, analyze, and process large raw lidar datasets? Lidar data is 
generally difficult to manipulate in standard GIS environments.  Tools are becoming more widely available, 
but they vary in terms of functionality and cost. 3) Do we have the models to relate lidar metrics to inventory 
attributes of interest?  The efficiency of lidar forest inventories will directly depend on how well the models 
describe the relationship between lidar-derived information and inventory parameters.  4) Do we have the 
statistical framework to develop parameter estimates (and the variances associated with these estimates) 
over large areas?  The use of lidar in operational forest inventories can require the development of new 
sampling designs, drawing from both model-based and model-assisted theory.  5) How can lidar be most 
useful to forest managers and planners in the short term and long term? Lidar will be used at the regional, 
strategic, and tactical levels of management, but the  required products will differ depending  on the 
management objectives. Lidar scientists need to prioritize short-term management needs in order to 
maximize impact. 
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Abstract 

Most ALS studies have been carried out in semi-natural forests but some research has also been carried out 
in plantations. Results indicate that methods similar to those which are used in semi-natural forest are also 
usable in plantation forestry. The aims of this study are to investigate (1) how accurately the plot volume (V) 
may be estimated by ALS data in eucalyptus plantations, and (2) how to estimate the site index (SI) directly 
by combining ALS data and stand age. The study was conducted in a pulpwood plantation growing 
Eucalyptus urograndis in Bahia state, Brazil. The data included field measurements from 55 stands and 28 
different clones; all the trees in a stand belong to the same clone. The V and SI were estimated by means of 
nonlinear mixed effect modelling in order to take into account the stand within clone hierarchy of the data. 
The obtained accuracies are quite good if compared to those obtained in semi-natural forests. The RMSE 
was 8.2% for V and 2.7% for SI when clone effect was used in prediction. It is worth noting that in eucalyptus 
plantations the clone is always known and therefore its use does not restrict the applicability of this method. 
If none of the sample plots is located within a particular clone, only the fixed part of the model may be used. 
In the estimation of SI also the stand age was taken from the stand register data. This does not restrict the 
applicability of the method either, since the planting date is always known and trees are of the same age. 
Therefore the SI may be predicted in a wall-to-wall manner across the whole plantation. Precision forestry 
applied in plantations differs many ways from the forestry practiced in semi-natural environment. ALS based 
forest inventory has a lot of potential in pulpwood plantations when the unique features of plantation forestry 
are taken into account. 

1. Introduction 
Although most ALS (Airborne Laser Scanning) studies have been done in semi-natural forests, some 
research has also been carried out in plantations (e.g. McCombs et al. 2003, Wack et al. 2003, Roberts et al. 
2005, Donoghue et al. 2007, Rombouts et al. 2008, Hopkinson et al. 2008, Tesfamichael 2009, Zonete et al. 
2010). The focus in these studies has been the accuracy of ALS based stand attribute estimates including 
leaf area and growth. Results indicate that methods similar to those used in semi-natural forests also seem 
to be appropriate for plantation forestry. So far, most studies have dealt with conifer plantations, an exception 
being the articles by Wack et al. (2003), Zonete et al. (2010), and the PhD thesis by Tesfamichael (2009, cf. 
journal publications) in which eucalyptus was considered. Both area based method (Næsset 1997) and 
individual tree detection (Hyyppä and Inkinen 1999) have been used studies in plantations. 

Plantation forestry differs in many ways from the forestry practiced in semi-natural environments. There are 
several kinds of forest plantations. The aim may be to provide wildlife-habitat, biological diversity, or other 
services in addition to wood production: in such cases multi-species forest plantations are favoured (FAO 
2002). The type of plantation considered here, however, is a mono-species eucalyptus plantation which is 
targeted to the pulpwood production only. In eucalyptus plantations, trees are planted in rows using a fixed 
stand density. There is no natural regeneration, thus trees within a stand are of the same age and single 
storied. Typically, all trees in a stand belong to the same clone; the aim is to select the most productive clone 
to a particular stand. Productivity is quantified by the site index (SI), which is usually based on the 
development of a dominant height over the rotation period. 

Plantation forestry also occupies a special situation regarding remote sensing based forest assessment. 
Although the stand level information about age and tree species is often available also for semi-natural 
forests, this information is especially accurate in even age plantations where trees are of the same age and 
also the clone is known in certain cases. This makes it more feasible to combine existing stand register data 
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and remote sensing data and to carry out estimation in a wall-to-wall manner. Accurate age at tree level also 
enables the estimation of attributes which are normally not feasibly estimated by remote sensing, such as the 
variation of site index (SI) within a stand. 

The aims of this study are to investigate (1) how accurately the plot volume (V) may be estimated by ALS 
data in Eucalyptus plantation, and (2) how to estimate SI directly by combining ALS data and age taken from 
the stand register. In order to utilize efficiently all available information, the estimation was carried out with a 
nonlinear mixed effect model that accounts for the clone effect. 

 Material 

Study area and field data 

The study area is a pulpwood plantation growing eucalyptus in Bahia state, Brazil. The plantation is owned 
by Veracel and the pulp mill itself is sited within the test area. The cultivated Eucalyptus species is E. 
urograndis, which is a hybrid between E. grandis and E. urophylla. This eucalyptus hybrid is highly 
productive and is one of the main species currently used for pulp production in Brazil (Siverio et al. 2007). 

 

A network of 195 circular sample plots with a radius of 13 meters was established and measured in August–
September 2008. Sample plots were placed in 55 forest stands with three or four plots per stand. Satellite 
positioning was used to determine the position of each plot center using a real-time differential correction 
signal from the OmniSTAR satellite (http://www.omnistar.com). The trees were growing in rows and the tree 
spacing was fixed, giving a density of 833 stems per hectare. All trees were recorded in the field for diameter 
at breast height (d) and quality, and every seventh tree on each plot was measured for height (h). Näslund’s 
(1937) h-d curve was fitted by stands and used to predict heights for trees without height measurement. 
Stem volumes were calculated as a function of d and h using a clone and age class specific model 
constructed in-house in Veracel. 

Plot volume (V) was calculated by aggregating from tree to plot level, and dominant height (HD) was 
calculated as the mean height of the 100 thickest trees at breast height per hectare. Stand age (T) was taken 
from the plantation database in which it was registered with the precision of one month. There were 28 
different clones in the 55 stands from which the field data were collected. All trees in a stand belonged to the 
same clone. 

The site index (SI) was predicted using the following form of the Chapman–Richards Equation (e.g., Clutter 
et al. 1983): 

, (1) 

 

where  is the reference age of 7 years, HD is the current dominant height,  is the current 
age, and  (0.3341) and  (1.1442) are known model parameters in Veracel.  

Airborne laser scanning data 

ALS data were collected on August 16, 2008 using an Optech ALTM 3100 laser scanning system. The test 
site was measured from an altitude of approximately 1200 m above ground level using a field of view of 30 
degrees. Pulse repetition frequency was set to 50 000 pulses per second, which resulted a nominal sampling 
density of about 1.5 measurements per square meter. The footprint was about 35 cm at ground level. 

A digital terrain model (DTM) was generated from the ALS data. First, laser points were classified as ground 
and non-ground points using the method reported by Axelsson (2000). Then a raster DTM with a 1-meter 
pixel size was interpolated using ground points and an inverse distance weighting algorithm (Lloyd and 
Atkinson 2002). Finally, the raster DTM was subtracted from the ellipsoidal heights of laser points in order to 
scale the ALS data to the above-ground level (AGL). 
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2. Methods 

2.1 Explanatory variables 

The laser scanner used captures a maximum of four range measurements for each submitted pulse. These 
echo categories are ‘first of many’, ‘last of many’, ‘only’ and ‘intermediate’. After preliminary tests it was 
decided that only the echo categories ‘first of many’, and ‘only’ would be used in this study, since the 
exclusion of ‘last of many’ and ‘intermediate’ echoes did not significantly decrease the accuracy of the SI and 
V estimates. This set contains all of the first – or surface – echoes since an ‘only’ echo may also be 
considered as a first echo. 

Numerous height and density metrics were calculated from the combined set of ‘first of many’ and ‘only’ 
echoes. The principle of the area based method was used here. The first step was to calculate height 
distributions for each sample plot using the heights of the AGL data. All the laser hits were considered, also 
those lying on the ground. Height quantiles for 5, 10, 20,…, 80, 90, 95% (h5,…, h95) were computed, and 
the corresponding densities (p5,…, p95) were calculated for the respective quantiles. Height quantiles were 
calculated by summing the heights at AGL. For instance, the metric h50 is the height at which 50% of the 
cumulative height has accumulated and p50 is the number of laser hits below h50 divided by all the laser hits 
on the plot. In addition, the mean (hmean) and standard deviation (hstd) of heights at AGL were calculated 
by plots. These metrics form a set of candidate explanatory variables used for modeling SI and V. 

2.2 Modeling of site index and plot volume 

The same form of the Chapman-Richards Equation which is used to predict the SI in this plantation is used 
as the starting point in the modeling of SI (see Eq. 1). However, instead of modeling the HD separately and 
inserting the resulting predictions into Eq. 1, the SI was modeled directly. This was done by replacing the HD 
of Eq. 1 with a linear dominant height model that uses ALS based explanatory variables, and fitting the 
equation as a nonlinear model into the modeling data. We also incorporated nested random effects into the 
model to account for the effects of the hierarchical data (sample plot within stand within clone) on the model 
residuals. To begin with, however, the form of the HD model was chosen by using linear regression. At this 
stage, both manual insertion and deletion of explanatory variables and a stepwise selection based on the 
Akaike information criterion were used. 

Preliminary analyses for the model of V showed a linear relationship between ln(V) and the predictors. That 
is why a nonlinear model of the exponential form was used to model the total volume. This led to a model 
that has the observed linear relationship and is unbiased for V. This model was also fitted as a mixed effects 
model to account for data hierarchy.  

The nonlinear mixed effect models were fitted by using the nlme routine (Lindstrom and Bates 1990, Pinheiro 
and Bates 2000) in the R environment (R Development Core Team 2009) by using the method of maximum 
likelihood. 

2.3 Accuracy assessment  

Accuracy assessment was carried out at three different levels: for the fixed part of the mixed effect model, by 
using the predicted clone effect, and by using the predicted stand and clone effects. The accuracy of 
estimates was evaluated in terms of relative root mean squared error and bias at the plot level: 

  (2) 

 BIAS‐% =   (3) 

where n is the number of plots, is the observed value for plot i,  is the predicted value for plot I, and 
 is the observed mean of the variable in question. 
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3. Results 

Nonlinear mixed effect models 

The model for the SI is as follows: 

 

 (4) 

 

where SIcki is the SI for clone c, stand k, and plot i; bc is a random clone effect; bck is a random stand effect 
(stands are nested within clones); and εcki is the residual for clone c, stand k, and plot i.  and  are the 
known parameters of the SI model (the same as in Eq. 1). The random effects and residuals are assumed to 
be normally distributed with mean zero and constant variance.  

The model for the plot volume is as follows: 

 

 (5) 

 

where Vcki is V for clone c, stand k, and plot I; bc is a random clone effect; bck is a random stand effect 
(stands are nested within clones); and εcki is the residual for clone c, stand k, and plot i. The random effects 
and residuals are assumed to be normally distributed with mean zero and constant variance. Preliminary 
analyses showed increasing residual variance with respect to the prediction, so the residual was assumed to 
be normally distributed with mean zero and variance var(εcki)=σ2h502δ , where σ and δ are the parameters of 
the variance function. The parameter estimates for both models are listed in Table 1. 

Table 1. Parameter estimates for the fixed independent variables and estimated variances for the random 
effects at the clone, forest stand, and plot level. 

Equation 4  Equation 5 

Coefficient  Estimate  SE  Coefficient  Estimate  SE 

 0.0977596 0.0028945  
 11.415382  2.298940 

 -0.0034367 0.0001932  
 0.142945  0.077417 

 0.0000432 0.0000031  
 1.460686  0.095138 

 -0.0008237 0.0003894  
 -1.133237  0.236214 

Random parameters   Random parameters  

 Var(bc)  0.4782312    Var(bc)  0.0642352  

 Var(bck)  0.7266142    Var(bck)  0.0655422  

 Var(εcki) 0.6596122    Var(εcki)  0.0153192h504.236 
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Accuracies 

The accuracy and bias of the estimates of SI and V are presented in Table 2. Level denotes the level of 
grouping used for obtaining the predictions. Level ‘Fixed’ means that only the fixed part of the model (Eq. 4 
or 5) is used, level ‘Clone’ means that the predicted clone effect is used in prediction, and ‘Stand’ means that 
also the predicted random effect for the stand within clone is used in the prediction. 

The estimates of V were already rather accurate without random effects (Table 2), however, the inclusion of 
random clone effects improved the accuracy from 11.82 to 8.22, and the further inclusion of random stand 
effects decreased the RMSE-% to 4.90. There was some bias in the estimates of V when only the fixed part 
of the model was used, without random components.  

The accuracy of estimation of SI was 3.18% when only the fixed part of the model was used in the prediction. 
The inclusion of random effects improved the accuracy notably but not quite as much as in the case of V. 
The SI estimates were virtually unbiased at all levels. 

 

Table 2. The RMSE and bias of the estimates of site index (SI) and volume (V) at different levels of grouping. 

 SI  V 

Level RMSE-% BIAS-%  RMSE-% BIAS-% 

Fixed 3.18 0.41  11.82 2.20 

Clone 2.66 0.10  8.22 0.41 

Stand 1.68 0.02  4.90 -0.07 

4. Discussion 
Precision forestry applied to plantations differs in many ways from the forestry practiced in semi-natural 
environments. ALS based forest inventory and assessment has a lot of potential in pulpwood plantations 
when the unique features of plantation forestry are taken into account. 

In this study, SI was modeled directly in one stage. Another option is a two-stage approach, where the HD is 
first modeled and then the resulting prediction is used in the known SI curve. Direct modeling approach is 
justified since the only use of the predicted HD is the prediction of SI. In addition, the model was fitted in a 
nonlinear form, where the SI was treated as the independent variable as such, without transformations. 
These two methodological choices led to unbiased prediction of SI, which could not have been guaranteed 
by using the two-stage method and/or a linearized form of the applied HD model. Also, the applied nonlinear 
model for plot volume led to unbiased prediction of volume. With the selected model form, the non-
homogeneous variance was satisfactorily homogenized by a variance function of the power form. 

Using the clone and stand effects in prediction improved the accuracy of the prediction considerably. This 
improvement resulted from using all the plot-specific observations of the response (V or SI) for the stand or 
clone under consideration in prediction. For clones that do not have measurements available, this level of 
accuracy is not possible, because the prediction can be done only at the ‘Fixed’ level. For clones with 
measurements from different stands, the prediction can be done at the ‘Clone’ level. Prediction at the ‘Stand’ 
level can be done only if sample plot measurements from that particular stand are available. The practical 
use of the model arises from the possibility to use the clone effect in prediction for stands with no measured 
sample plots. In those cases, the prediction could be close to the reported accuracy at the clone level. 

The drawback of using predictors based on ALS data is that the models are local. The properties of point 
cloud produced by ALS is dependent on the scanning configuration, e.g., what is the pulse repetition 
frequency or flying altitude; also, the responses of different sensors differ (Naesset 2009). Therefore, such 
models as presented here must be made by plantations but in practical terms this is not a major restriction. If 
several sensors or different scanning configurations are used to collect ALS data from a plantation, the 
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sensor effect may be taken into account as a random effect in a similar manner as were the clone and stand 
considered here. However, this definitely decreases the accuracy. 

The clone level explained a considerable amount of the between-stand variation for both models, and 
including the clone effect in the prediction improves the accuracy considerably. This observation leads to 
suggesting the placing of sample plots over the whole inventory area so that some measurements are 
available for all the clones. Then the prediction could be carried on a grid to the whole plantation at the clone 
level. Final inventory results may be obtained by aggregation to stand level, or cell level results may be used 
as such. For instance, SI estimated in a wall-to-wall manner provides new possibities to carry out precision 
forestry. 
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Abstract 

Under some simplifying assumptions, observations collected by airborne laser scanners can be regarded as 
observed heights of the canopy surface of the stand. The canopy surface is a surface generated by 
individual tree crowns. Assuming that individual tree crowns have a solid surface at the top side, and that the 
stand is viewed directly from above, the height of canopy surface at a given point is defined as the maximum 
over the tree-specific surfaces at that point. Our earlier studies have shown how the probability of having the 
canopy surface above a given height depends on (i) the stand density, (ii) the distribution of tree heights, (iii) 
the shape of individual tree crowns, and (iv) the spatial pattern of tree locations (either random or strictly 
regular). Based on this result, we have proposed a method based on maximum likelihood for estimating the 
stand density and height distribution using the observations on the canopy surface. This paper applies the 
model to the situation of the area-based approach, estimating the mean and dominant height of eucalyptus 
plantations (E. urograndis in Bahia state, Brazil) with known stand density and rectangular pattern of tree 
locations. First, a set of 18 training sample plots with known tree heights are used to estimate the parameters 
specifying the shape of individual tree crowns. These estimates are then used to estimate the distribution of 
tree heights for another set of 18 evaluation sample plots. The results indicated poorer performance when 
compared to the widely used empirical area-based approach. The reason was most likely an unrealistic 
model for individual tree shape. Possible improvements will be studied in the future. 

 

1. Introduction 
The area-based approach to the forest inventory using airborne laser scanning (ALS) is rapidly developing to 
an operational tool for forest inventory (e.g. Naesset et al 2004). The idea of the approach is to combine 
information measured on ground sample plots with wall-to-wall information collected by low-pulse density 
(about one pulse per m2) discrete return airborne laser scanners. A regression approach, either parametric 
or non-parametric, is used in generalizing the relationship of ALS data and ground measurements from 
sample plot locations to other locations. The predictors of the regression model are different characteristics 
of the laser hits, such as quantiles of the laser data, or proportion of laser hits below a given threshold height. 
We call this approach as the empirical area-based approach in contrast to the model-based approach 
proposed in this paper 

 

The ALS data collection procedure provides data that includes direct measurements of the canopy surface. 
This is the main difference to other remote sensing methods, such as to the use of satellite images and aerial 
photographs, and explains the good performance of the method. However, the relationship between the 
laser data and tree characteristics is not very well known, and selection of the predictors to the models of the 
empirical area-based approach is based mostly on intuition and empirical findings, not on well-established 
theory on how laser observations are generated by individual tree crowns. 
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From a theoretical point of view, there are two main factors that have an effect into the ALS observations: (i) 
the vertical profile of the forest canopy, and (ii) the physical properties of the laser measurements. A good 
theoretical model would integrate both of these into a single model. A starting point for such a model was 
proposed in Mehtätalo and Nyblom (2009). Their model expressed the vertical profile of laser observations 
for a stand as a function of stand density, and the parameters of the height distribution of trees and the 
shape of individual tree crowns. The model was used to estimate the stand density and tree height 
distribution in simulated forest stands. However, the model included several simplifications, such as the 
assumption of random tree locations within the stand. Mehtätalo and Nyblom (2010) developed the model 
into a systematic, square grid spatial pattern, and evaluated the model both using simulated data and by 
using pre-processed empirical data. However, both above-mentioned studies assumed that the canopy 
surface is solid, the shape of a single tree as a function of tree height is known in advance, and the laser 
pulses are taken directly from above at an infinitesimal point. In general, the model satisfactorily considered 
the process that generates the vertical profile of the forest canopy, but did not tackle the physical properties 
of the laser measurements. 

 

The aim of this study was to apply the model of Mehtätalo and Nyblom (2010) into the situation of the area-
based forest inventory, and to test it with empirical data. The idea is to first estimate the parameters 
specifying individual tree crowns using laser data from plots with known tree heights. The information on the 
crown shape is then used with another set of plots to estimate the distribution of heights. The stand density 
was not estimated, because the rectangular pattern of tree locations was known in advance. 

Material 

The study material includes sample plots from the pulpwood plantation growing eucalyptus in Bahia state, 
Brazil. On each sample plot, all trees were callipered for diameter (d). Every seventh tree was measured for 
height (h). Näslund’s h-d curve was fitted by stands and used to predict heights for trees without height 
measurement. Predicted heights from this model are hereafter regarded as the true heights, and the 
prediction error in them is ignored. 

 

ALS data were collected on August 16, 2008 using an Optech ALTM 3100 laser scanning system. The flight 
altitude was 1200 m above ground level using a field of view of 30 degrees. The pulse density at the ground 
was about 1.5 measurements per square meter and the footprint diameter was about 35 cm. However, to 
reduce the computational burden, we used only every 6th pulse of the original data. After this, we had on 
average 122 pulses for each of the 530 m2 sample plot (0.23 pulses per m2). The observations below 5 
meters were taken as ground hits and treated as zeroes in the analysis. 

 

The plots of this study are a subsample of the original data described in Packalen et al (2010). A total of 18 
pairs of sample plots were selected systematically according to the canopy height properties so that they 
would represent the whole range of mean canopy heights in the plantation. The plots of each pair were then 
randomly assigned to the training and evaluation datasets. The same set of sample plots was used in 
Vauhkonen et al. (2010). 

 

2. Methods 

2.1. The model for canopy height 

Let Z(v) be the height of canopy surface at a fixed point v, i,.e., the vertical distance between the ground 
level and the canopy surface. The canopy surface at a given point can be thought as the maximum over the 
tree-specific surfaces at that point.  

Mehtätalo and Nyblom (2009, 2010) showed that the probability of having Z(v) below the height z above 
ground is the probability that none of the neighbor tree crowns at height z extends to point v, 
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,   (1) 

where  

ࣨ is the set of neighboring trees of point v (see below) 

F(h| ) is the cumulative distribution function of tree height (e.g., the Weibull cdf), 

w(z,r| ) is a function that gives the total height for a tree that has crown radius r at height z above ground, 

 is the distance between the fixed point v and the location ui of tree i 

θ includes the parameters of the height distribution and  

ξ includes the parameter that specify the shape of individual tree crown as the function of tree height 

 

Equation (1) assumes independent and identically distributed tree heights within the stand. Furthermore, it 
assumes that tree crowns are solid so that the observations of Z(v) do not penetrate into tree canopies. The 
horizontal cross section of a tree crown is assumed to be circular or at least the orientation is assumed to be 
uniform between 0 and 360 degrees so that trees are circular on average. The set of neighboring trees ࣨ 
includes the trees that are located so close to the point v that their crowns (practically) have a nonzero 
probability to extend to the point v. In this study, we used a neighborhood of 16 trees (4 trees from 4 rows). 

 

When laser observations are used, no information on the tree locations ui with respect to v is available. 
However, it is natural to assume that the observations are placed uniformly over the stand area. Then it is 
justified to estimate  as the mean of  over the stand area. However, if trees are 

planted into rows with distance l between rows, and having distance m between trees of a row, then the 
stand consists of N cells of size m by l, which all have equal mean of  (we forget the cells that 

are at the stand edge). Then it is enough to take the mean of  over only one cell. This mean is 

the integral of the right hand side of the equation 1 over the cell, divided by the cell area 
 

.  (2) 

 

By the definition of the cumulative distribution function (cdf, Casella and Berger 2001), this is the cdf of the 
laser observations, if the observations are taken at infinitesimal points directly from above and the other 
previously specified assumptions on the stand structure are met. Function (2) depends on two parameters: , 

which specifies the distribution function of the tree heights, and θ, which specifies the shape of an individual 
tree crown. In contrast to Mehtätalo and Nyblom (2010) the stand density is assumed to be known. If it were 
unknown, then the cell area, the bounds of the integral, and tree locations ui would be functions of stand 
density. 

 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 395 

2.2 Estimation 

The probability density function (pdf) of the non-zero laser observations is obtained by differentiating (2) with 
respect to z as  

 for z>0.     (3) 

In addition, the probability to have canopy height of zero is . 

 

Assuming that the laser observations are an i.i.d. sample from the distribution specified by (2), the log 
likelihood is the sum of logarithmic densities over the observations. In addition, the likelihood has a term for 
the ground hits (see Mehtätalo and Nyblom 2009, 2010), 

 

,  (4) 

,where M0 is the number of hits ground hits. The assumption of independence is likely violated because there 
are several observations per tree in the dataset. Nevertheless, we keep calling  the likelihood. 

Estimation of parameter  or  is based on maximizing the likelihood  with respect to the parameter of 
interest. The variance-covariance matrix of the estimation errors can be approximated by the inverse of the 
negative Hessian matrix at the solution (e.g. Casella and Berger, 2002). However, the variances are 
expected to be underestimates due to the lack of independence among the observations (Mehtätalo and 
Nyblom 2009). 

2.3 The assumed functions for crown shape and height distribution 

The height distribution of trees was assumed to be of the Weibull form 

 

,     (5) 

where .  

The height of a tree that has radius r at height z above ground was assumed to be of the form 

 

   (6) 

where 

 and , a,b>0, x0<1, y0≤0. 

This function is based on assuming the crown shape of a tree of height H to be an ellipsoid that is centered 
at (x0H, y0H) and has the half axes aH and bH (see Figure 1); this function has been found to fit well to old-
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growth Norway spruce and Scots pine trees in Finland (unpublished). However, requiring that the ellipsoid 
passes through the tree top gives a condition, which was used to eliminate parameter a. The function w 
above results from solving this equation of ellipse for tree height H. The function w has three parameters: the 
relative height of the maximum radius (x0), the relative maximum width of the crown (y0+b) and a parameter 
controlling the shape of the crown (b). 

To be specific, the ellipsoid shape is assumed only for the part above the maximum crown width. Below that 
height the crown is assumed to be cylinder with the diameter equal to the maximum crown width. This 
assumption is realistic because this is how a solid crown looks like when seen from above. 

(x0H, y0H)

bH

aH

H(0,0)

 
Figure 1. Graphical representation of the applied function of crown shape. The shaded object demonstrates 

a fallen tree of height H. 

 

2.4 The estimation procedure 

The estimation procedure had the following five steps. 
1. The Weibull distribution was fitted to the known heights to get the estimate  for each of the 18 training 

plots. 
 

2. The estimates of  from step 1 were used in the likelihood (3), which was maximized with respect to the 

crown shape parameter vector . This resulted in estimates of vector  for each training 

plot. 
 

3. The plot-specific estimates of the crown shape parameters were explored with respect to the mean 
height of the canopy hits, and a regression was fitted to explain the observed trend. 

 

 
4. The fitted regressions were applied to the plots of the evaluation data to predict the parameters . 

 
5. The predictions of  from step 4 were used in the likelihood (3), which was maximized with respect to 

the Weibull parameters . This resulted in an estimated height distribution for each plot of the 

evaluation data. 
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In a pairwise fitting approach, the steps 3 and 4 above were omitted. Instead, the estimated crown shape of 
the pair of the plot under consideration was used in step 5. 

For comparison, also the empirical area-based method was implemented for the dataset. In that 
implementation, the model of Packalen et al (2010) was fitted for both the dominant and mean heights in the 
training dataset of this study. 
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Figure 2. Examples of the fit into the modeling data on two plots. The upper graphs show the true tree 

heights (histogram), and the fitted Weibull density (line). The middle graphs show observed distribution of Z 
(histogram), and the fitted density  (line) and  (point) of step 2 of the estimation procedure. 
The lowest graphs demonstrate the estimated crown profiles for trees with heights at the 0.01th , 0.1st ,0.2nd , 

…, 0.9th , and 0.99th quantiles of the fitted Weibull height distribution. 

 

2.5. Evaluating the methods 

To evaluate the estimated height distributions, estimated and true mean and dominant heights (mean height 
of 100 tallest trees per ha) were computed for the evaluation plots. The true values were based on the true 
trees of the plot. 

 

The estimated values for the model-based approach were based on numerical evaluation of the expected 
value of the height distribution of all and dominant trees. 95 % confidence intervals for these estimates were 
computed by using a Monte Carlo approach. In that approach, the approximate asymptotic estimation errors 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 398 

of the plot-specific Weibull parameter estimates were used to generate 1000 realizations of the Weibull 
parameters for each evaluation plot. The mean and dominant heights were numerically evaluated for each 
realization. The interval between the 25th smallest and 25th largest values of the 1000 H and Hdom values was 
then taken as the 95% confidence limit for the plot. 

The predictions of the empirical area-based approach were obtained by direct application of the fitted 
regression models into the evaluation data. Confidence intervals could not be computed for this approach. 
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Figure 3. Demonstration for the modeling of individual tree crown shape. Graph (a) shows the estimated 

crown profiles for a tree of a typical height on each plot of the training dataset. Graphs (b) and (d) show the 
estimated values for the parameters of a crown shape as a function of average nonzero z- values of the plot, 

and trendlines fitted to these data. Graph (c) demonstrates the predicted crown profiles when average 
nonzero z- value varies from 15 to 40 meters.  

3. Results 
Figure 2 shows examples of the fitted Weibull diameter distribution on two sample plots of the training 
dataset. The Weibull function fits quite well to the tree heights, but the resulting fit of function (3) is not that 
good. The bottom graphs show that the estimated crown shape may be very different on different plots. This 
can be seen also in Figure 3(a). Figures 3(b) and 3(d) show that the relative crown width and length are 
smaller on plots of tall trees than on plots of short trees. Regression models explaining these trends are 
shown in Figures 3(b) and 3(d). Predictions of these models in Figure 3 (c) show that the absolute shape of 
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tree crowns does not much vary among plots of different mean canopy height, but the crown is at a higher 
level on plots of larger trees.  
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Figure 4. The estimated mean and dominant height of the validation plots on the values based on ground 
measurements and their confidence intervals. The predictions are based on the model-based method with 

predicted crown shape (black solid), the model-based method with crown shape of the corresponding pair of 
the training dataset (red open), and on the empirical area-based approach (blue cross).  

Figure 4 shows the estimated mean heights (top) and dominant heights (bottom) for the evaluation plots 
using the three alternative methods. The RMSE of mean height was 1.33 m for the model based regression 
approach, and 1.29 m for the model-based pairwise approach. These values were clearly higher than the 
RMSE of the empirical area-based approach. Similar, but even stronger differences were observed in the 
case of dominant height. The mean and dominant heights were underestimated for plots of small trees. For 
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the plots of large trees, no noticeable bias can be observed for the mean height, but the dominant height was 
overestimated. The dominant height had quite strong positive bias. 

Figure 5 shows examples of the fits from steps 4 and 5 for typical plots of small (left), medium sized (middle) 
and large trees (right). Function (3) does not fit very well to any of the plots. Especially, the fitted proportion 
of ground hits is much higher than the observed value. The estimated distribution of tree heights seems, 
however, good for the plot of middle-sized trees. For the plot of large trees, the height distribution has a 
heavy right tail. For the plot of small trees, the maximum predicted height is equal to the minimum of the 
measured heights, because all laser observations on this plot (middle left graph) were below the minimum 
measured tree height (bottom left graph). These observations largely explain our earlier notes on Figure 4. 
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Figure 5. Example fits of step 5 of the estimation procedure for typical stands having small (left), middle-

sized (middle), and large (right) trees. The upper graph shows the predicted crown shape for different tree 
heights, the middle graphs laser observations (histogram) and the fitted density  (line) and 

 (point), and the bottom graphs true tree heights (histogram) and the estimated Weibull height 
distribution (line). 

4. Discussion 
This paper developed and evaluated a new, model-based approach for the ALS forest inventory. The 
approach is based on a model that expresses the distribution of canopy height for a given stand density, 
height distribution, spatial pattern of tree locations, and individual tree crown shape. Detailed description of 
the model can be found in Mehtätalo and Nyblom (2009, 2010). In this study, the model was generalized for 
a rectangular spatial pattern. A special feature of the applied situation was that the stand density was known 
in advance. In addition, this was the first trial to use the model to estimate the parameters of individual tree 
crown shape. 

The results were not as good as one could have expected. We believe that the main reason is an unrealistic 
assumed model for the individual tree crown. Especially, we assumed that the tree crown has a solid top 
surface. However, the laser return seems practically always to return from the inner parts of the crown, 
because the returning energy needs to exceed some limit before it is interpreted as a return (Gatziolis et al 
2010). This is most likely the reason for the observed discrepancy between the true tree heights and laser 
observations in the left graph of figure 5. This effect should be included in our model, for example, by 
introducing an additional parameter for the penetration into the model individual tree crown.  

Another problem was the assumption of similar relative shape among the trees. This assumption was found 
unrealistic. We relaxed this assumption by allowing different relative shape for different plots. However, a 
better approach could be a model that allows variation in relative shape also within a plot. In addition, 
alternative functions could be tested for the crown shape (e.g., Rautiainen et al, 2007). 
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The proposed method is theoretically justified because the parameters have interpretations arising from the 
stand structure and tree crown properties. In addition, the applied method of maximum likelihood has a 
strong theoretical basis, providing justified means to construct confidence intervals for the estimates, and to 
make likelihood-based tests between different models. However, these intervals may be too narrow because 
of the lack of independence among observations. In addition, they are valid only if the assumed model is 
correct. In this study, this was evidently not true, leading to too narrow confidence intervals for the mean and 
dominant heights.  

The definition of the distribution function (Eq. 2) includes an integral over a two-dimensional plane. This 
function is differentiated with respect to z and the derivative evaluated repeatedly at each observation to get 
the likelihood. For asymptotic inference, the likelihood needs still to be differentiated twice with respect to the 
parameters. This computational burden currently restricts the applicability of the method. This is also the 
main reason for that we did not search for the best possible models for tree canopies in this study. Instead, 
we just went through the chain of computations to demonstrate how this estimation could be done. 
Comparison and evaluation of the model with different assumed models is left to the future. In addition, 
possible approximations are searched for to decrease the computational requirements of the method. 
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Abstract 

The first operational LiDAR based site quality survey of radiata pine plantations was conducted in South 
Australia in 2009. All nine and ten year old plantations, 28 sites in all, covering 9,365 hectare scattered 
across an area of 10,000 km2, were assessed. Area-based methods were applied and field data were 
collected to calibrate new prediction models for stand volume (i.e. the criterion of site quality). Decisions with 
regard to the field sampling design were to some extent guided by prior research, but were conservative so 
as to ensure robustness of the results. This study evaluated two key aspects of the sampling design – 
sampling intensity and sample selection method. It also posed the question whether the decision not to re-
use pre-existing data and models was justified in light of the survey results. Firstly the precision of prediction 
models fitted to three independent datasets of different size were compared. Secondly a simulation 
experiment was conducted to test the sensitivity of model precision to a range of sample sizes and sample 
selection methods (random, stratified random and systematic sampling). This experiment was run with and 
without inclusion of pre-existing data. Results indicated that the sampling intensity applied in the survey 
could have been significantly reduced without significant loss of model accuracy. Models were only sensitive 
to the sample selection method when samples were small. The new prediction models proved to be 
significantly different from any pre-existing models. However, simulation results suggested that when new 
data are scarce multi-campaign models calibrated using new and pre-existing data may offer increased 
prediction accuracy. Given the high cost of field data collection these findings have practical importance for 
future surveys.  

Keywords: site quality, radiata pine, LiDAR, model calibration, sampling design 

 

1. Introduction 
For the past sixty years site quality information has underpinned many aspects of South Australian radiata 
pine plantation management including yield regulation (growth modelling and inventory), silviculture (thinning 
and fertiliser regimes) and monitoring of long-term land use sustainability (Lewis et al., 1976, O'Hehir and 
Nambiar, 2010).  

The South Australian site quality system applies total volume production to a small-end underbark diameter 
of 10 cm at reference age (9 or 10 years) as the criterion of site productivity. Site quality assessment is in 
essence a process of mapping the spatial variation of stand volume within forest compartments. Trials 
commenced in 2002 demonstrated the feasibility of LiDAR based site quality assessment (Rombouts, 2006, 
Rombouts et al., 2008, Rombouts et al., 2010). In late 2007 two South Australian radiata pine growers 
ForestrySA (FSA) and Green Triangle Forest Products (GTFP) decided to adopt LiDAR based site quality 
assessment operationally and scheduled a first LiDAR site quality survey for 2009. 

The trials conducted up to that point had demonstrated the effectiveness of area-based methods for site 
quality assessment. Good results had been obtained using LiDAR data of low density (0.3 pulses m-2) 
captured at relatively high flying altitude (2800 m). These findings were instrumental in selecting operational 
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LiDAR data capture parameters for the survey. The trials also showed that LiDAR prediction models were 
sensitive to “campaign” effects, where the factor campaign referred to the complex of LiDAR data capture 
parameters, LiDAR instruments, service providers, as well as transient environmental factors (weather). This 
prompted the decision to ignore any pre-existing models and to collect the necessary field data for calibration 
of new models.  

The objective of field data collection was to provide adequate data to enable fitting of model(s) 
representative of the true relationships between LiDAR and forest variables across the survey area. Several 
studies had evaluated the effect of field sample size on the accuracy of predictions (Juntilla et al., 2008, 
Gobakken and Næsset, 2008, Maltamo et al., 2009) but the results of studies in mixed boreal forest could 
not be directly applied to even-aged radiata pine plantations. Earlier trials had produced some evidence 
(albeit inconclusive) that LiDAR prediction models were site specific. To err on the side of caution it was 
decided that each site had to be represented in the sample. It was conservatively estimated that 6-10 field 
plots per site would yield sufficient data to fit robust site specific models. Inspired by (Schreuder et al., 1990) 
it was also decided to apply a stratified random sampling approach, whereby stratification was based on the 
distribution of the LiDAR predictor variable across the site.  

The aim of this paper was to review these key sampling design decisions in light of the survey outcomes. 
The focus thereby was on the properties of the LiDAR stand volume prediction models calibrated using the 
new LiDAR and field data. Were the prediction models sensitive to sample size and/or sample selection 
method? Was site variability indeed significant? Could any productive use have been made of pre-existing 
data? 

2. Methods 

2.1 Sites 

Figure 1 shows the geographic 
distribution of the 1999, 2000 and 
2001 plantations included in the 
survey. Sampling of the 2001 
plantations was deliberately deferred 
by one year so that measurement 
could take place at reference age 
nine. The evaluation in this paper 
therefore only pertains to the 1999-
2000 plantations (20 FSA sites and 8 
GTFP sites). The sites cover a wide 
range of growth conditions (rainfall 
and soil type) present in the so-called 
Green Triangle of SE South Australia 
and SW Victoria. Figure 1 also shows 
the nine trial sites established in 
2002, 2006 and 2007. See Rombouts 
et al. (2010) for more specifics. 

 

Figure 8: Operational and trial sites. Dotted lines represent 
flightpaths (operational survey only). 

2.2 LiDAR data 

Table 1 shows LiDAR system and data capture parameters of operational and trial campaigns. Figure 1 
shows flight paths (operational survey only). Campaigns 2007LD and 2007HD covered the same five sites 
but were flown at different altitude. The LiDAR data sets were used as provided by the supplier, including the 
classification of LiDAR returns into ground or non-ground points using TerraScan and proprietary systems. 
The ground points provided the basis for the construction of a Digital Terrain Model (DTM) using an ESRI 
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ArcGIS™ implementation of Delaunay triangulation. The height of LiDAR points above ground level was 
calculated as the difference between a point’s z value and the z value of its projection on the DTM. 

 

Candidate LiDAR predictor variables were derived from the height distribution of LiDAR returns observed in 
either field plots or grid cells created by overlaying a 25x20 m rectangular grid over the areas under 
assessment. Only first return LiDAR data were used (i.e. the first recorded echo of a pulse). Data located 
outside areas mapped as effective plantation were removed. Computed LiDAR variables were: 

 

• mean height ( h ), mean quadratic height ( qh ), standard deviation of heights (sh), maximum height 

( maxh ), average of the maximum height in each plot quadrant ( 4maxh ) 
• percentile heights of the ordered cumulative height distribution (h0, h10,…,h90), proportion of returns in 

height frequency distribution classes (d0, d10,…, d90).  
• proportion of ground returns (pg), point density as first returns m-2 (nf), scanning angle approximated as 

scanning angle to plot centroid (αscan). 

 

Table 12: LiDAR system details and flight parameters of operational and trial campaigns 

 Operational   Trials    
 2009  2002 2006 2007 LD 2007HD 
System ALTM Gemini  ALTM 3025 ALS 50 ALTM 3100 ALTM 3100 

Service provider SP1  SP1 SP2 SP1 SP1 
Date 20/12/2008  7/07/2002 9/04/2006 20/08/2007 20/07/2007 
Flying altitude (m asl) 2,500  1,100 1,040 2,800 1,100 
Pulse Frequency Rate 
(Hz) 

50,000  25,000 73,000 33,000 33,000 

Max scanning angle 
(dgrs) 

15.0  15.0 13.5 16.0 12.5 

Beam divergence (mrad) 0.25  0.20 0.22 0.20 0.20 
Footprint diam. (cm)  50  22 23 56 22 
Mean pulse density ( m-2) 
 [range]  

0.4 
[0.2-1.5] 

 0.8 
[0.5-2.1] 

2.7 
[1.2-9.5] 

0.3 
[0.2-0.4] 

2.6 
[2.3-3.2] 

Returns per pulse 1-4   1st/last  1-4  1-4  1-4  

 

2.3 Field data 

Table 2 provides details of field data collected during the operational survey and earlier trials. Operational 
FSA and GTFP field plot locations were selected independently at each site after stratification based on the 
LiDAR predictor variable qh . Stratification involved overlaying a 25x20m grid over the areas; computing qh in 

the 25x20m cells; ranking of cells from lowest to highest qh and subdivision of the ranked set into n groups 
with approximately equal numbers of cells, with n equal to the number of plots to be established at the site. 
One cell was randomly selected from each group, providing the plot locations. Cells located on the plantation 
boundary were rejected because they often had low point counts. The 31 FSA-validation plots were 
randomly selected. The trial plots were purposively selected to cover soil types, age classes and other 
features of interest (see Rombouts et al. (2010)). 
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Table 2: Field data collected during operational survey and trials 

  Operational    Trials  
 FSA FSA-

validation 
GTFP  2002 2006 2007 

nr. plots 142 31 50  28 79 62 
nr. sites 20 20 8  1 3 5 
age 9-10 9-10 9-10  10 7-11 9-10 
V10 - mean 150.9 147.8 130.5  159.2 167.4 140.2 
V10 - range 36.7-

328.1 
47.2-294.2 4.5-301.8  35.2-

242.8 
35.9-
303.3 

34.4-
304.1 

 

All field plots were rectangular (25x20m). Plots were measured either by FSA or GTFP field crews. All tree 
stems were measured for diameter at breast height (1.3m). Plot Predominant Height (PDH) was estimated 
based on the heights of the largest tree in each of the four plot quadrants. Volume to 10 cm underbark small-
end diameter (V10) was predicted using a stand volume equation with plot basal area, stocking and PDH as 
predictor variables. For more detail on plot measurement procedures refer to Rombouts et al. (2010). 

2.4 Comparison of prediction models fitted to data sets of different size 

Earlier work had demonstrated the effectiveness of single variable, linear models, fitted using Ordinary Least 
Squares (OLS) or mixed effect maximum likelihood (ME) regression techniques as predictors of stand 
volume:  

OLS:  ijijqij hV ε+β+β= 10 ,,10       (1) 

 

ME:   ijijqjjij hbbV ε++β++β= 10 ,,1,0,10 )(     (2) 

where   ),0(~ 2
00 σNb i    ),0(~ 2

11 σNb i    ),0(~ 2σε Nij  

with V10,ij and ijqh , volume and mean quadratic height of plot i at site j; β0 and β1 fixed effect parameters to be 
estimated; b0,j and b1,j random effects for site j to be estimated. 

 

Models were fitted to three independent datasets of decreasing size using equations (1) and (2). These data 
sets were: FSA dataset with 142 plots, the GTFP dataset with 50 plots and the FSA-validation dataset with 
31 plots (see Table 2). After confirming that qh was the preferred predictor variable - alternative 
(combinations of) predictor variables were tested - the three models were compared graphically and 
statistically. Each of the three models were applied to each of the three datasets to compare bias and 
RMSEs of predictions. In the case where the model was applied to its own calibration dataset bias and 
RMSE were computed using a leave-one-out cross validation approach. 

2.5 Simulation of alternative sample sizes and sample selection schemes 

A resampling experiment was conducted to simulate the effect on prediction models of alternative sample 
sizes and sample selection schemes. The objectives of this analysis were similar to those of a study by 
Maltamo et al. (2009) which examined different sampling strategies for field data collection in the context of 
airborne laser scanning forest inventory. However, the sample selection schemes, the modelling and 
resampling approach applied were substantially different. 
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The resampling dataset was created by pooling the FSA, GTFP and FSA-validation data sets (223 plots). 
The resampling approach was as follows: 

for each of i iterations  

• randomly draw a validation plot from the data set 
• draw a sample of size n from the remaining data (222 plots) using one of five sample selection methods 

• fit OLS and ME models (equations 1 and 2) to the data 
• calculate prediction error based on validation plot: iiisample VVe ,10,10,

ˆ−=  
  

Five sample selection methods were simulated: 

• simple random sampling (RS) 
• systematic sampling (SS) 
• stratified random sampling, with stratification based on covariate qh  (SRHq) 

• stratified random sampling, with stratification based on site, with each site contributing the same number 
of plots (SRSite) 

• stratified random sampling with stratification based on site, with each site contributing the same number 
of plots but with concentration of the sample in 10 (out of 28) randomly selected sites (SR10Sites)  

The range of sample sizes tested was between 5 and 84 and was constrained by the size of the simulation 
dataset and sample selection scheme.  

Systematic sampling was implemented by: 

• ranking the 222 plots based on the predictor variable qh  

• randomly selecting a “seed” plot 
• selecting every kth plot, starting from the seed plot and working up and down the ranking (with 

k=222/sample size).  

Strata under the SRHq sampling scheme were formed by ranking the 223 plots based on the predictor 
variable qh and creating 5 qh  intervals comprising equal numbers of plots (three strata had 43 plots and the 
other two strata had 44).  

The number of iterations was set at 30,000 after confirming that this ensured stable results for the various 
combinations of sample selection scheme and sample size. Average bias and Root Mean Square Error 
(RMSE) were computed based on the 30,000 observed prediction errors esample,i 

2.6 Augmenting the calibration dataset with pre-existing data 

Earlier work had shown that campaign effects could be effectively accounted for using models with campaign 
dummy variables. Confirmation was sought that this was still the case for the dataset created by merging the 
2002, 2006, 2007LD, 2007HD and 2009 data sets. A model was fitted with following structure (for 
conciseness only the OLS model is shown) : 

 

OLS:  ijijqHDLDij hCCCCV ε+β+β+β+β+β+β= 10 ,20095200742007320062,10 )(  (3) 

 

with V10,ij and ijqh , as defined above; C2006, C2007LD, C2007HD and C2009 campaign dummy variables; β0,…, β5 
fixed effect parameters to be estimated and the residuals εij normally distributed with mean zero. 

A second simulation experiment was conducted to test the merit of adding pre-existing data to the calibration 
dataset while using a model with structure such as equation (3). To this end the method described in section 
2.5 was changed in two ways: (i) to each sample drawn the data of campaigns 2002, 2006 and 2007HD (but 
not 2007LD) were added and (ii) instead of equations (1) and (2), equation (3), or its mixed-effect equivalent, 
were used.  
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3. Results 
OLS and ME models were fitted to three independent data sets of decreasing size. The preferred predictor 
variable was confirmed to be qh . Additional predictor variables or variable transformations did not materially 
improve model fit. Dummy variables analysis and F-tests showed that the slopes and intercepts of the three 
models were not significantly different. 

 

Table 3: Comparing predictive accuracy (bias and RMSE) of three models fitted to three independent data 
sets. The values in italics are based on leave-one-out cross-validation (see 2.4). 

Model 
applied 

  
Data set the model was applied to  

   FSA FSA validation GTFP 
   %bias %RMSE %bias %RMSE %bias %RMSE
FSA OLS 0.0 10.9 -1.3 11.2 0.4 13.5 
(n=142) ME 0.1 10.7 0.0 10.1 -1.7 13.5 
FSA 
validation OLS 1.2 10.9 0.0 11.6 2.7 14.3 
(n=31) ME 1.5 11.0 0.4 12.2 3.1 14.6 
GTFP OLS 0.3 10.8 -1.0 11.6 0.1 14.3 
(n=50) ME 0.3 10.8 -1.0 11.6 0.2 14.9 

 

Table 3 displays bias and RMSE of predictions calculated when models were applied to each of the three 
datasets. Models calibrated using smaller plot samples did not consistently produce poorer predictions. 
Taking the FSA dataset as the most significant example: the RMSEs recorded for the FSA, FSA-validation 
and GTFP models were 10.9%, 10.9% and 10.8% respectively. Bias typically increased as models were 
applied outside their calibration dataset, but not to unacceptable levels. Mixed effect models were not 
consistently more accurate indicating that site effects were weak or non-existent. 

 

Figure 2 shows the result of the first 
simulation experiment using OLS models. 
RMSE was expressed as a percentage of 
average plot volume (145.9 m3 ha-1). For 
sample sizes above 30-40 the %RMSE was 
hardly influenced by the sample selection 
method. For sample sizes below 10 random 
sampling stood out as the least effective 
sampling method. Reducing the sample size 
from 222 to 30 plots changed the %RMSE 
from 11.5 to 12%. 

Figure 9: relative RMSE of stand volume prediction 
as function of sample size and selection method. Each data 
point represents the average of 30,000 iterations. Applied 

model: equation (1). The dotted line indicates the RMSE for 
full sample size=222 (i.e. equivalent to leave-one-out cross 

validation). 

 

Bias ranged between -0.1 and 0.5% and seemed uncorrelated with sample size and selection scheme. Even 
the highest value was of no material concern for practical application. Results for mixed-effect models were 
mostly consistent with OLS models but RMSE were comparatively higher for smallest sample sizes. For 
conciseness these results were not shown. 
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Figure 3 shows equation (3) fitted to the pooled dataset (operational + trial data). Each campaign dummy 
variable was significantly different from zero and from every other dummy variable. The difference between 
the parameters for C2009 and C2007LD was nearly 10 times the parameter standard error notwithstanding the 
similarity of the 2009 and 2007LD LiDAR data point density and flying height (see Table 1). The difference 
was even greater than between the C2009 and C2007HD parameters. This strongly suggested that flying height 
and point density differences were not the main causes of the observed campaign effects. Interestingly the 
dummy variables increased in value each successive campaign.  
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V10 = 20.81 + (1.129 + 0.064 C2006 + 0.169 C2007LD+ 0.258 C2007HD + 0.535 C2009) hq
         (1.92)     (0.027)  (0.026)            (0.031)              (0.030)                (0.028)
R2 = 0.92

 
Figure 10: Model with campaign dummy variables fitted to the complete dataset (= operational + trial data) 

Figure 4 shows the results of the second simulation experiment whereby pre-existing calibration data were 
added to the samples drawn from the 2009 dataset. Consistent with Figure 2, RMSEs were expressed 
relative to the average volume of the 2009 plots. Comparison of Figures 2 and 4 suggests that pooling of 
pre-existing data had little effect when sample sizes were sufficiently large (>40). However as sample size 
dropped below 40 increasingly large gains in precision were observed, most noticeably for random sampling. 
This may be explained by the fact that equation (3) constrains all campaign lines through an intercept 
estimated using both new and pre-existing data. This prevents the very large prediction errors that may occur 
when equation (1) and (2) models are fitted to samples with a very narrow range of the predictor variable 

qh or with high leverage outliers. Such samples have a higher probability of being drawn when sample 
selection is random and when samples are small.  

Bias was not correlated to sample size or selection method and ranged between -0.4 and -1.0%. Mixed-
effect modelling results were marginally better than corresponding OLS results (results were not shown 
because of space constraints). 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 409 

11.0

11.5

12.0

12.5

13.0

13.5

14.0

14.5

15.0

0 50 100 150 200 250
n     (not including 169 pre-existing plots)

%
R

M
SE

RS
SS
SRHq
SRSite
SR10Sites
Cross-validation (n=222+169)

 
Figure 11: relative RMSE of stand volume prediction as function of sample size and selection method. Each 

data point represents the average of 30,000 iterations. 169 pre-existing plots were added to each drawn 
sample. Applied model: equation (3). The dotted line indicates the RMSE for sample size=222. 

4. Discussion 
Importantly the first operational LiDAR based site quality survey did not present major inconsistencies with 
earlier trial work. Simple linear models with a single LiDAR predictor variable ( qh ) produced RMSE in the 
order of 11% of mean stand volume, which was comparable to earlier trial results. The prediction model fitted 
to new LiDAR and field data proved to be very different from earlier prediction models justifying the decision 
to develop new models rather than re-use existing ones. Volume predictions were 8-18% higher for the same 

qh than those of the most similar earlier model (Figure 3). By comparison, in a study by Næsset (2008) 
volume prediction bias reached up to 10.7% when prediction models were applied to LiDAR data captured 
using different sensors and data capture parameters.  

Predictions made using models fitted to three independent datasets with 142, 50 and 31 plots respectively 
were of comparable accuracy and simulation experiments showed that model accuracy gains were very 
modest between sample sizes 30 and 222. It appears therefore that the prescribed numbers of plots (6-10 
per site, 142+50 in total) could be significantly reduced without material loss in model accuracy.  

 

The comparison of OLS and mixed effect model predictions indicated that site effects in models were too 
weak to be of practical significance. The simulation experiments failed to demonstrate that stratified random 
sampling with stratification based on site was superior to other sample selection methods (in particular 
stratified random sampling with stratification based on qh ). Based on these results, the survey prescription to 
represent every site in the sample could be relaxed and travel cost, for example, could in future be taken into 
consideration when selecting sites for data collection. Similarly, calibration data could be pooled across 
regions or forest estates to take advantage of economies of scale. 

 

Stratified random sampling, with stratification based on qh  (SRHq), consistently performed as well or better 
than the other sampling schemes simulated in the experiment. This mirrors the results of the simulation study 
by Maltamo et al. (2009) who found that stratification based on LiDAR variables was most effective for stand 
volume prediction.  

The observed campaign effects are likely to be caused by a complex of interacting factors (LiDAR 
instruments, LiDAR data capture parameters and data processing algorithms, transient environmental effects 
– see Næsset (2008) and Rombouts et al. (2010) for background) but the available data were poorly suited 
for a detailed analysis of the relative contribution of each of those factors to the overall effect.  

The study did confirm however that it was possible to model campaign effects quite effectively using simple 
campaign dummy variables. The second simulation experiment indicated that pooling of pre-existing data 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 410 

and the use of multi-campaign models increased the precision of predictions, but only if the sample of new 
data was small (n<40). It is likely that better techniques could be developed to leverage pre-existing data 
than the dummy variable models used in this study (i.e. Bayesian approaches, mixed-effect models with 
campaign random-effects). This would appear to be a promising area of research. 

5. Conclusion 
The first operational survey confirmed the accuracy and feasibility of LiDAR based site quality assessment. 
The results showed that:  

(1) Sampling intensity applied in the survey could have been significantly reduced without significant loss of 
model accuracy.  

(2) Models were only sensitive to the sample selection method when samples were small.  

(3) New prediction models were significantly different from any pre-existing models justifying the decision to 
develop new models.  

(4) Multi-campaign models calibrated using new and pre-existing data may offer increased prediction 
accuracy, when new data are scarce. 

This detailed review of the field sampling design identified considerable scope for optimisation of sampling 
intensity and sample selection prescriptions. Revised prescriptions will be applied in future surveys.  
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Abstract 

The mountain forests are likely to undergo a pronounced growth in biomass stocks because of increased 
mean temperatures and changed precipitation as a result of a changing climate. The biomass increase is 
both attributed to an upward advance of the current tree line and also an increased growth of the current 
forests. In order to monitor changes in such forests, which often are found in remote areas and are 
structurally diverse, methods based on remote sensing can be more efficient compared to traditional field 
based inventories. Traditional field based methods can be very costly both because of high transportation 
costs to get the field crew on site, but also because of the high number of field plots necessary to capture the 
biomass variations. This study explored the capability of multi-temporal airborne laser scanner data to 
estimate the change of total aboveground tree biomass in the mountain forest. More specifically we used the 
observed difference between first return height percentiles and density variables obtained from airborne laser 
scanner data on two points in time (2005=T1 and 2008=T2) to model the biomass change observed in field 
during the same time period by means of an ordinary least squares model. Our data covered four growth 
seasons and the mean change of biomass during this period was 17.5 t/ha with an initial mean biomass of 
135.1 t/ha. Results showed that the differences between laser height percentiles at T1 and T2 were most 
correlated to the observed biomass change. The model fit as expressed by R2 was 0.87, and the model root 
mean square error was 4.4 t/ha which corresponds to 25 % of the observed change in biomass. 

 

1. Introduction 
Monitoring of changes in forests is important to get relevant data on biomass changes needed for reporting 
on emissions and removals of CO2. Especially for those countries that have ratified the Kyoto protocol, it is of 
importance in order to meet the demands for reporting on land use, land use change and forestry (LULUCF) 
activities (Höhne et al. 2007). These activities are defined as afforestation, reforestation, deforestation, forest 
management, revegetation, crop land management, and grazing land management. 

 

Detecting changes in biomass for large areas for reporting purposes requires efficient inventory systems that 
can be both accurate and give data for sufficiently short time intervals. There are several possible methods 
that can be applied that can be categorized as either field based inventories or remote sensing. Field based 
inventories are most often based on field plot sample surveys with systematic or random design for the area 
in question. Remote sensing is performed from air- or spaceborne platforms and may be combined with 
ground observations for calibration.  

Remote sensing techniques have the advantage compared to strictly field based methods, that they cover 
large areas with use of relatively little time resources. The accuracy and efficiency will of course vary 
between methods. Another advantage of remote sensing techniques is that they can be repeated with short 
time intervals. For a country for example, it can take several years to complete a full field based inventory, 
whereas an air- or spaceborne sensor can collect data from the same area in much less time. Moreover, the 
percent of the area sampled with remote sensing techniques is often significantly larger than for field based 
methods. Furthermore, for certain areas with limited access, field based methods can be very costly because 
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of the extra resources needed for transportation of field crews. In mountain areas far from developed 
infrastructure for example, the use of remote sensing is highly relevant. In such areas, traditional forest 
inventories have also been limited because these areas comprise little merchantable timber and they have 
been of marginal interest from an economical point of view. From a carbon reporting perspective, however, 
these areas are very interesting because it is in this region the most pronounced changes due to climate 
change are likely to take place (Kupfer and Cairns 1996, Holtmeier and Broll 2005). 

 

Currently, airborne laser scanning (ALS) is one of the most efficient remote sensing techniques to produce 
precise estimates of biophysical properties of trees and forests (e.g. Næsset 2007, Næsset and Nelson 
2007). During the last decade, a few studies have explored if ALS also can be utilized for detection of 
change in forests (Yu et al. 2003, 2004, 2005, 2006, 2008, St-Onge and Vepakomma 2004, Gobakken and 
Næsset 2004, Næsset and Gobakken 2005, Solberg et al. 2006, Hopkinson et al. 2008). All these studies 
report good results regarding the capability of multi-temporal ALS datasets to be utilized for change detection 
and estimation of properties such as tree height, timber volume and biomass in forests.  

Since few studies of biomass change have been carried out in mountain forests, we wanted to test if multi-
temporal ALS data sets could be utilized to estimate changes also in this type of forest, which is 
characterized with fairly low growth rates. We used data from a growth period of four seasons from a 
mountain forest in southeastern Norway. 

 

2. Materials and methods 

2.1. Study area 

The study area is an experimental site that was established in 1930 for regeneration studies. The site is 
situated in the southeast of Norway at approximately 61º 44´ N, 10º 35´ E, 700-1150 m a.s.l. 

  

2.2. Field data 

The field data were collected on plots which were quadratic and rectangular in shape. Each plot was visited 
in the spring of 2005 and in the fall of 2008 which means that the data spans four full growth seasons. The 
sizes of the plots were variable and ranged between 96.2 and 1134.1 m2 with an average of 375.1 m2. The 
number of plots was 27. For each of these plots, diameter at breast height (DBH) and species were 
registered for every tree together with heights of sample trees. Biomass of all trees was calculated using 
single tree equations. Since there are no consistent set of biomass equations available for Norway, we used 
the allometric equations calibrated on data for entire Sweden by Marklund (1988), which have DBH and tree 
height as independent variables. Biomass was scaled to per hectare values for all plots. Change in biomass, 
which is the response variable in this study, was calculated as the difference between per hectare field 
observed biomass in 2008 and the corresponding value of 2005. A summary of the field data is found in 
Table 1. For all plots, the changes in biomass were positive in the four year period. The mean change was 
17.5 t/ha with minimum and maximum values of 3.0 t/ha and 53.5 t/ha, respectively. 

Table 1. Summary of data 

Variable Mean SD Min Max 
Proportion of spruce 94.7 4.7 85.7 100.0 
Proportion of pine 0.9 2.8 0.0 13.9 
Proportion of hardwood species 4.4 4.4 0.0 13.6 
Plot area (m2) 375.1 325.5 96.2 1134.1 
Biomass in 2005 (t/ha) 135.1 57.2 12.2 295.0 
Biomass in 2008 (t/ha) 152.6 66.2 17.9 348.5 
Biomass change between 2008 and 2005 (t/ha) 17.5 11.1 3.0 53.5 
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2.3. Laser data 

Laser data were collected to correspond in time to the two field campaigns. The two laser data acquisitions 
were carried out the 26th of June 2005 the 28th of August 2008, respectively. A fixed-wing Piper PA31 Navajo 
aircraft was used in both acquisitions. In the 2005 acquisition an Optech ALTM-3100 laser scanner was 
used, operated from an altitude of approximately 600 m a.g.l. In the 2008 acquisition, an Optech ALTM-
GEMINI was used and flying altitude was 600 m a.g.l. The point density on the ground for the ground plots 
used in this study was approximately 3.4 and 4.7 m-2 in 2005 and 2008, respectively. 

An initial processing of the data was accomplished by the contractor (Blom Geomatics, Norway). Planimetric 
coordinates (x and y) and ellipsoidal height values were computed for all echoes. Both flight campaigns were 
flown as four single strips with no overlap, but two perpendicular strips were flown to correct for systematical 
errors between strips. Triangular Irregular Networks (TIN) based on the ground echoes were established by 
means of the densification algorithm (Axelsson 2000) of the TerraScan software (Anon. 2005) for both 
acquisitions. TIN models were created from the planimetric coordinates and corresponding heights of the 
laser echoes classified as ground points. The heights above the ground surface were calculated for all 
echoes by subtracting the respective TIN heights from the height values of all echoes recorded.  

The height distribution created from the first echoes was used to calculate plot-level percentiles for 0, 10,…, 
90, and 100% of the heights (h0, h10,…,h90, h100). We labeled these variables “height variables”. Furthermore, 
cumulative proportional canopy densities (d0, d1,…,d8, d9) were calculated for 10 uniform fractions across the 
height range of the laser height distribution. We labeled these “density variables”. We also calculated mean 
height of laser echoes (mean) and the corresponding coefficient of variation (cv). The height distribution 
contained only those laser points which were classified as above-ground echoes, using a threshold value of 
2 m. The h10 variable denotes the height at which the accumulation of laser echoes in the vegetation is 10% 
for the first echoes. The d1 variable denotes the cumulative proportion of laser echoes that is accumulated 
from the top of the canopy at 10% of the maximum laser measured canopy height, relative to the total 
number of echoes. For further details see Næsset (2004b). In addition, differences between all 
corresponding laser variables obtained in the data from the two different acquisitions (2008 and 2005) were 
calculated. We labeled these variables “delta values”. For example, δp80 is the difference in height between 
the 80th height percentile from the first echoes from the 2008 data and the corresponding percentile from the 
2005 data. These were used as the potential explanatory variables in this study. We also used square 
transformations of these variables. 

2.4. Plotting mean differences of laser variables 

Different variables derived from laser data collected over forest are affected differently by development such 
as growth, mortality or harvest. This is because the distribution of biomass changes both vertically and 
horizontally as a consequence of these processes. To illustrate this and for better conceptual understanding, 
we made graphical plots of the mean change for the height and density variables over all plot. 

2.5. Estimation of biomass change 

In the current study, the change of biomass (t/ha) was modeled directly by means of the delta values 
described above. An ordinary least square model was fitted using the REG procedure of SAS (SAS Institute 
Inc. 1990), and all delta values were candidate variables to explain the variation in the ton per hectare 
change of biomass (δbiomass) over the four year period. The model appears in equation 1: 

∑
=

++=
p

k
kk exbiomass

1
0 ββδ  

where β0 is the constant term, βk is the parameter estimate for explanatory variable k (xk), p is the total 
number of variables in the model, and e is the error term. The final explanatory variables were selected 
among 23 potential laser variables and square transformations of these variables so that the total potential 
number of variables was 46. The variable selection was based on an initial stepwise selection where 
inclusion and removal of variables was based on a significance level of 0.05. A further removal of variables 
was then manually carried out based on evaluation of the collinearity among the statistically selected 
variables. The collinearity assessment was based on the condition number (largest eigenvalue over the 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 414 

smallest eigenvalue). Condition numbers <100 indicates no serious problems due to collinearity 
(Montgomery et al. 2001, p339). Furthermore, the accuracy of the change estimate was assessed by leave 
one out cross validation. By means of the PRESS option of the REG procedure, cross validated differences 
were acquired and by t-tests it was assessed if they were significantly different from zero.  

In addition to analyzing the differences between predicted and observed biomass change at full range of the 
data, we also split the data material in two parts according to fixed intervals of observed biomass change, to 
assess if the predictions where sound for plots with little as well as large observed changes. The limit 
between small and large changes was set at 12 t/ha. 

 

3. Results 
Figures 1 and 2 are graphical representations of the mean change for the different height and density 
variables, respectively. Figure 1 shows that the most pronounced changes were found for the high height 
percentiles. The magnitude of the change had a decreasing trend towards the low percentiles. For the 
density variables, Figure 2 shows the opposite trend. The delta values of low density were greater than those 
dependent on the biomass conditions only in the upper parts of the canopy. 

  

Figure 1. Mean changes for different height variables 
between 2005 and 2008. 

Figure 2. Mean changes for different density 
variables between 2005 and 2008. 

The results from the modeling of δbiomass appear in table 2. The table shows that four different variables 
where selected under the selection criteria used in this study. It appeared that δp0, δp70 were selected 
together with δp10

2 and δmean2. The model fit as represented by R2 was 0.87 and the root mean square error 
estimate (RMSE) was 4.4 t/ha. The condition number (CN) was 4.4.  

 

Table 2. Selected variables, model fit, RMSE, and condition number (CN) for models for direct 

prediction of biomass change. 

Variables R2 RMSE CN 
δp0, δp70, δmean2, δp10

2 0.87 4.4 4.4 
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Furthermore, table 3 displays the cross validation results of the model. The rightmost column displays cross 
validated differences between predicted and observed biomass change. The mean residual over all plots 
was 0.5 t/ha with a corresponding standard deviation of 5.3 which means that the difference was not 
significantly different from zero. Moreover, mean residuals for the two parts of the data material distributed 
across the range of observed biomass change were also calculated. Table 3 shows that none of the 
differences were significant. 

 

Table 3. Cross validated predicted biomass change, observed biomass change, and cross validated 
difference (Mean residual) for full range data and for groups according to observed biomass change. 

Biomass range 
(n) 

Predicted biomass change 
(SD) 

Observed biomass change 
(SD) 

Mean residual (SD, 
significance) 

Full range (27) 17.1(10.1) 17.5 (11.1) 0.5(5.3, ns) 
<12 t/ha (9) 7.7(5.2) 7.2(2.7) –0.5(4.9, ns) 
>12 t/ha (18) 22.0(10.2) 22.7(10.1) 1.0(5.6, ns) 

4. Discussion 
The graphical plots show that both the height variables (figure 1) and the density variables (figure 2) were 
affected differently across their range by growth during the four year period. Figure 1 shows that the low 
height percentiles were little affected, whereas the high percentiles ere quite much affected. The mean 
increase of the 90th height percentile between 2005 and 2008 (0.82 m), was in fact very close to the mean 
increase of field measured dominant height which was 0.92 m in the current data. Both the 90th percentile 
and the maximum laser height are close approximations for dominant height at one specific point in time, 
even though there will be some negative bias because the very apex of a tree top does not have enough 
mass to trigger an echo (e.g. Ørka et al. 2010). The bias may also be dependent on tree size (Ørka et al. 
2010) which is reasonable since both the mass of the top and the allometry of a tree changes with growth. It 
is therefore to be expected that the delta values of both p90 and p100 will be biased estimates of dominant 
height growth. Furthermore, the delta values of height percentiles in increasing distance from the tree tops 
were decreasing, indicating that the low height percentiles were quite stable between 2005 and 2008. This is 
also logical since the relatively largest height growth is taking place in the upper part of the canopy. 
However, there may be an effect of sensor. Different sensors may produce point clouds with different 
properties (Næsset 2009) and variables derived may therefore be shifted between datasets. In this study, the 
sensor used in 2008 (ALTM-GEMINI) was an upgraded version of the sensor used in 2005 (ALTM-3100), 
and it is likely that they produce point clouds with slightly different properties. Figure 2 shows that the trend 
for the density variables is the opposite compared to the height variables. Thus, those variables that reflect 
variation at lower levels of the canopy were those that had the largest mean difference between acquisitions. 
The reasons for this are both that individual tree canopies get denser with growth, but also because the 
intersection of adjacent tree canopies increases. The pattern may also be affected by sensor effects.  

 

The results presented in the graphical figures show some trends for the delta values of both the height and 
density variables. However, it is not straight forward to use the large delta values in a model intended for 
explaining the variation of biomass change just because they are large. The variables used in such a model 
must of course be relevant for the observed variation of the response variable. Table 2 shows the variables 
selected for the model all came from the height distribution. Most of the range of the distribution is 
represented. However, it was unexpected that no density delta value was selected. Other studies that have 
modeled biomass and timber volume using ALS, usually use both density and height variables (e.g. Næsset 
and Gobakken, 2008) and it would be natural to expect that delta values from both height and density 
variables to appear in a model of biomass change. Preliminary analyses based only on untransformed delta 
variables showed, however, that the delta density variable from the lower part of the canopy had little effect 
on the model. The single variable that was most correlated to the change in biomass was δp80. 

The model was tested by means of cross validation. Table 3 shows that there were no statistically significant 
differences between predicted and observed biomass changes, neither for the whole data material, nor for 
the two groups of plots according to the magnitude of their observed biomass.  
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Sensor effects will always be something that need to dealt with in multi-temporal applications of ALS. 
However, in the current study where we utilized multi-temporal field- and laser data and the observed 
biomass change was modeled by means of delta laser variables, the sensor effects were accounted for by 
the model. A different combination of sensors would have resulted in a different model. 

Delta values derived from multi-temporal ALS datasets seem to have potential for explaining the variation in 
biomass change based on the results of the current study. However, other and more complex relationships 
can be found for other forest types and for other types of changes. In the present dataset the only change 
was growth, but with harvest of different kinds, wind throws, insect attacks etc., the relationships may be 
different. Future studies should therefore include other types of change as well as explore other model forms 
and modeling techniques. 
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Abstract 

The main goal of the BMU (German federal ministry for the environment, nature conservation and nuclear 
safety) funded project ‘LiDAR based biomass assessment’ is the precise and nationwide detection and 
calculation of the biomass potential coming from wood cuttings. For this purpose, first and last pulse LiDAR 
data serve as data basis and are available all over the country by 2013. A major issue of our study is to 
model the relationship between the vegetation volume derived from adequate LiDAR measurements and the 
above-ground biomass (AGB) for well-defined grove types. The mandatory field calibrations are performed in 
advance for selected reference groves (e.g. single trees, tree stands, hedges). For this purpose, full 
waveform LiDAR data were acquired in August 2009 in leaf-on condition. Furthermore, the groves are 
captured in April 2010 by a precise and full 3D TLS registration in leaf-off situation. Firstly, the paper is 
reporting about preliminary results from the 3D normalized cut segmentation adopted for open woodland 
trees and the follow-on vegetation volume calculation. Secondly, the focus is on the estimation of the above-
ground biomass from the diameter at breast height (DBH) and the tree height. Finally, conversion factors are 
derived which relate the AGB to the LiDAR derived volume calculations. 

1. Introduction 
One of the main intensions of the “Erneuerbare Energien Gesetz (EEG)” which was implemented by the 
German federal government in 2009 is the enhancement of renewable energy resources for the electric 
power supply up to at least 30% until 2020, and continued afterwards. Adjacent to wind, water, the sun, 
geothermal energy, liquid and gaseous biomass, the EEG is focussed on the increased usage of compact 
biomass as energy resource. Beside biomass coming from woodland and forest fuel, the incorporation of 
wood cuttings from landscaping is getting more and more attractive. However, an intensive use of this 
primary energy source is not yet realized due to technical and logistic reasons. Nevertheless, recent studies 
have revealed that wood cuttings comprise an enormous energetic potential, representing the biomass 
resource that could be used most sustainably (NBBW 2008, Engel 2004). 

In the last two decades, up-to-date remote sensing methods and techniques were successfully incorporated 
in subject areas of forest science, like the assessment of forest canopy fuel (e.g. Erdody and Moskal, 2010), 
and of woody biomass which is the scope of this paper. In this context, small-footprint LiDAR systems have 
established as an appropriate method for the area-wide and precise estimation of forest structural 
parameters which serve as basis for the estimation of the secondary quantities, e.g. vegetation volume and 
above-ground biomass. A successful segmentation-based method to retrieve stem volume estimates from 
3D tree height models produced by airborne laser scanners (ALS) was already presented by Hyyppä et al. 
(2001). Herein, the resulting precision was found to be better than that in conventional standwise forest 
inventories. A refinement of timber volume estimation is given by Maltamo et al. (2004) by the use of a 
parameter prediction method to describe also smaller trees. Lim et al. (2003) derived laser height metrics 
from LiDAR which are capable to accurately estimate biophysical properties of tolerant northern hardwood 
forests with R2=0.87 for total wood volume and R2=0.85 for total aboveground biomass. A comprehensive 
estimation of aboveground biomass based on first and last pulse data (density 0.7-1.2 pts/m2) was 
conducted by Næsset and Gobakken (2008) in Norway’s boreal forests, leading to R2=0.88 for AGB. An 
ongoing nationwide project, ‘LASER-WOOD’ is conducted by Hollaus et al. (2010) which aims to assess the 
growing stock and above-ground biomass potential for the Austrian forests using LiDAR and forest inventory 
data. Popescu (2007) reports from conclusions of recent studies ‘which demonstrated that DBH is the most 
reliable variable for biomass estimation’. In airborne applications, the DBH could not be measured directly 
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and has to be derived by regression analysis or clustering methods. Nevertheless, in case of terrestrial laser 
scanning surveys, the direct measurement of DBH is feasible on a high level of accuracy (Bienert et al. 2007, 
Wezyk et al. 2007). Heurich (2008) describes the automatic recognition and measurement of single trees 
over the richly structured natural forests of the Bavarian Forest National Park. The results show that it was 
possible to identify 93.3% of the wood volume measured on the ground. The aim of the study of Kalliovirta 
and Tokola (2005) was the investigation of the relationship of DBH with maximum crown diameter, tree 
height and other possible independent variables by formulation of a total of 76 models. The authors also 
mentioned that the relations of DBH with crown width are different for forest-grown and open-grown trees. 
The study of van Aardt et al. (2008) is dedicated to evaluate the potential of an object-oriented approach to 
forest type classification (deciduous-coniferous, deciduous-coniferous-mixed) as well as volume and 
biomass estimation in the Virginia Piedmont, U.S.A. based on small-footprint, multiple return LiDAR data. 
The classifications yield an overall accuracy up to 89%, and the estimates considering the volume and 
biomass estimations exhibit differences of no more than 5.5% with respect to field surveys. A scale-invariant 
estimation approach aimed to forest biomass estimation from LiDAR remote sensing is given by Zhao et al. 
(2009) in a temperate mixed forest of eastern Texas. The results indicate that the models incorporated in this 
approach can accurately predict biomass with an R2 ranging from 0.80 to 0.95. 

Several studies also include the LiDAR intensity for biomass assessment. Kim et al. (2009) distinguish 
between live and dead standing tree biomass in a mostly mixed coniferous forest on the North Rim of Grand 
Canyon National Park, USA. The authors conclude that the estimation power for live biomass benefits from 
the consideration of the LiDAR intensity. The investigations of Morsdorf et al. (2010) were performed in a 
multi-layered Mediterranean forest ecosystem revealing that ALS height and intensity information are 
appropriate for separating between three different vegetation strata with obtained overall accuracies of 80 to 
90%. Remarkably high correlations between the number of ALS returns per height bin and the field 
measured canopy volume profile were achieved for the oak (96%) and the pine plot (91%), revealing the 
significant high coherence of the LiDAR echo characteristics with the vegetation volume determination of the 
reference plots. Biomass carbon stocks for a Mediterranean forest in central Spain were estimated by García 
et al. (2010) using LiDAR height and intensity data. Herein, the use of normalized intensity-related variables 
led to more accurate estimates of the biomass for three different tree species. 

All in all, the selected papers exhibit various and sophisticated approaches concerning the determination of 
forest metrics from LiDAR data and the estimation of volume and AGB. Nevertheless, these methods were 
more or less applied to closed forest stands. In contrast, open woodland groves are characterized by 
heterogeneous structures containing various species within a small area, complex shapes, and high fractions 
of bushy material in many cases which suppress the penetration of laser pulses. In addition, the standard 
methods for tree segmentation which lead to quite good results for forest stands are less effective in case of 
open woodland. These conditions make it even difficult to correctly assess the biomass for open woodland 
groves (Straub 2010). As consequence, only a small number of papers are dealing with this topic. Straub 
(2010) is reporting about some studies in Germany, which are characterized by high uncertainties in terms of 
the amount of biomass. One reason is that the validation is performed only with a small number of random 
tests coming from destructive sampling. Velázquez-Martí et al. (2010) have developed prediction models 
which allow the biomass determination of a bushy Mediterranean forest area near Valencia/Spain consisting 
of 5 species using a LiDAR derived canopy height model (CHM). If this models can be transferred to the 
conditions in Germany was not yet examined. 

As described before, the main goal of the superior project ‘LiDAR based biomass assessment’ is the precise 
and nationwide detection and calculation of the biomass potential coming from wood cuttings. As the ignition 
of the project was in November 2009, our paper is focused on first results concerning the initial calibration 
efforts for a sample reference grove. (1) Estimation of the above-ground biomass on a tree-level basis using 
the manually measured DBHs and tree heights. (2) The volume determination based on the TLS point cloud. 
(3) The volume determination after a 3D normalized cut segmentation (Reitberger et al. 2009) for full 
waveform and first/last-pulse data. (4) Determination of a conversion factor to derive the above-ground 
biomass from independent estimation using method (1) based on the calculated vegetation volumes from 
methods (2) and (3). 

Material 

For the entire project, various calibration sites are distributed over six federal states of Germany (mostly in 
Baden-Württemberg). The two calibration areas which are concerned in our investigations are located in the 
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Bavarian Forest in southeastern Germany (Arnbruck and Regen). For this two areas, a sum of 13 reference 
groves were chosen by visual inspection comprising four hedges with trees, one hedge, two high groves, five 
single trees and one forest island. All of these groves were captured by full waveform LiDAR data (10 pts/m2) 
in August 2009 by the Riegl LMS-Q560 scanner in leaf-on condition. Furthermore, the areas were covered 
by routine first/last-pulse ALS surveys on behalf of the Bavarian Survey Administration in April 2008 and 
October 2009. The acquisitions were performed under leaf-off conditions with a mean point density of around 
1-2 pts/m2. In addition, seven of the groves are measured by a precise and full 3D TLS registration in April 
2010 using the Riegl LMS-Z390 in leaf-off situation. Finally, independently gathered tree heights using a 
laser rangefinder and manually measured caliper DBHs are included for two objects (status July 2010). 

In the following, the methods are described and applied on one reference grove of type ‘high grove’ located 
in the area of Regen, named as ‘08_Reg_hohFg’ in the following. The grove consists of around 200 trees 
and bushes and covers an area of approximate 0.4 ha. Tree species are mostly oak (61%) and birch (30%), 
with some Scots pines, cherry trees, hornbeams and maple (in all 9%). The bushes consist of hazel nut 
(96%), elder (4%) and whitethorn (1%). The grove is situated on slightly sloped terrain and is characterized 
by a densely closed canopy cover at a maximum level of around 22 m above ground. The grove (figure 1) 
was captured by five single TLS scans with 1 cm resolution which were merged by RiSCANPRO®. The 
scanner positions were determined by differential GPS with an absolute accuracy of 1-3 cm. 

 
Figure 1. TLS point cloud of reference grove ‘08_Reg_hohFg’ 

In December 2009, all trees and bushes of reference grove ‘08_Reg_hohFg’ with a DBH of >3.0 cm were 
captured. The DBHs were derived from the mean of at least two caliper measurements to account for the 
non-circular stem outlines. The heights of the outer trees could be acquired by a laser rangefinder. In case of 
missing laser returns, the heights of some of the inner trees were visually estimated according to their 
neighbors. Initially, the tree positions were registered by a hand held GPS receiver with a low horizontal 
accuracy of around 3-5 m. The coordinates were later on replaced by the centers of the tree stems which 
were discovered in the precise TLS point clouds. 

2. Method 
The main objective of the field calibrations is the determination of correlation factors which allow the 
appropriate conversion of the vegetation volume [m3] of open woodland groves derived by LiDAR methods 
into the unit of above-ground biomass, the bulk stacked cubic meter [BCM]. As a first step, the simplified 
assumption is established by considering a linear correlation between vegetation volume and the 
corresponding above-ground biomass. Thus, the biomass is calculated on behalf of model assumptions and 
has to be validated against reference measures based on the DBH-tree-height-method and destructive 
sampling, respectively. 

In recent studies concerning the volume-biomass-conversion, the vegetation volume is in many cases 
approximated by simple geometric elements like cuboids, leading to high uncertainties for the volume 
determination (e.g. 32%, Cremer 2007): Thus, the primary option of our work is to refine the estimation of the 
vegetation volume by means of a precise normalized surface model generation based on TLS data and 
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taking advantage of the 3D normalized cut segmentation applied to the full waveform and first/last pulse 
LiDAR data. 

Usually, the merchantable wood volume is expressed as a function of DBH alone or DBH and tree height. 

 VOLm = f(DBH,h) [m3] (1) 

According to the basic conditions concerning the biomass estimation of a corresponding project (Johst and 
Conrady 2009), we applied the stem volume equations published by Zianis et al. (2005). Unfortunately, the 
stem volume which is calculated by these equations is not commonly defined in Europe. Whereas in Nordic 
countries, the stem is dimensioned from the root up to the top, some other countries consider the stem as 
the main trunk up to a minimum diameter of 7 cm. Nevertheless, in our study, the following functions and 
coefficients are employed. 

Table 1. Functions and coefficients applied for stem volume calculation 

Tree species Index acc. to Appendix B and C 
(Zianis et al. 2005) 

Oak (quercus robur) 207 
Birch (betula spp.) 33 
Scots pine (pinus sylvestris) 149 
Wild cherry (prunus avium) 192 
Hornbeam (carpinus betulus) 40 
Maple (acer pseudoplatanus) 10 
Hazel nut 218 
Elder/Whitethorn 207 

For these functions there is no information if the bark is included or not, thus we assume the volume for the 
stems and the bark. The tree biomass resulting from the stem volume is deduced by  

 TBM = VOLm * fBCM [BCM] (2) 

fBCM represents the biomass conversion factor and is approximated by 2.43 (FNR 2009). This factor is 
commonly valid for all tree species. The determination of the component biomass (branches and foliage), 
which has to be added to the TBM, is a difficult task depending on tree species, tree age and other 
parameters and, thus, is only roughly assumed by 20% of the tree biomass. 

3. Results 

Biomass estimation using DBH and tree height 

The results of the stem volume calculations are displayed in table 2.  

Table 2. Stem volume for reference grove ‘08_Reg_hohFg’ 

Tree species Stem volume [m3] 
Oak (quercus robur) 89.907 
Birch (betula spp.) 19.904 
Scots pine (pinus sylvestris) 1.672 
Wild cherry (prunus avium) 2.466 
Hornbeam (carpinus betulus) 0.005 
Maple (acer pseudoplatanus) 0.053 
Hazel nut 1.197 
Elder/Whitethorn 0.042 
Sum 115.246 
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The tree biomass is calculated from equation (2) resulting in  

 TBM =280.048 BCM 

As mentioned before, the estimation of the component biomass (branches and foliage) is affected by various 
parameters. As we derive a mean DBH of 29.4 cm for oak representing the dominant tree species (61%), the 
estimation of 20% component biomass is acceptable and corresponds quite well with the assumption given 
by Jenkins et al. (2003). Finally, we can calculate the total above-ground biomass for the reference grove 
‘08_Reg_hohFg’  

AGB = 336.058 [BCM] 

 

Vegetation volume from TLS point cloud 

Before generating a normalized surface model (nDSM), a high resolution (grid size 0.25 m) terrain model 
(DTM) was interpolated from classified ground points originating from the TLS points and the full waveform 
ALS points. The ALS last and single returns had to be included because the point coverage within the 
reference grove could not be sufficiently covered by the TLS data (due to occlusions in the inner zone). 
Contrary to the DTM, a grid size of 0.5 m was chosen for the surface model (DSM) to get a slightly better 
smoothing. The vegetation volume was calculated by product sum of the height of each nDSM cell (above a 
defined threshold) and the cell base area of 0.25 m2 (table 3). 

Vegetation volume after 3D normalized cut segmentation 

Reitberger et al. (2009) have shown, that the new 3D normalized segmentation method leads to an 
improvement of the tree detection rate with respect to a conventional watershed segmentation, especially in 
the case of full waveform data. Figure 2 displays the result after the segmentation of full waveform ALS data 
of reference grove ‘08_Reg_hohFg’. Herein, the black lines represent the reference trees (list not yet 
completed). The positions were recovered from the TLS data, the tree heights are preliminary taken from the 
laser rangefinder measurements, however, in future will be reconstructed from the full waveform ALS data.  

 
Figure 2. Segmentation result for full waveform ALS data for ‘08_Reg_hohFg’ 

The vegetation volume results from the product sum of the maximum height and the basal area of each 
segment (table 3). The 3D normalized cut segmentation was also applied to the first and last pulse ALS data, 
the result is presented in figure 3. 
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Figure 3. Segmentation result for first and last pulse ALS data for ‘08_Reg_hohFg’ 

As before, the vegetation volume results from the product sum of the maximum height and the basal area of 
each segment (table 3) 

Derivation of biomass conversion factors 

With the results from 4.1 to 4.3, the biomass conversion factors can be calculated as displayed in table 3. 

Table 3. Results for vegetation volume, AGB and biomass conversion factors 

LiDAR data type Basal area 
[m2] 

Vegetation 
volume [m3] 

AGB from 
method (1) 
[BCM] 

Conversion 
factor [BCM/m3] 

TLS 4106.75 67286.43 336.06 0.0049 

ALS full waveform 3980.62 86662.15 336.06 0.0039 

ALS first+last pulse 3399.50 72175.59 336.06 0.0047 

 

4. Discussion 
There are numerous methods in the literature for estimating the above-ground biomass of forest trees from 
forest structural parameters, mainly based on the DBH and the tree height. In our study, we used functions 
and coefficients from Zianis et al. (2005) in order to be in consensus with a corresponding project which is, 
amongst others, dedicated to derive the AGB from the DBH-tree-height-method and to validate it against 
reference biomass from destructive sampling. For the reference grove ‘08_Reg_hohFg’, the DBHs of all 
trees with diameter > 3 cm were captured by caliper measures. The DBHs can also be reconstructed from 
height bins of the TLS point clouds. First random samples show a quite well level of coherence with 
maximum deviations of around 3.5 cm in diameter. The tree heights are acquired by a mobile stand fixed 
laser rangefinder. Although the heights of the outer trees could be measured quite well, the observations for 
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the inner trees are influenced by more uncertainties. For the next future, the tree heights will be recovered by 
interpolation using the DSM derived from full waveform ALS data. Nevertheless, the AGB estimation in our 
study for the reference grove is representing a reasonable value. 

 

The determination of the vegetation volume for open woodland trees is referred in only a few publications 
and reports, in which most methods calculate the product of total basal area and maximum or mean tree 
height. For our purpose, we derived the volumes using an nDSM in case of TLS data and segmented trees 
and tree clusters respectively for ALS data. The variations of the results (table 3) are mainly caused by 
different point densities and LiDAR system properties. The total basal area is the largest one for the TLS 
data, followed by the full waveform ALS data. This can be explained by the capability of TLS to detect even 
the tiniest twigs which expands the basal area. This aspect accounts also for the full waveform ALS data with 
respect to the first and last pulse ones. Contrary, the volume from TLS is significantly below the volume from 
the ALS data. One explanation might be that mainly the canopies of the inner trees are weakly hit by the 
laser beams and thus, only a few echo returns could be detected. However, in case of the ALS data, the 
closed canopy layer is better represented by laser hits. On the other hand, the volume derived after the 
segmentation of the ALS data is definitely overestimated. We have to admit, that for the time being, this 
method exhibits no clear advantage with respect to the nDSM based approach, and thus, implies the need 
for a significant improvement. 

 

Nevertheless, the resulting factors for the conversion of vegetation volume into above-ground biomass are 
ranging from 0.0039 to 0.0049 and are in good coherence with other investigations. Cremer (2007) is 
reporting about factors concerning open woodland groves from 0.0010 to 0.0040 with an average deviation 
of 32%. Trötschler (2008) presents values ranging from 0.0017 to 0.0059 for comparable grove types. 

5. Conclusions and Outlook 
The focus of our study is on preliminary calibration efforts concerning the biomass assessment of open 
woodland trees. For this purpose, we used data from field measurements (laser rangefinder, caliper, TLS) 
and ALS data (full waveform and first/last pulse). One objective was dedicated to the derivation of factors for 
the conversion of vegetation volume into above-ground biomass. For the volume calculations various 
methods were incorporated, e.g. the 3D normalized cut segmentation. The approach was applied on a 
reference grove of type ‘high grove’ consisting of around 200 hardwood trees. 

 

It can be resumed, that our approach shows promising results which can be compared with finding from 
other studies. However, the results are very preliminary and by far not representative. The first directive for 
the next future must be the inclusion of more random samples, in order to account for all different reference 
groves at a significant amount. The next issue will be the refinement of the volume determination in order to 
benefit from the capabilities of ALS data (e.g. using the ‘alpha-shapes’ approach). In this context, the 
segmentation methods have to be adopted for the conditions of open woodland groves, e.g. more complex 
structures, higher vegetation density and divergent tree shapes with respect to forest trees. And finally, the 
relationship between volume and biomass has to be investigated in detail and comprehensively validated.  

Acknowledgments 

We like to thank Milan Geoservice GmbH and the Bavarian Office for Surveying and Geographic Information 
for providing the LiDAR data. This research has been funded by the German federal ministry for the 
environment, nature conservation and nuclear safety (BMU) under the reference 03KB037A. 

References 

BIENERT, A., SCHELLER, S., KEANE, E., MOHAN, F. and MAAS H.-G., 2007, Tree detection and diameter estimations by 
analysis of forest terrestrial laserscanner point clouds. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci., 36, pp. 50-55. 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 425 

CREMER, T., 2007, Mobilisierung und wirtschaftliche Nutzung von Rohholz aus Wald und Landschaft zur Energieerzeugung. Final 
report (in German), Deutsche Bundesstiftung Umwelt (DBU), Osnabrück, Germany. Available online at: http://www.dbu.de/ 
OPAC/ab/DBU-Abschlussbericht-AZ-22128.pdf (accessed 27 Jul 2010). 

ENGEL, C., 2004, Biomasse: Nachwuchs für Deutschland. Öko-Mitteilungen (in German), Öko-Institut, Freiburg, Germany. 
Available online at: http://www.oeko.de/service/bio/ dateien/de/oemi_artikel_biomasse.pdf (accessed 27 Jul 2010). 

ERDODY, T.L. and MOSKAL, L.M., 2010, Fusion of LiDAR and imagery for estimating forest canopy fuels. Rem. Sens. Env., 114, 
pp. 725-737. 

FACHAGENTUR NACHWACHSENDE ROHSTOFFE (FNR), 2009, Bioenergie - Basisdaten Deutschland. Information broschure 
(in German), Gülzow, Germany. Available online at: http://www.fnr-server.de/ftp/pdf/literatur/pdf_92-basisdaten_ 
bioenergie_2009.pdf (accessed 27 Jul 2010). 

GARCIA, M., RIAÑO, D., CHUVIECO, E. and DANSON, F.M., 2010, Estimating biomass carbon stocks for a Mediterranean forest 
in central Spain using LiDAR height and intensity data. Rem. Sens. Env., 114, pp. 816-830. 

HEURICH, M., 2008, Automatic recognition and measurement of single trees based on data from airborne laser scanning over the 
richly structured natural forests of the Bavarian Forest National Park. For. Ecol. Manage., 255, pp. 2416-2433. 

HOLLAUS, M., EYSN, L., SCHADAUER, K., JOCHEM, A., PETRINI, F. and MAIER, B., 2010, LASER-WOOD: Estimation of 
the above ground biomass based on laser scanning and forest inventory data. Poster presentation at „11. Österreichischer 
Klimatag“, Mar 11+12, 2010, Vienna, Austria, extended abstract 2p. 

HYYPPÄ, J., KELLE, O., LEHIKOINEN, M. and INKINEN, M., 2001, A segmentation-based method to retrieve stem volume 
estimates from 3-D tree height models produced by laser scanners. IEEE Trans. Geosci. Rem. Sens., 39, pp. 969-975. 

JENKINS, J.C., CHOJNACKY, D.C., HEATH, L.S. and BIRDSEY, R.A., 2003, National-scale biomass estimators for United States 
tree species. For. Scie,. 49, pp. 12-35. 

JOHST, A. and CONRADY, D., 2009, Energieholz und Biodiversität – Die Nutzung von Energieholz als Ansatz zur Erhaltung und 
Entwicklung national bedeutsamer Lebensräume. Project proposal (in German), Naturstiftung David, Erfurt, Germany. 

KALLIOVIRTA, J. and TOKOLA, T., 2005, Functions for estimating stem diameter and tree age using tree height, crown width and 
existing stand database information. Silva Fennica, 39, pp. 227-248. 

KIM, Y., YANG, Z., COHEN, W.B., PFLUGMACHER, D., LAUVER, C.L. and VANKAT, J.L., 2009, Distinguishing between live 
and dead standing tree biomass on the North Rim of Grand Canyon National Park, USA using small footprint lidar data. Rem. 
Sens. Env., 113, pp. 2499-2510. 

LIM, K., TREITZ, P., BALDWIN, K., MORRISON, I. and GREEN, J., 2003, Lidar remote sensing of biophysical properties of 
tolerant northern hardwood forests. Can. J. Remote Sensing, 29, pp. 658-678. 

MALTAMO, M., EERIKÄINEN, K., PITKÄNEN, J., HYYPPÄ, J. and VEHMAS, M., 2004, Estimation of timber volume and stem 
density based on scanning laser altimetry and expected tree size distribution functions. Rem. Sens. Env., 90, pp. 319-330. 

MORSDORF, F., MÅRELL, A., KOETZ, B., CASSAGNE, N., PIMONT, F., RIGOLOT, E. and ALLGÖWER, B., 2010, 
Discrimination of vegetation strata in a multi-layered Mediterranean forest ecosystem using height and intensity information 
derived from airborne laser scanning. Rem. Sens. Env., 114, pp. 1403-1415. 

NACHHALTIGKEITSBEIRAT BADEN-WÜRTTEMBERG (NBBW), 2008, Energie aus Biomasse: Potenziale und Empfehlungen 
für Baden-Württemberg. Press release (in German), Stuttgart, Germany. Available online at: http://www.nachhaltigkeitsbeirat-
bw.de/mainDaten/dokumente/zsf_bioenergiegutachten.pdf (accessed 27 Jul 2010). 

NÆSSET, E. and GOBAKKEN, T., 2008, Estimation of above- and below-ground biomass across regions of the boreal forest zone 
using airborne laser. Rem. Sens. Env., 112, pp. 3079-3090. 

POPESCU, S.C., 2007, Estimating biomass of individual pine trees using airborne lidar. Biomass and Bioenergy, 31, pp. 646-655. 

REITBERGER, J., SCHNÖRR, C., KRZYSTEK, P. and STILLA, U., 2009, 3D segmentation of single trees exploiting of full 
waveform LiDAR data. ISPRS J. Photogramm. Remote Sens. 64, pp. 561-574. 

STRAUB, C., 2010, Acquisition of the bioenergy potential and the availability in the forest and non-forest land using new remote 
sensing techniques. PhD thesis (in German), University of Freiburg, Germany. Available online at: http://www.freidok.uni-
freiburg.de/volltexte/7632/ (accessed 20 Jul 2010). 

TRÖTSCHLER, P., 2008, Regio-Energieholz: Potenzialstudie und Machbarkeitsstudie zur Ermittlung und naturschutzrechtlichen 
Bewertung der Energieholzreserven sowie modellhafte Umsetzung. Project proposal (in German), Bodensee-Stiftung, 
Radolfszell, Germany. Available online at: http://www.iln-singen.de/KurzRegioEnergieholz.pdf (accessed 27 Jul 2010). 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 426 

VAN AARDT, J.A.N., WYNNE, R.H. and SCRIVANI, J.A., 2008, Lidar-based mapping of forest volume and biomass by 
taxonomic group using structurally homogeneous segments. Photogramm. Eng. Remote Sens., 74, pp. 1033-1044. 

VELÁZQUEZ-MARTI, B., FERNÁNDEZ-GONZÁLEZ, E., ESTORNELL, J. and RUIZ, L.A., 2010, Dendrometric and dasometric 
analysis of the bushy biomass in Mediterranean forests. For. Ecol. Manage., 259, pp. 875-882. 

WEZYK, P., KOZIOL, K., GLISTA, M. and PIERZCHALSKI M., 2007, Terrestrial laser scanning versus traditional forest 
inventory: First results from the Polish forests. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci., 36, pp. 424-429. 

ZHAO, K., POPESCU, S. and NELSON, R., 2009, Lidar remote sensing of forest biomass: A scale-invariant estimation approach 
using airborne lasers. Rem. Sens. Env., 113, pp. 182-196. 

ZIANIS, D., MUUKKONEN, P., MÄKIPÄÄ, R. and MENCUCCINI, M., 2005, Biomass and stem volume equations for tree species 
in Europe. Silva Fennica Monographs, 4, 63 p. 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 427 

Woody biovolume extraction from laser scanned trees 

ALEXANDER BUCKSCH *† , STEFAN FLECK‡, SABIENE RUMPF‡, 

PETER RADEMACHER‡ 

 

†Department of Earth Observation and Space Systems (DEOS), 

Delft University of Technology, Delft 2629HS, The Netherlands 

‡ Departments of Forest Growth / Environmental Control, North-West German Forest Research Station, 
37079 Göttingen, Germany 

 

Abstract 

Biomass extraction from indiviual trees measured by terrestrial laser scanning is a valuable tool for forestry 
and for orchard plantations to extract the economic and ecological parameters of trees. 

The focus of this paper is to extract the woody biovolume from laser scanned trees based on the SkelTre-
Skeleton, which is a skeletal structure description. State of the art research proposed skeletons to extract 
parameters like branch length and branch diameters from trees on the basis of the SkelTre-Skeleton 
(Bucksch et al. 2010), from trerrestrial LiDAR measurements. In this paper we report on the fully automatic 
and purely laser-scan derived biovolume extraction of two collected evaluation scenarios: 

1.) six leafless orchard apple trees 

2.) two European beech trees in a forest 

Validation measurements on 6 apple trees comprise the lengths and diameters of all branch segments of 
their canopies, but not their specific weight so that biovolumes can be compared. The beech tree biovolumes 
are derived from an allometric relation of tree height, breast height diameter and the known density of the 
beech wood (Rademacher et al. 2009) 

We apply this method in order to assess the biovolume fractions of branch diameter classes in the tree 
crowns of 3m high apple trees as well as those of 20m high beech trees in the leafless stage in winter. The 
results show that for the six apple trees the difference in biovolume between automatic and field 
measurement is 1.18 litres on average. For the beech trees huge differences were derived demanding better 
field data to draw actual conclusions from it. 

 

1. Introduction 
Biomass itself is an important parameter for economic assessment of a forest, since it gives the amount of 
wood available for fueling or other purely mass-based purposes. Other purposes like wood as building 
material or source of chemical compounds may require qualitative information on top of this, especially the 
available amount of wood in specific branch diameter classes. Beyond this, even the distribution of biomass 
in space may play a role e.g. for the physiological description of light use and transpiration of the trees that 
determines their ecological function. 

 

The acquisition of detailed data on trees is possible by using a terrestrial laser scanner. New studies show 
that the diameter and the length of branches are extractable by utilizing a skeletonization (Bucksch and Fleck 
2010). Length and diameters of all woody axes are sufficient to determine the woody biovolume of a tree. 
From the biovolume the biomass can be derived under the assumption of a known density of the wood. The 
results of this paper give an insight into the amount of biovolume captured by a laser scanner which is 
calculated on the basis of the skeletal structure extracted by the SkelTre-Algorithm (Bucksch et al. 2010). 
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We asses the biomass in two main scenarios. The first scenario uses apple trees growing on an orchard 
plantation. This first scenario contains leafless trees with dense crowns of approximately 3 meters height. 
The second scenario focuses on mature beech trees scanned in a forest before budbreak in spring.  

Related work 

Until now the majority of biomass estimations are carried out by airborne systems(e.g. Popescu 2007, Drake 
et al. 2002). We refer to a review of current techniques used to assess the forest structure with terrestrial 
laser scanning given by Van Leeuwen et al. (2010) . They also cover the topic of individual tree assessment..  

We give in this section a few example studies, which investigate the biomass or tree parameters on an 
individual tree level close to the context of this paper. 

 

Fleck et al. (2004) used a terrestrial laser scanner to reconstruct the structure of a tree manually in order to 
predict the physiological properties of a tree. Rossell et al. (2004) described a manual approach to quantify 
the tree parameters in orchards by using a CAD software and slices through the point cloud. They were able 
to derive the crop load and tree parameters by mounting the laser scanner on a vehicle. Parker et al (2004) 
determined the above ground biomass in forests on the basis of terrestrial laser scans and stated that the 
vertical structure in terrestrial laser scans is consistent with the one found in the field measurements.  

 

Typical for most studies on individual trees is the estimation of tree parameters like diameters of trunk and 
branches, tree height or crown width with a high degree of accuracy( e.g. Thies et al. 2004, Henning and 
Radtke 2006).  

The best comparable study to this paper is the one by Lefsky and Mc Hale (2008) who determined the 
biovolume of a complex branching systems of trees by representing the lidar measurments in a 3-
dimensional voxel grid. The voxel grid was exploited to derive the biovolume of the tree. Further the sampling 
pattern of the sensor was taken into account by Lefsky and Mc Hale (2008), in order to derive estimates for 
the fine branches. A further motivation can be found in (Strahler et al. 2008), who suggested that laser 
scanning can serve as platform for biomass extraction from individual trees without using allometric 
relationships. 

 

Our approach automatically calculates the woody biomass of an individual tree and does not use allometric 
relations. Mostly the evaluation of individual trees stops at the extraction of tree parameters, which can be 
used in conjunction with allometry to caculate the biomass. Our technique allows to determine the biomass 
without using allometric relationships and caculates the biomass directly from the point cloud on the basis of 
an extracted skeleton. 

 

Study areas 

In case of the apple trees the study was mainly conducted in apple orchards of the Annapolis Valley, Nova 
Scotia, Canada close to the city of Kentville (45°4’39’’ N, 64°29’45’’W). The six investigated apple trees 
(Malus x domestica Borkh. ‘Honeycrisp’) were located in two orchards that belong to the test sites of the 
Atlantic Food and Horticulture Research Centre (Fleck et al. 2010). Three apple trees grew on a trellis 
system and the other three trees stood as single trees in rows. The orientation of the rows is from North to 
South with a tree spacing of 3m within each row and a spacing of 5m between rows. Trees of comparable 
height were located next to the investigated trees. The manually measured trunk diameters ranged from 
3.9cm to 8.1cm. The tree height of the six apple trees varied from 1.27m to 3.03m. 

 

In case of the beech trees the study was carried out in a forest stand in Hundelshausen (51° 18′ N, 9° 51′ O) 
in Germany close to the city of Göttingen. The two investigated beech trees (Fagus sylvatica L.) were 
selected in a nutrient rich area of the forest. The manually measured trunk diameters at breast height (DBH) 
ranged from 21.6cm to 50.8cm. The tree height of the beeches varied from 20.1m to 23.4m. 
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Figure 1: On the left one of the scanned apple trees (Apple 4) and on the right one of the scanned beech 

trees (Beech 2). Undersampling in the upper crown of the beech tree is visible. 

2. Methods 

Field measurement 

The six apple trees were scanned with the Imager 5006 laser scanner of Zoller and Froehlich. They were 
registered with the Neptan based software ZF-LaserControl. Each tree was scanned from 4 positions in 2 
different heights to overcome occlusion effects. The branches of each tree were numbered for reconstructing 
the branch hierarchy and their length was measured following the elongation direction of the branch. The 
diameter of each branch was measured at its base and tip, about 1cm before the node or end bud. The 
diameters of branches were measured with a calliper in two directions and averaged. If both diameter 
measurements were more than 1mm apart, a third diameter measurement was taken and the average of 
three measurements was taken. Branch diameters thicker than 5cm were derived from circumference 
measurements with a meter tape assuming the trunk or main branch to have a circular cross-section. An 
example of a registered apple tree is shown in Figure 1 on the left. 

The two beech trees were scanned with a Faro Photon system and registered with the Software Faro scene 
based on fixed targets on the surrounding trees. Each tree was recorded by 6 single scans. Targets were 
also placed 10 m above the floor in the surrounding tree crowns to assure a homogeneous distribution of 
targets for registration of the 20m high trees. An example of a registered beech tree is shown in Figure 1 on 
the right. 

The biovolumes of the beech trees were estimated by calculating the biomass as described in Rademacher 
et al. (2009). Assuming a specific weight of 0.74 kg/l for the wood of beech trees the biovolume was obtained 
on the basis of the diameter at breast height (DBH). The formula for calculating the biovolume is therefore 
given as: 

74.0
141885.0*001074.0 −

=
DBHvolume  

Automatic measurement 

Branch diameters and length were derived with the method of Bucksch and Fleck (2010). This method 
segments the tree into individual branches and utilizes the distances to the skeleton to determine the 
diameter of each individual branch. First a skeleton, as shown in Figure 2, represented as a graph is 
extracted from the point cloud. This graph is assumed to be centered within the point cloud representing the 
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tree. A graph contains vertices connected by edges. For every point cloud point the distance to the closest 
edge is taken. The cylinder length is given by the extracted branch length and the cylinder diameter as the 
maximum closest to the median of a binned histogram of the scan point distances to the branches 
represented by the segmented skeleton. 

We calculate for every branch the volume of the half cone based on the diameters extracted at the branch 
base and branch end. For branches where only one diameter was extractable the cylindrical volume was 
taken. This case of one diameter can occur on finer branches when the branch end is strongly 
undersampled.  

  
Figure 2: Example Skeletons of an appletree (Apple 4) on the left and a beech tree on the right (Beech 2) 

It was shown in (Bucksch and Fleck 2010), which utilized the same six apple trees as this study, that the 
frequency distributions of the branch diameters show excellent correlation with manual measured field data 
while the detectable branch length is shorter than the manually measured one. For very thin branches 
(<1.5cm diameter) an insufficient amount of points for estimating the diameter was obtained. Because of that 
we assumed a constant diameter for all branches represented in the skeleton where no diameter could be 
obtained. In case of the six apple trees we assumed 1cm diameter. For the beech trees we assumed 5cm, 
because the distance between scanner and crown is much bigger than for the apple tree. This larger 
distance causes undersampling to be present on thicker branches (compare Figure 1 and Figure 2). These 
constant factors were applied to the difference between the total detected skeleton length and the skeleton 
length resulting in an estimated diameter. Noise can cause the skeletonization to fail and results in diameter 
estimations for finer branches in the upper crown much larger than the estimated trunk diameter. For this 
reason we rejected volume measurements bigger than the stem diameter.  

3. Results 
In Table 1 a one-to-one comparison of the collected field data and the automatic measurements is shown. 
The influence of the branch segmentation is minor. The results for the six apple trees show that the 
estimated biomass varies on average by 1.18 liters from the field measurements. The reason for the less 
good biomass extraction for apple can be found in the fact that a major branch was removed by pruning 
between laser and field measurement. For all apple trees the detected overall length of the branching system 
was between 60% and 85% of the manually measured length. 

For the forest scenario no reliable biovolume estimation could be found. Though the used allometric 
relationship for beech is based on extensive measurements that were extremely well correlated 
(Rademacher et al. 2009), it cannot be excluded that it was not appropriate for the beech trees in our study, 
since allometric relationships are highly site specific and may vary substantially between regions. Also the 
estimated specific weight may not necessarily be accurate, especially for the fine branches of the 
investigated beech trees. The scanned beech trees were harvested after scanning and their biovoume was 
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additionally assessed using randomized branch sampling (RBS). The results of this assessment were not yet 
available for this summary, but will be reported on the conference. 

Table 1: Comparison of the obtained biomass by manual field and automatic measurement. The 
measurements were corrected by assuming a 1cm diameter for the apple trees and 5cm for the beech trees 

where no diameter was estimatable. 

Tree Biovolume automatic measurement 
(uncorrected / corrected) in litres 

Biovolume field measurement in 
litres and difference to the automatic 
measurement 

Apple 1 8.5 / 11.8 10.3 (-1.5) 
Apple 2 3.4/ 6.4  8.3 (+1.9) 
Apple 3 1.2 / 2.4 2.8 (+0.4) 
Apple 4 5.2 / 5.6 7.0 (+1.4) 
Apple 5 18.6 / 20.4 18.7 (-1.7) 
Apple 6 10.4 / 13.2 13.0 (-0.2) 
Beech 1 939 / 1102 1446.0 (+344.0) 
Beech 2 1394 / 1568 2740.0 (+1172.0) 

4. Conclusions 
From these prelimary results we conclude that skeletonization can be used to determine the biovolume of an 
individual tree. On average a differce of 1.18 litres to the manual measurement was found. Still, the results 
on forest trees have to be evaluated against manual field measurements that are carried out at the North-
West German Forest Research Station. Further research will aim on the possibility to extract the branch 
diameters more robustly. 

We found that the results of the biomass estimation on the apple trees may be further improved by 
investigating he influence of the resolution parameter in the skeleton extraction process. 
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Abstract 

Climate changes, insect damages, and browsing pressure by herbivores are causing changes of the sub 
arctic tree line, as well as in the presence of low shrubs of salix species in the mountain heaths above the 
tree line. These changes are however difficult to monitor with manual methods because of the complex 
mosaic pattern of the forest-tundra ecotone. The possibility to map this ecotone with airborne laser scanning 
(ALS) has therefore been tested at a site 6 km SE Abisko in northern Sweden (Lat N 68° 20’, Long E 19° 1’, 
400-800 m a.s.l.). ALS point cloud data above ground and 10 m radius field plots were used to estimate 
regression models for maximum tree height, above ground tree biomass, and canopy closure, with relative 
RMSE 9.3%, 25.1% and 23.6%, respectively. Preliminary results show a strong potential of ALS as a future 
method to monitor changes in the arctic tree-line ecotone. 

 

1. Introduction 
The sub arctic and alpine tree lines in northern Scandinavia constitutes most often of birch forest dominated 
by mountain birch (Betula pubescence spp. Czerepanovii). These forests are characterized by low, often 
bent, trees with slow growth and umbrella-like canopies. The trees have limited commercial value and not 
much systematic monitoring of them have been done in the past (Tømmervik et al. 2009). There is however 
a growing interest especially for monitoring of the tree line, which is supposed to move to higher altitudes, 
and further north with a warmer climate (Kullman 1998, 2010). A sometimes predicted dramatic change of 
the tree line would affect animals and plants, as well as existing land use like reindeer herding and tourism. 
Tree line changes in the north would also influence global carbon budgets (Sjögersten and Wookey 2009). In 
addition to climate, the position of the tree line is also influenced by other factors, like browsing by moose 
and reindeer, human actions, and insect attacks. Especially the Autumnal Moth (Epirrata autumnata) will 
defoliate large areas with intervals of about a decade. The above factors, and in particular the local climate, 
will at many places contribute to a border between birch forest and mountain heath that has a very complex 
mosaic pattern. This border is difficult to monitor with pure field methods. The use of manual photo 
interpretation is also unreliable and dependent on the interpreter (Heiskanen et al. 2008). Optical satellite 
data could be used for large area overviews of the taiga-tundra tree line (Hill et al. 2007). Satellite data will 
however not provide a detailed assessment of the structure, biomass and height of the tree line ecotone, 
neither will single tree be detected with this method. 

 

Early studies have already shown that scattered trees on the mountain heath above the forest can be 
detected by laser scanning (Næsset and Nelson 2007, Rees 2007). There is however also an interest to 
monitor the structure of the tree line ecotone, including biomass, tree height and canopy closure for the tree 
vegetation in the transition zone between open mountain heath and closed mountain birch forest. A multitude 
of earlier studies have showed that laser scanning works well for estimating the managed boreal forests in 
Scandinavia using empirical modeling of laser data features as explanatory variables for forest features 
measured on field plots (Næsset et al. 2004). The aim of this paper is to investigate how well a similar 
approach will work when applied to mountain birch forest in the ecotone towards the open mountain heath. 
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2. Materials and methods 

2.1 Study area 

The study area is located 6 km SE Abisko in the northern Sweden, centred around Lat N 68°20’, Long 
E 19°1’, 440-700 m a.s.l. (Figure 1). The forest in the study area is subalpine birch forest dominated by 
mountain birch (Betula Pubescens ssp czerepanovii) but a few Junipers, Rowens and Salix taller than 2 m 
could also be found. The birches in the area was of the multi-stem type with often several stems sharing the 
she same root system. Sample plots were placed in a smaller area (0.7 km2) in the ecotone between birch 
forest and tundra. This area was characterized of a pattern of forest and mountain heath vegetation and 
located at an altitude of 500- 700 m a.s.l. 

 

 
 

Figure 1. Location of the test area, the red polygon in the right map is the laser scanned area and the 
regular pattern of dots is the sample plots. 

2.2 Field data 

The field inventory was performed one year after the laser scanning, during four weeks in August 2009. A 
100 m spaced grid of 88 sample plots was surveyed and marked permanently to enable future re-inventory. 
The coordinates for the north-west corner of the grid was randomly selected inside a 100x100 m rectangle. 
The grid was aligned orthogonal to the main slope direction. In total 31 of the sample plots had no trees at all 
taller than 2 m. The reason for field inventing empty sample plots was to document the whole transition zone 
between forest and heath, as well as to be able to come back in the future and detect if new trees have been 
established. 

A Garmin eTrex Vista HCx GPS was used to navigate to the sample plots. When 10 m remained to the plot 
centre, navigation with GPS was cancelled and a measuring tape was used to navigate the last 10 m. This 
method was used to avoid bias caused by the surveyor. The plot centre position was measured with an RTK-
GPS (Trimble R7) with the base station placed 6 km away, at the research station in Abisko. 

The sample plots had a radius of 10 m and the border was measured with an ultrasonic positioning system 
(UPS). Trees with a common root system or overlapping crowns were grouped. For each group, position was 
measured with the UPS and maximum tree height was measured with a measuring pole. All tree stems taller 
than 2 m and with at least 30 mm DBH, i.e. stem diameter at 1.3 m along the stem from ground, was 
callipered and linked to the main tree in the tree group. The number of stems taller than 2 m but less than 
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30 mm at DBH was counted. Width and length of an ellipsoid describing the outline of the canopy for the tree 
group was measured for every fifth group with a measuring tape. A linear regression model was used to 
estimate the crown area for all tree groups using the following explanatory variables: tree basal area, number 
of trees in the group, tree height, and number of trees taller than 2 m but less than 30 mm DBH. The total 
canopy closure (CC) for a sample plot was calculated as the sum of the area of all ellipsoids divided by the 
sample plot area. Type and coverage of understory vegetation was noted for all plots. 

 

Functions for estimating above ground tree biomass (AGB) from measures of the tree stems existed from 
previous studies in the Abisko area (Dahlberg et al. 2004). Two different biomass functions were used: for 
trees with field measured height, DBH and tree height was used as explanatory variables in the function, 
otherwise, where tree height not was measured, only DBH was used. 

Table 1. Summary statistics of the field data on the 57 non-empty sample plots. 

Definition Unit Abbr. Mean Mina Max N 
Stem diameter mm DBH 65 30 266 1698 
Stem density b ha-1  948 32 2165 57 
Maximum tree height c m MH 6.6 2.4 10.5 57 
Biomass d t ha-1 AGB 13.8 0.06 44.1 57 
Canopy closure c - CC 0.392 0.005 1.031 57 

 
1. a the lowest non-zero value 
2. b Stems taller than 2 m and >30 mm DBH. 
3. c On sample plot level. 
4. d Above ground tree biomass on sample plot level. 

2.3 Laser data acquisition 

A TopEye MkII laser scanner, operated by Blom Sweden, mounted on a helicopter was used to collect laser 
data. The scanning was performed on August 1, 2008 under leaf-on conditions. Flight altitude was about 
500 m above ground, which resulted in a foot-print size of 50 cm on ground. The pulse repetition frequency 
was 50 kHz, the scan frequency 35 Hz. The wavelength was 1064 nm and the length of each pulse was 4 ns 
(=1.2 m). The scan pattern was an ellipsoidal Palmer scan with swath ±20 degrees and ±14 degrees along 
the flight lines both measured from the vertical line. Flight lines were performed in north-west direction and 
overlapping data has not been modified. First and last echo were registered for each emitted pulse. The 
average point density on the sample plots was 13 m-2, minimum 3.6 m-2, and maximum 32 m-2. 

2.4 Laser data processing 

The laser data were pre-processed by the contractor and delivered as LAS-files. TerraScan (Soininen 2010) 
from Terrasolid was used to classify the point cloud into ground and non ground points (Axelsson 1999, 
2000). A maximum terrain angle of 88 degrees and an iteration angle of 6 degrees was used. The statistical 
software R and in house developed programs was used to further process the point cloud. 

A Digital Elevation Model (DEM) with 0.5 meter grid size, representing the ground level, was created. A 
Digital Surface Model (DSM) was created by assigning each raster cell the maximum z-value for laser 
returns classified as vegetation by TerraScan. A normalised DSM (nDSM) was calculated by subtracting the 
DEM from the DSM. Canopy heights (CH) were, as an alternative, also calculated by subtracting the DEM 
from the z-value of each laser return. 

 

Percentiles ( ) in steps of 5% were calculated on the nDSM, using values above a height threshold 
defined as the maximum value of 1 m and 10% of the maximum nDSM value inside the sample plot. 
Percentiles were also calculated on the CH-vector. 
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Vegetation ratio ( ) was determined from the CH-vector by dividing number of hits above 2 m with the total 
number of returns inside the sample plot. Standard deviation ( ) and mean vegetation height (MVH) was 
calculated on the nDSM and on the CH-vector. 

2.5 Model development 

The correspondence between field plot data and measures from the ALS point cloud above ground were 
used to estimate regression models for the dependent variables maximum height (MH), above ground tree 
biomass (AGB), and canopy closure (CC). Both dependent variables and independent variables were ln-
transformed in the following way: . The ln-transform was not used for the maximum height model. 

 

Selection of independent variables to the models was in a first step done using best subset regression. In the 
second step the number of independent variables was reduced to not be correlated. Variance Inflation 
Factors (VIF) was used to check multicollinearity for the independent variables. 

Candidates as independent variables were: percentiles (  or ), vegetation ratio ( ), mean 
vegetation height (  or ), and standard deviation (  or ) of vegetation 
height. 

The models on sample plot level for maximum height (MH), above ground tree biomass (AGB), and canopy 
closure (CC) were estimated with equations                                                                              (1)–   (3). 

 

                                                                             (1) 

  (2) 

   (3) 

 

Equation   (2) and    (3) were back-transformed in prior to evaluation. Logarithmic bias was corrected by 
multiplying with a correction coefficient (Holm 1977): 

                                                                                                           

(4) 

where  are the field measured values and  the estimated values. RMSE was calculated using leave one 
out cross-validation on sample plot level. 

2.6 Raster maps 

Raster maps were calculated from the models (equation                                                                              (1),   
(2), and    (3)). The pixels were 10×10 m. Each pixel was calculated from laser data within a circular area 
with 10 m in radius, centred in the pixel centre. 

 

3. Results 
Regression models with low errors and high coefficients of determination could be constructed using as little 
as maximum two independent variables (Table 2). More than 50 independent variables, were tested for 
inclusion in the models, the few variables in the final models were selected based on their significance and 
limited correlation. The model for maximum height had, as expected, the lowest relative RMSE (Table 2). A 
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few outliers could be observed for all predicted variables (Figure 2). In the raster map one can observe 
higher biomass in steeper terrain and the mosaic patterned tree-line ecotone (Figure 3). 

Table 2. Summary of the models (equation                                                                              (1),   (2), and    
(3)). 

Dependent variable Unit Indep. variables, significance 
a 

R2 adj. RMSE rRMSE 

Maximum height m   
 *** 

0.92 0.61 9.3 % 

Biomass b t ha-1    
 *** *** 

0.97 3.47 25.1 % 

Canopy closure -   
 *** ** 

0.91 0.093 23.6 % 

 
5. a Abbreviation of significance (p): *=0.1, **=0.01, ***=0.001 
6. b Above ground tree biomass 

 

Figure 2. One-to-one plots of field based data versus laser estimates for maximum height (left), above 
ground tree biomass (middle), and canopy closure (right). Sample plots with trees below two meters were 

removed (dashed vertical line in the left plot). 
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Figure 3. Example of a raster map derived from the model (equation   (2)) for above ground tree biomass (t 
ha-1). The black dots are the sample plots. Remark: This map is extrapolated outside the area calibrated with 

field plots. 

4. Discussion 
In this study, maximum height, above ground tree biomass, and canopy closure for mountain birch forest 
were sucessfully estimated from the ALS point cloud data. This is to our knowledge the first time that ALS 
based biomass estimates for these forests has been reported, since earlier ALS studies of mountain birch 
has concentrated on the existence of forested areas (Rees 2007), and the existence of pioneer trees 
(Næsset and Nelson 2007, Næsset 2009). In spite of the irregular shape of the stems which also grows in 
gropus and most often are leaning, and the the umbrella like tree canopies, surprisingly good results were 
achived. The plot level accuracy obtained is only slightly worse than that obtained in the managed boreal 
forest with taller and more regularly shaped trees. 

In one sample plot, the canopy closure estimated from field data is slightly above 1. The reason is that 
canopy area was only measured for every fifth tree group and calculated using a regression model to the 
others. In this sample plot there were several trees with large DBH and therefore high assigned canopy area. 

The model for maximum height has the lowest RMSE. This can be explained by the fact that heights are 
directly measured both by the laser scanner, and in field. The biomass estimates were based on the 
correlation between laser data point cloud features and an allometric biomass model driven by field surveyed 
stem diameter measurements. These allometric relationships are not as well behaved in the mountain birch 
forest as in the normal boreal forest (Dahlberg et al. 2004). In the case of canopy closure, it was a bit 
surprising that the best function not included the vegetation ratio; the largest error in the canopy closure 
model is however most likely due to uncertainties in the field estimates of canopy closure. 

The raster map show the mosaic patterned transition between forest and mountain heath. It is evident from 
these maps that it would be difficult to draw a line defined as the tree-line. Another interesting notation in the 
raster map is that the trees appear to be taller and the forest appears to have higher biomass in steeper 
terrain. 

As seen, airborne laser scanning have high potential to become a method to monitor the subalpine birch 
forest ecotone. In order to test a monitoring system for the mountain birch forest, there is a need to continue 
with multitemporal studies. 
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Abstract 

Climate change has been observed to be related to the increase of forest insect damages in the boreal zone. 
The prediction of the changes in the distribution of insect-caused forest damages has become a topical issue 
in the field of forest research. The common pine sawfly (Diprion pini L.) (Hymenoptera, Diprionidae) is 
regarded as a significant threat to boreal pine forests. Defoliation by D. pini caused severe growth losses and 
tree mortality of Scots pine (Pinus sylvestris L.) (Pinaceae). Logistic regression is commonly used in 
modelling the probability of occurrence of an event. In this study the logistic regression was investigated for 
predicting the needle loss of individual Scots pines (pine) using the features derived from airborne laser 
scanning (ALS) data. The defoliation level of 164 trees was determined subjectively in the field. Statistical 
ALS features were extracted for single trees and used as independent variables in logistic regression 
models. Classification accuracy of defoliation was 87.8% as respective kappa-value was 0.82. For 
comparison, only penetration features were selected and classification accuracy of 78.0% was achieved 
(kappa=0.56). Based on the results, it is concluded that ALS based prediction of needle losses is capable to 
provide accurate estimates for individual trees.  

Keywords: ALS, needle loss, Diprion pini, logistic regression, forest disturbances 

 

1. Introduction 
In Finland, approximately 76% of the land surface is forested, which is the highest percentage amongst the 
European countries. The forests have a high impact on the Finnish economy and environment. The Climate 
change has caused rising temperatures throughout the world in the present. Ecological balance has been 
interrupted, causing among other things pest damages in managed forests (Dale et al. 2001, Evans et al. 
2002). The speed of change seems to be even higher at higher latitudes, as in Scandinavia. 

 

Forest insects, formerly regarded as harmless species, are now chancing into pest status and causing 
serious damages in Finland (Lyytikäinen-Saarenmaa and Tomppo 2002, de Somviele et al. 2007). Economic 
losses caused by defoliators can be considerable, approximately 300–1000 eur perha, depending on 
intensity of needle loss. It can require over a one decade for a tree to fully recover (Lyytikäinen-Saarenmaa 
et al. 2006). 

Systems for a rapid assessment of forest areas affected by hazardous events and the monitoring of those 
areas gain high importance (Lyytikäinen-Saarenmaa et al. 2008). The symptoms of forest damage caused by 
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insects are in many cases visible from far distances. Some types of forest damage such as crown 
discoloration, defoliation and dieback are even more visible from the bird’s eye view than from the ground. 
Especially a better assessment of the dispersion and range extension pattern is possible based on remote 
sensing (RS) data. RS can produce data for large areas of remote, inaccessible forest lands quickly and at a 
much lower cost than ground surveys (Ciesla 2000, Hall et al. 2007). 

 

Recent development of RS technologies in particular airborne laser scanning (ALS) techniques has given 
new perspectives to the forest inventory and monitoring. With the capability of directly measuring forest 
structure, including canopy height and crown dimensions, ALS is increasingly used for forest inventories at 
different levels. Previous studies have shown that ALS-data can be used to estimate a variety of forest 
inventory attributes including tree, plot and stand level estimates for tree height (Falkowski et al. 2006, 
Hyyppä and Inkinen 1999, Magnussen et al. 1999, Maltamo et al. 2004), biomass (Bortolot and Wynne 2005, 
Lefsky et al. 1999, van Aardt et al. 2008), volume (Hyyppä et al. 2001, Næsset 1997, Wallerman and 
Holmgren 2007), basal area (Lefsky et al. 1999, Means et al. 2000, Næsset 2002) and tree species 
(Brandtberg 2007, Holmgren and Persson 2004, van Aardt et al. 2008). ALS is also promising method for 
predicting, detecting and monitoring forest hazards, e.g. defoliation because of its capability of direct 
measurement of vegetation structure. There are several recent studies and method developments to achieve 
more accurate ALS-based biomass detection (Sohlberg et al. 2006, Zhao et al. 2009, Hawbaker et al. 2009). 
The accuracies for detection of defoliated trees has not been reported yet, although single trees biomass 
and defoliation level are highly correlated (see e.g. Hyyppä et al. 2009). 

 

The aim of the present study was to test the accuracy of the needle loss predictions determined from the 
ALS data with single trees canopy-based statistical features. Logistic regression models were used in the 
estimation. 

 

2. Material and methods 

2.1. Study area 

Study was performed in Ilomantsi district, in Eastern Finland (62°53´, 30°54´, fig. 1). The study area was total 
of 34.5 km2. The study area was located in a region where D. pini has caused considerable damages in an 
area of 10 000 ha during past 10 years. The inventory was taken during May and June 2009. The forests in 
the study area are mainly pure pine stands growing on dry to dryish sandy soil sites. The majority of the 
stands are young or middle-aged forests having the average age of 53 years and diameter of 14.7 cm, 
respectively. 

 

2.2. Field measurements 

The visual assessment of defoliation percentage was carried out for every individual Scots pine. A sample of 
164 of pines were selected to this study. The trees were located with a Trimble Pro XH (Trimble Navigation 
Ltd., Sunnyvale, CA, USA), which can reach up to 30 cm precision.The intensity of defoliation of a single tree 
was visually estimated from different directions according to Eichhorn (1998), comparing the tree under 
investigation to a reference tree with full healthy foliage in the same site type. In this study an accuracy of 
10% was used. The defoliation percentage of 20 % was determined as a boundary of severe needle loss. 
The number of trees with severe needle loss was 84 as 80 trees were classified as healthy trees. Tree 
heights describing the size distribution with in classes in presented figure 2.  
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Figure 1:Map of the study area Figure 2. Plotted heights of healthy and defoliated trees. X-axel 
presents the number of a tree in class i and y-axel presents the 

height of a tree in class i. 

 

2.3. Remote sensing materials 

The ALS data were acquired on July 2008 with a Leica ALS50-II SN058 laser scanner (Leica Geosystem 
AG, Heerbrugg, Switzerland). The flying altitude was 500 m at speed of 80 knots, a field of view of 30 
degrees, a pulse rate of 150 kHz and a scan rate of 52 Hz. The density of the returned pulses within the field 
plots was approximately 20 pulses per m2.  

ALS data were first classified into ground or non-ground points using the standard approach of the 
TerraScan based on the method explained by Axelsson (2000). A digital terrain model was created by using 
classified ground points. Laser heights above ground (normalized height or canopy height) were calculated 
by subtracting ground elevation from corresponding laser measurements. Canopy heights close to zero were 
considered as ground returns and heights greater than 2 m were considered as vegetation returns. The laser 
returns between them were considered as returns from ground vegetation or bushes. Only the returns from 
vegetation were used for tree feature extraction. 

2.4. Tree detection and feature extraction 

A raster canopy height model (CHM) was created from normalized data for individual tree detection and 
crown segmentation. Single tree segmentations were performed on CHM images using a minimum 
curvature-based region detector. During the segmentation processes, the tree crown shape and location of 
individual trees were determined. The procedure consisted of the following steps: 

 

1. CHM was smoothed with a Gaussian filter to remove small variations on crown surface. The degree of 
smooth is determined by the value of standard deviation (Gaussian scale) and kernel size of the filter. 

2. Minimum curvatures were calculated. Minimum curvature is one of the principal curvatures. For a surface 
like CHM, higher value of minimum curvature describes tree top.  

3. The smoothed CHM image was then scaled based on the computed minimum curvature resulting in a 
smoothed yet contrast stretched image. 
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4. Local maxima were then searched in a given neighbourhood. They were considered as tree tops and 
used as markers in the following marker controlled watershed transformation for tree crown delineations .  

Each segment was considered to present a single tree crown. Laser returns falling within each individual tree 
segment were extracted and canopy height of these returns were used for deriving tree features (Table 1). 

Table 1. Features extracted from ALS data for trees 

Feature Description
Hmax Maximum laser height
Hmean Arithmetic mean of laser heights
Hstd Proportion of vegetation hits
CH Crown height
CA Crown area as a convex hull
CV Crown area as a convex hull in 3D
HP10‐90 Heights 0th‐90th percentile
DS10‐90  Percentage of returns below 10‐90% of total height
MaxD Maximum crown diameter when crown was considered as a ellipse  

2.5. Logistic regression 

The probability of a defoliation class of a single tree was modelled with multiple logistic regression using the 
function glm in the R statistical package (R Development Core Team, 2007). Logistic regression is commonly 
used in modelling the probability of occurrence of an event. In logistic regression, logit transformation is used 
to make the relationship between the response probability and the explanatory variables linear. The multiple 
logistic regression model is expressed as: 

logit(p) = ln[p/(1-p)] = β0 + β1x1 + β2x2 +….......+ βnxn ,   (1) 

,where p is a probability for an event to occur and x1…xn are the variables explaining the probability. The 

predicted probabilities are calculated by transforming back to the original scale:  

p = exp (logit(p))/[1 + exp(logit(p))].     (2) 

For selecting the independent variables in the models, stepwise logistic regression was applied. 
Classification accuracy (%) and kappa-values were calculated for accuracy observation. 

3. Results 
The defoliation levels of single trees were predicted by using two different logistic regression models. In the 
first model all the features (table 1) were used as preliminary variables. The best features of them were 
chosen using stepwise logistic regression (table 2). The classification accuracy of the model was 87.8% and 
respective kappa-value was 0.82.  

Table 2. Parameters used in the model were 
all the extracted ALS-features were used as 

a preliminary variable 

In the second model, only the percentages of returns 
below certain relative heights (10-90%) were used as 
preliminary variables. The assumption was that there is 
more laser pulse returns from lower relative heights as 
the defoliation level increases. The classification 
accuracy of the model (Table 3.) was 78.0% (kappa-
value = 0.56). DS features and predicted defoliation 
probability are plotted in figure 3. Correlations with 
predicted defoliation probability and DS10, DS30, DS50, 
DS70 and DS90 were 0.62, 0.63, 0.64, 0.35 and -0.22 
respectively. 

Estimate Std. Error z value Pr(> |z|)
Intercept -20.2010 3.5325 -5.72 0.0000 
Hmax -1.9063 0.4327 -4.41 0.0000 
Hmean 3.0903 0.5702 5.42 0.0000 
Hstd 2.4238 0.6193 3.91 0.0001 
DS40 -15.1475 6.5149 -2.33 0.0201 
DS60 29.7942 7.3697 4.04 0.0001 
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Table 3. Parameters used in the model were only the percentages of returns below certain relative heights 
were used as a preliminary variable 

Estimate Std. Error z value Pr(> |z|) 

Intercept -1.9754 0.9645 -2.05 0.0406 

DS60 18.2783 2.8710 6.37 0.0000 

DS80 -9.0043 1.9887 -4.53 0.0000 

 

0.0 0.1 0.2 0.3 0.4 0.5 0.6

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

DS10

P
re

di
ct

ed
 d

ef
ol

ia
tio

n 
pr

ob
ab

ili
ty

0.0 0.1 0.2 0.3 0.4 0.5 0.6

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

DS30

P
re

di
ct

ed
 d

ef
ol

ia
tio

n 
pr

ob
ab

ili
ty

0.0 0.1 0.2 0.3 0.4 0.5 0.6

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

DS50

P
re

di
ct

ed
 d

ef
ol

ia
tio

n 
pr

ob
ab

ili
ty

0.1 0.2 0.3 0.4 0.5 0.6 0.7

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

DS70

P
re

di
ct

ed
 d

ef
ol

ia
tio

n 
pr

ob
ab

ili
ty

 

Figure 3. Plotted DS features (from 10%, 30%, 50% and 70% heights)  

vs. predicted defoliation probability. 

 

4. Discussion 
In this study the statistical ALS features were tested in classification of defoliation of individual trees. The 
logistic regression was used in estimation. The analysed trees were classified into two different classes, 
defoliated and healthy trees. This classification enables to test if it is possible to detect defoliation from ALS 
data. 

 

Both health and defoliated trees were collected from the same study area. It was typical in the study area 
that taller and older trees in dominant canopy strata were more defoliated than younger ones. To achieve 
reliable results, affect of tree size and age had to be eliminated. From that reason the analysis was limited to 
a smaller sample set (164 trees) to get same sized and aged trees to the both classes. In this study the 
defoliation level was estimated visually, which could easily cause deviation in results if the surveyor were not 
a professional. Naked-eye calibration is essential when two or more researchers are estimating the critical 
variable. 
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According to the study results it may be possible to detect the trees and forest stands with high level of 
defoliation. This may be important information for detecting and mapping insect damages which are usually 
rare and clustered phenomena. It may also be meaningful auxiliary information for improving the inventory of 
forest damages. For example with RS data, the stratification could be carried out by focusing on more plots 
in areas where pest damage could already be detected from the material. 

 

Further studies will be focused on test the classification accuracy with more defoliation classes. Although, 
from practical point of view, it is most important to detect areas severe defoliation so the use of only two 
classes in our first tests were justified. When several defoliation classes are used, non parametric estimation 
methods will also be tested. The optimal feature extraction and selection for this kind of purpose should be 
studied further. In Finland, when ALS data is collected for practical forest inventory, same-date aerial images 
are also gathered. The use of spectral values extracted from the aerial images or ALS intensity could 
enhance the classification accuracy. 
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1. Introduction 
The potential of airborne LiDAR for tree vitality assessment is explored as one of many techniques in the 
framework of the EU project FutMon (Further Development and Implementation of an EU-level Forest 
Monitoring System). Leaf area index (L) has been frequently used as parameter for tree vitality assessment. 
Up to now, it has been virtually impossible to exactly determine L. Therefore, different approaches to 
estimate L have been developed. The measured objects are identical and theory behind the indirect 
approaches is similar, with gap fraction being the basic quantity for all calculations. In this study, we oppose 
a direct method (leaf area determination from litter traps) to indirect methods of L determination (LAI-2000, 
TLS, ALS after Solberg et al. 2006). The direct method is used as reference method, giving most likely the 
value which is closest to the real L. 

While a homogeneous distribution of leaves throughout the canopy is assumed for all indirect methods, leaf 
biomass may be shifted to lower crown layers under conditions of stress (Leuschner et al. 2009). We 
hypothesize that these stress induced leaf distribution patterns affect the accuracy of indirect terrestrial 
methods more than the airborne method. Furthermore, we analyze the hypothesis that there are differences 
between the two different analyzed species. 

 

2. Material and methods 
We chose two study areas: one is dominated by oak (60 km², 51.487° North, 9.519° East), the other one by 
beech (18 km², 50.658° North, 8.653° East), both are situated in temperate forests in Central Germany.  

We established 20 plots with a size of 50 by 50m in each study area, where we conducted comprehensive 
field measurements. Each plot had a grid of 16 points, where we measured the effective plant area index 
(PLe) with the Plant Canopy Analyzer (LAI-2000 Li-Cor, Lincoln, Nebraska, USA). In order to gain PLt, the 
plant area index defined as one half of the total surface area of leaves and supporting woody materials per 
unit ground surface, we corrected PLe for clumping with the between-shoot clumping factor Ωe, which we 
measured with TRAC (Tracing Radiation and Architecture of Canopies, (Chen et al. 1997) on a transect of 
120m. The within-shoot clumping factor γe, was set to 1 (Leblanc et al. 2002).  

On 5 plots per site, leaf area index was measure directly. For this, we installed 12 litter traps per plot, 
determined specific leaf area of a subsample and calculated total leaf area per ground area based on the dry 
weight. 

 

Full waveform ALS-measurements were carried out on July 9th and 10th 2009. The airborne scans were done 
in a height of 300m with the TopEye system S/N 724 installed in a helicopter (SE-JIH). With a pulse 
frequency of 170kHz, a scanning frequency of 70Hz, and a maximum scan angle of ±12°, this resulted in a 
mean pulse density of about 60 returns per square meter. The xyz-data was classified into digital elevation 
model and digital surface model. In analogy to the effective plant area index (Le) from the LAI-2000 
measurements, we generated a cut-off level in 1.5m above ground to distinguish echoes from the tree 
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canopy cover (Na) and echoes from the ground or plants below the canopy (Nb). The airborne effective plant 
area index (ALe,) was then calculated as logarithm of the ratio between total number of echoes in the stand 
(Nall) and Nb (Solberg et al. 2006). A pre-study showed that the relationship between measurements of LAI-
2000 and ALS got worse with increasing cutoff-height, except from stands with bracken (Pteridium 
aquilinum) (data not presented). 

 

In addition to ALe, which is based on the gap fraction of the whole canopy higher than 1.5m above ground, 
we distinguished between upper (ALeu) and lower part of the canopy (ALel). The boundary height between 
upper and lower canopy was chosen from histograms of the tree height model of every plot and set to the 
most abundant value of the tree height model, which we assume to be the boundary between shaded and 
sunlit crown.  

 

Terrestrial laser-scanning was conducted with the 3D laser-scanner Imager 5006 (Zoller + Fröhlich GmbH, 
Germany). After combining all scans of a plot by registration of fixed control points lying in the scene with the 
Software Z+F LaserControl, the plots were cut out of the 3D-point cloud along their actual margins (Software 
Cyclone, Leica, Germany) based on posts marking the 4 corner points. The xyz-data were transferred to a 
voxel model. Each voxel had an edge length of 10cm and had to contain at least 5 echoes. Comparable to 
the processing of ALS data, we calculated an effective plant area index for the terrestrial data (TLe) as the 
ratio of total number of voxels to number of voxels from beneath the canopy for the entire crown, and 
subsequently distinguished between TLe for the upper crown (TLeu) and for the lower crown (TLel) using the 
same boundary height. 

 

3. Results and discussion 
As first results, we present general regressions between plant canopy analyzer and laser data. We found a 
strong relationship between PLe and the ALe (Fig. 1). If oak and beech stands are combined, a linear 
relationship with an R² of 0.88 can be observed (p<0.001, y=0.51x+0.117). If the forest types are analyzed 
separately, we can see a stronger relationship between PLe and ALe in beech stands (R² = 0.81, p < 0.001, 
y=0.577x-0.28) compared to oak stands (R²= 0.3, p=0.012, y=0.198x+1.01). In contrast to the overall 
relationship between PLe and ALe, the intercept of PLe and ALe for oak had an intercept that significantly 
differed from zero (p<0.001).  

Fig. 1: Regression (R²=0.88, p<0.001) between effective plant area index measured with the LAI-2000 (PLe) 
and effective plant area index derived from ALS (ALe).  

The relationship between terrestrial LiDAR measurements (TLe) and the PLe was not as distinct as the 
correlation with the airborne data (Fig. 2). In fact, the relationship was positive, but the rate of explained 
variance was rather small (R²=0.21, p=0.012, y=0.030x+1.157) and the intercept significantly different from 
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zero (p<0.001). If the datasets of both forest types are separated, they do not show a trend in beech forests 
but a positive trend is visible in the oak forests (R²=0.34, p= 0.022, y=0.083x+1.006). 

Fig. 2: Regression (R²=0.21, p=0.012) between effective plant area index measured with the LAI-2000 (PLe) 
and effective plant area index derived from TLS (TLe). 

 

The distinction between effective plant area index for upper canopy (Leu) and lower canopy (Lel) led to 
contrary results when airborne and terrestrial data are compared to LAI-2000 measurements. In the airborne 
data, PLe and ALeu, show a significantly positive linear relationship in both forest types (Fig. 3). However, the 
relationship with ALel did not show the same strength of correlation. In beech stands, ALel correlated better 
with PLe than it did in the upper canopy (R²=0.78, p<0.001), while in oak stands the correlation between PLe 
and ALel (R²=0.16, p=0.078) was much worse than that for the upper canopy.  

For Le equivalents from terrestrial laser scanning, we found corresponding trends. TLeu did not correlate with 
PLe in both forest types but TLel was, at least in oak stands, positively correlated to PLe (R²=0.33, p=0.027). 

Fig. 3: Regression between effective plant area index measured with the LAI-2000 (PLe) and effective plant 
area index for the upper canopy based on ALS-measurements (ALeu). The correlation was better for beech 

stands (left, R²=0.69, p<0.001) than for oak stands (right, R²=0.55, p<0.001). 

 

Our first results show species-specific differences when LiDAR and LAI-2000 measurements are compared. 
Similarly, also Riaño et al. (2004) found species-specific differences in the comparison between LiDAR and 
hemispherical pictures. Further results will be shown on the conference and will be discussed with respect to 
the different suitability of airborne and terrestrial measurements for representation of upper and lower part of 
the crown. 
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Abstract 

Over the past two decades there has been an abundance of research demonstrating the utility of airborne 
light detection and ranging (LiDAR) for predicting forest biophysical/inventory variables at the plot and stand 
levels. However, to date there has been little effort to develop a set of protocols for data acquisition and 
processing that would move governments or the forest industry towards cost-effective implementation of this 
technology for strategic and tactical (i.e. operational) forest resource inventories. The goal of this paper is to 
initiate this process by examining the significance of data acquisition intensity (i.e. point density) for 
modelling forest inventory variables. Field data for approximately 200 plots, sampling a broad range of forest 
types and conditions across Ontario, were collected for three study sites. Airborne LiDAR data, characterized 
by 3.2 points m-2 were systematically decimated to produce additional datasets with point densities of 
approximately 1.6 and 0.5 points m-2. Models, derived using stepwise regression, were developed for each of 
the three LiDAR datasets to estimate several forest inventory variables including: (1) basal area (R2=0.25-
0.94); (2) gross total volume (R2=0.46-0.95); (3) gross merchantable volume (R2=0.37-0.94); (4) quadratic 
mean diameter (R2=0.59-0.86); (5) total aboveground biomass (R2=0.26-0.93); (6) average height (R2=0.76-
0.95); (7) top height (R2=0.75-0.98) and density (R2=0.20-0.89). Aside from a few cases, no decimation effect 
was found on the precision of the prediction of these forest variables, which suggests that a point density of 
0.5 points m-2 is sufficient for plot and stand level modelling under these forest conditions. 

 

1. Introduction 
There has been a rapid growth in the application of airborne light detection and ranging (LiDAR) data for 
forestry, especially with respect to the potential production of an enhanced forest resource inventory (eFRI) 
and much improved land base feature delineation. Research into the application of airborne light detection 
and ranging (LiDAR) has demonstrated that accurate (and precise) forest inventory variables can be 
measured and modeled from LiDAR height metrics (van Leeuwen and Nieuwenhuis 2010; Wulder et al. 
2008). These include critical parameters such as mean diameter at breast height (DBH), merchantable 
volume, fractional cover, leaf area index and biomass (Lefsky et al. 2005; Lim and Treitz, 2004; Morsdorf et 
al. 2006; Maltamo et al. 2006; Woods et al. 2008). 

However, standards for the acquisition, processing and application of LiDAR data for forestry and natural 
resources inventory and management are not well defined, nor are they likely to be standardized across all 
inventory variables or forest types. For example, data acquisition standards that determine the optimal 
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acquisition of LiDAR data for forestry (in terms of forest variable estimation and cost efficiency) have not 
been universally defined, nor is there documentation of expert knowledge defining suitable acquisition 
criteria for estimating forest variables. These standards are required if the forest industry is to gain the best 
possible return from the technology across a range of forest conditions and for specific operational 
requirements. This deficiency must be addressed to provide the forest sector, both in industry and 
government with a distinct competitive advantage in achieving truly sustainable forest management that 
encompasses economic, ecological, and social values. 

The overall goal of our research has been to examine acquisition standards for collecting, processing and 
analysing LiDAR data to derive forest inventory attributes that lead to the production of an eFRI for Ontario 
forests. Specifically, a key question that has yet to be fully addressed, and that the forest industry continues 
to ask as it considers operationalizing the use of LiDAR in forest resource inventories, is: What is the optimal 
point density for predicting forest inventory variables? Although research has been conducted on the impact 
of point density on LiDAR metrics (e.g. Hopkinson 2007, Lim et al. 2008; Morsdorf et al. 2008; Næsset 
2009), it is still not clear how LiDAR data collected at different point densities impacts the estimation of a full 
range of forest biophysical variables for forests in Ontario. To investigate this question, we examined the 
impact of three point densities (3.2, 1.6, and 0.5 points m-2) on the prediction of several forest inventory 
variables for forest types common to Ontario. 

 

2. Methodology 

2.1 Study areas 

The three study areas include the Swan Lake Research Forest (SLRF), Petawawa Research Forest (PRF) 
and Romeo-Malette Forest (RMF) (figure 1). 

 

Swan Lake Research Forest 

The SLRF is a 2000 ha forest located 250 km 
north of Toronto within Algonquin Provincial 
Park (45° 28' N, 78° 45' W). The SLRF is 
situated within the Great Lakes–St. Lawrence 
Forest region and comprises mature stands of 
shade– and mid–tolerant hardwoods (sugar 
maple [Acer saccharum Marsh.], American 
beech [Fagus grandifolia Ehrh.], soft maple 
[Acer rubrum L.], yellow birch [Betula 
alleghaniensis Britt.], ironwood [Ostrya 
virginiana (Mill.) K. Koch]), conifers (eastern 
hemlock [Tsuga canadensis (L.) Carrière], 
eastern white pine [Pinus strobus L.], white 
spruce [Picea glauca (Moench) Voss], red 
spruce [Picea rubens Sarg.], eastern larch 
[Larix laricina (Du ROI) K. Koch], eastern white 
cedar [Thuja occidentalis L.], balsam fir [Abies 
balsamea (L.) Mill.]), and minor proportions of 
mid–tolerant and intolerant hardwoods (i.e. 
white birch [Betula papyrifera Marsh.], black 
cherry [Prunus serotina Ehrh.], white ash 
[Fraxinus americana L.], black ash [Fraxinus 
nigra Marsh.], and trembling aspen [Populus 
tremuloides Michx.]). 

 

          Figure 1. Locations of the three study sites in Ontario, Canada 
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Petawawa Research Forest 

The PRF is located approximately 200 km west of Ottawa and 180 km east of North Bay, just east of Chalk 
River, Ontario. The research forest encompasses 10,000 ha of mixed mature natural and plantation forest 
that is representative of the Great Lakes–St. Lawrence Forest and is characterized by eastern white pine, 
red pine (Pinus resinosa Ait.), trembling aspen, and white birch. Red oak (Quercus rubra L.) dominates many 
poor, dry soils. 

 

Romeo-Malette Forest 

The RMF is located in the northeast portion of Ontario’s Boreal Forest near Timmins, Ontario. It is an active 
forest management unit with approximately 532,000 productive forest hectares. The forest is characterized 
by extensive coniferous stands on poorly drained lowlands and gently rising uplands. The dominant species 
are black spruce [Picea mariana (Mill) B.S.P.], white birch, trembling aspen, jack pine [Pinus banksiana 
Lamb.], eastern white cedar, white spruce, eastern larch, and balsam fir.  

 

2.2 LiDAR data 

Airborne LiDAR data were collected in August 2007 for each of the study areas on a strip basis using an 
Optech ALTM 3100 mounted in a Cessna Grand Caravan aircraft. The base mission was flown at 1000 m 
with a 20° field of view (½ angle), scan rate of 54 Hz, and a maximum pulse repetition frequency of 100,000 
Hz. This configuration resulted in a cross track spacing of 0.499 m, an along track spacing of 0.572 m, an 
average sampling density of 3.2 points m-2, and a swath width of approximately 475 m. The LiDAR data were 
classified as ground or non-ground returns by the vendor using the TerraScan software and proprietary 
algorithms. 

 

2.3 Ground reference data 

The forest types sampled were: (i) tolerant hardwoods (i.e. sugar maple, beech, yellow birch) (Tol-Hwd); (ii) 
Great Lakes–St. Lawrence pine communities (i.e. white pine, red pine, jack pine) (GrtLks-Pine); (iii) Boreal 
black spruce (Boreal-SB); (iv) Boreal jack pine (Boreal-PJ); (v) Boreal intolerant hardwoods (i.e. white birch, 
trembling aspen) (Boreal-IH); and (vi) Boreal mixedwoods (Boreal-MW). Ground reference data were 
collected for the three study areas during the periods of November-December 2007 and May-October 2008. 
A circular, fixed area plot of 400 m2 (11.28 m radius) was used for sampling all forest types except the 
tolerant hardwood group, where a 1000 m2 (17.84 m radius) plot size was used to better represent the 
uneven-aged size class structures present. The centre of each circular plot was geo-referenced with a 
Trimble Pro XT™ kinematic GPS unit connected to a Hurricane™ antenna, mounted on a tripod. A minimum 
of 300 points were collected for each post position and later post-processed against a base station to 
achieve sub-meter accuracy.  

 

Each plot had all trees larger than or equal to 10.0 cm measured for DBH with a diameter tape. Each tree 
was assessed for species, status (i.e. live or dead), crown class (i.e. dominant, co-dominant, etc.) and visual 
quality. A Vertex™ hypsometer was used to measure tree height for every tree in the plot. Heights of 
deciduous species were measured during leaf-off conditions to obtain the most accurate height 
measurements possible. The forest variables included in the analysis are presented in table 1. 
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Table 1. The forest variables considered for this analysis. 

Variable Alias 
Basal Area (m2) 
SUMBA = DBH2 * 0.00007854  
Per hectare value calculated by summing each tree per plot. 
 

SUMBA 

Gross Total Volume (m3 ha-1) (Honer, 1983) 
SUMGTV = ß1 * DBH2*(1-0.04365* ß2)2/( ß3+(0.3048 * ß4/Ht)) 
Individual tree volume equation. Coefficients vary by species.  
Per hectare value calculated by summing each tree per plot. 
 

SUMGTV 

Gross Merchantable Volume (m3 ha-1)¥ (Honer, 1983) 
SUMGMV = SUMGTV * (ß1 + ß2(X) + ß3(X)) 
X = [(1+HS/HT)(Dtop2/DBH2)]; HS = Stump Height; HT = Total Height;  
Dtop = Minimum Top Diameter 
Individual tree volume equation. Coefficients vary by species.  
Per hectare value calculated by summing each tree per plot. 
 

SUMGMV 

Density (stems ha-1) 
Number of live trees 10.0 cm and larger expressed per hectare. 
 

DENSITY 

Quadratic Mean DBH (cm) 

( )⎥⎦
⎤

⎢⎣
⎡ ∑ nDBH 2 , where n is stems per plot. 

 

QMDBH 

Average Height (m) 
Calculated as the average height of all trees 10.0 cm and larger. 
 

AVGHT 

Top Height (m) 
Calculated as the average height of the largest 100 stems per hectare. 
 

TOPHT 

Aboveground Biomass (Kg ha-1) (Ter-Mikaelian and Korzukhin, 1997) 
SUMBIO = ß1 * DBHß2 
Individual tree above ground biomass equation. Coefficients vary by species. 
Per hectare value calculated by summing each tree per plot. 

SUMBIO 

¥ Merchantable limits for GMV for all species used a stump height of 20 cm and 10 cm top. 

 

A total of 32 plots were established in the SLRF and assigned to the Tol-Hwd forest type. Similarly, 35 plots 
were established in the PRF and assigned to the GrtLks-Pine forest type while 136 plots were established in 
the RMF, with each plot assigned to one of four forest types (i.e. Boreal-IH, Boreal-MW, Boreal-PJ and 
Boreal-SB). 

2.4 Data Processing 

Normalization 

All LiDAR returns were normalized against a triangulated irregular network (TIN) that was developed using 
the LiDAR returns that were classified as ground. The process involved subtracting from the original z-value 
of a return the z-value on the TIN matching its x-y coordinates. No height threshold (e.g. 2 m) was used to 
filter the LiDAR data. 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 455 

Decimation 

LiDAR data were decimated according to the methodology described by Raber et al. (2007). A decimation 
level 0 (D0) represented the original dataset characterized by a point density of approximately 3.2 points m-

2. The decimation level 1 (D1) LiDAR dataset was derived by taking alternating points along each scan line 
with each scan line retained, thereby increasing the cross track spacing by a factor of two. For the 
decimation level 2 (D2) LiDAR dataset, every fourth point along each scan line was retained, thereby 
increasing the cross track spacing by a factor of 4, and every other scan line was retained, resulting in an 
increase in the along-track spacing by a factor of 2. The systematic decimation resulted in the D1 and D2 
LiDAR datasets possessing point densities of approximately 1.6 and 0.5 points m-2, respectively. 

LiDAR Predictors 

Three types of predictors (i.e. statistical, canopy height, and canopy density) were derived from the 
normalized LiDAR data. The statistical group of predictors included mean height and standard deviation 
(stddev) of LiDAR height measurements. The canopy height predictors consisted of deciles of LiDAR canopy 
height (i.e. p10…p90) and the maximum (max) LiDAR height. For each plot, the range of LiDAR height 
measurements was divided into 10 equal intervals and the cumulative proportion of LiDAR returns found in 
each interval, starting from the lowest interval (i.e. d1), was calculated. Since the last interval always sums to 
a cumulative probability of 1, it was excluded resulting in 9 canopy density metrics (i.e. d1 … d9). The 
remaining two canopy density metrics were calculated as the number of first returns divided by all returns 
intersecting a sample plot (Da) and the number of first and only returns divided by all returns intersecting a 
sample plot (Db). 

 

2.5 Statistical analyses 

Model Building 

Multiple stepwise regressions with a significance level of 0.05 were used for model building. A diagnosis of 
each model was performed to determine if parametric statistical assumptions were satisfied. The Shapiro-
Wilk Test was used to determine if residuals were normally distributed and the Brown-Forsythe Test was 
used to check for the presence of heteroscedasticity (i.e. unequal error variance). As LiDAR predictors have 
been reported to be highly correlated, the variance inflation factors (VIFs) for the predictors used in each 
model were examined. Candidate models where predictors exhibited VIFs greater than 10 were discarded, 
as these would suggest the presence of multi-collinearity in the predictor data (Neter et al. 1996).  

 

Effect of Decimation Treatments 

For each forest variable, predictions from the models constructed for the different decimation levels were 
compared to respective observed values to create a multivariate response vector of absolute prediction 
errors for each plot: 

    ei(j) = [e0i(j), e1i(j), e2i(j)] 

 

where, e0i(j) is the absolute error associated with the undecimated prediction for plot j within each forest/type i 
(Tol-Hwd, GrtLks-Pine, Boreal-PJ, Boreal-SB, Boreal-IH and Boreal-MW): 
 

    )()()( 0ˆ0 jijiji yye −= , 

 

and e1i(j) and e2i(j) denote similar errors for the decimated predictions, 1.6 and 0.5 points m-2, respectively. 
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Prediction errors were then subjected to repeated measures analyses of variance (RMANOVA), treating the 
different forests/types as fixed effects, and making comparisons of the different decimation levels (within-
subject effects) with multivariate tests (Wilks’ lambda). RMANOVA is used when all members of a sample 
are measured repeatedly under a number of different conditions. Within the context of this study, it was a 
particular forest variable for a plot that was repeatedly predicted using LiDAR data of three varying point 
densities. Given repeated measurements, the use of a standard ANOVA is not appropriate (Popescu and 
Zhao, 2008). We contrasted the different decimation levels to test for increases in prediction error that were 
proportional and disproportional to the decimation levels applied (i.e. linear and quadratic contrasts, 
respectively, associated with increasing decimation). With this approach, the following null hypothesis was 
tested for each forest variable: 

 

H0: Decimation of the LiDAR point cloud from 3.2 to 1.6 and 0.5 points m-2 does not reduce 
prediction precision; versus 

 

Ha1: Decimation of the LiDAR point cloud reduces prediction precision proportional to decimation level; 
or 

 

Ha2: Decimation of the LiDAR point cloud reduces prediction precision disproportional to decimation 
level. 

 

In cases where a decimation � forest/type interaction was indicated, similar analyses by forest/type were 
used to reveal the source of interaction. 

 

3. Results and discussion 
For illustration purposes, the models developed for each variable for Boreal-SB plot data are presented in 
table 2. For black spruce, the models typically exhibit very high coefficients of determination (i.e. R2) and 
RMSEs ranging from approximately 4-19%. Variable-by-stand type results indicate that height-related 
models (QMDBH; AVGHT; TOPHT) tended to perform very well (i.e. RMSE < 10%) and volume/biomass-
related models (SUMBA; SUMGTV, SUMGMV, SUMBIO) performed moderately well (RMSE typically 10-
20%). Density models tended to exhibit the highest RMSEs.  
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Table 2. Models (and associated statistical descriptors) developed for variables based on black spruce plots in the RMF. Models are presented for 
each of the decimations levels (i.e. D0, D1, D2). Similar sets of models were developed for SLRF (Tol-Hwd), PRF (GrtLks-Pine), and RMF (Boreal-

PJ, Boreal-SB, Boreal-IH and Boreal-MW). 

 

Variable Dec. 
Level 

Equation R2 R2 
Adj. 

RMSE RMSE 
(%) 

SUMBA 
(m2 ha-1) 

D0 58.9 - 20.2 d5 + 1.58 p50 - 0.379 Db 0.918 0.909 3.01 11.68 
D1 - 0.91 + 2.23 p50 + 0.622 Da 0.910 0.904 3.15 12.22 
D2 48.6 + 1.26 p60 + 1.27 p40 - 0.478 Db 0.935 0.929 2.66 10.33 

SUMGTV 
(m3 ha-1) 

D0 - 702 + 32.1 mean - 210 d6 + 873 d9 - 110 p20 0.949 0.942 17.96 11.04 

D1 - 66.3 + 42.2 mean - 5.59 p30 0.927 0.922 21.52 13.23 
D2 268 + 23.5 mean - 3.30 Db + 4.95 p40 0.942 0.936 19.14 11.77 

SUMGMV 
(m3 ha-1) 

D0 - 114 + 5.63 p40 + 17.4 p90 0.916 0.910 18.19 16.69 

D1 - 182 + 20.1 p80 + 7.02 p40 + 113 d4 0.915 0.907 18.25 16.74 
D2 - 195 + 41.5 mean + 164 d3 - 282 p10 0.939 0.933 15.46 14.18 

DENSITY 
(stems ha-1) 

D0 - 112 - 4076 d3 + 3254 p10 - 159 p30 - 180 p80 - 56.4 Db + 106 p40 + 9705 d9 0.888 0.857 231.84 14.11 
D1 5380 - 4678 d4 + 5580 p10 - 134 p30 - 95.9 p90 0.794 0.766 313.83 19.10 
D2 11212 - 2363 d4 - 204 p90 - 80.4 Db + 70.5 p40 0.861 0.842 257.74 15.69 

QMDBH 
(cm) 

D0 8.03 + 1.18 p90 - 0.327 Da - 0.138 p40 0.838 0.822 0.82 5.80 
D1 8.58 + 1.07 p90 - 0.308 Da 0.783 0.769 0.95 6.72 
D2 2.44 + 1.12 p90 - 0.234 Da + 5.33 d6 0.863 0.850 0.76 5.34 

AVGHT 
(m) 

D0 2.41 + 0.948 p90 + 2.80 d1 - 0.0821 Da 0.951 0.946 0.49 3.81 
D1 1.73 + 0.836 p90 + 2.99 d2 0.941 0.938 0.53 4.16 
D2 2.34 + 0.802 p90 + 2.26 d3 0.936 0.932 0.56 4.34 

TOPHT 
(m) 

D0 2.32 + 0.547 max + 0.436 p90 0.923 0.918 0.69 4.10 
D1 2.10 + 0.578 max + 0.429 p90 0.927 0.922 0.66 3.98 
D2 3.79 + 0.577 max + 0.326 p90 0.903 0.897 0.77 4.58 

SUMBIO 
(kg ha-1) 

D0 -321894 + 15682 mean - 114298 d6 + 427669 d9 0.925 0.918 11 673 11.58 

D1 - 17265 + 21243 mean 0.905 0.902 13 199 13.09 
D2 157912 + 11931 mean - 1752 Db + 3131 p40 0.932 0.925 11 143 11.05 
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For all forest variables tested, overall model prediction precision varied strongly with forest/type (p < 0.01; 
Table 3). Boreal-SB variables tended to be predicted with the greatest precision (lowest mean absolute 
errors) and GrtLks-Pine variables the least precision. The Boreal-SB stands were quite similar in that the 
majority were upland sites with mature black spruce of natural origin, whereas the GrtLks-Pine communities 
were more diverse in terms of species, management and origin. The range of conditions sampled included 
unmanaged white pine, shelterwood white and red pine, thinned and unmanaged red pine plantations as well 
as some natural jack pine stands. In future work, this group will be subdivided further to better consider the 
volume/height relationships for these species and management conditions. 

 

With the exception of 2 of the 8 forest variables tested, we generally found little evidence to reject the null 
hypothesis that decimation of the LiDAR point cloud has no affect on model precision (p > 0.10; Table 3). In 
overall analyses, mean prediction errors tended to increase with decimation for the variables DENSITY and 
AVGHT (p �0.02), but there was evidence to suggest that this situation was not consistent across all 
forest/types studied (p �0.10). More specifically, DENSITY prediction errors for Boreal-PJ increased from 
226 stems ha-1 at 3.2 points m-2, to 299 and 324 stems ha-1 through decimation to 1.6 and 0.5 points m-2 
(decimation linear, p < 0.01). To a lesser extent, prediction errors for GrtLks-Pine increased from 171 stems 
ha-1 at 3.2 points m-2, to 211 and 192 stems ha-1 through decimation to 1.6 and 0.5 points m-2 (decimation 
quadratic, p = 0.09). Thinning treatments had been applied to these forest/types potentially giving rise to 
increased error as a function of insufficient sample size to account for a suitable range of density conditions. 
Similarly, AVGHT prediction errors for Boreal-MW and GrtLks-Pine tended to increase sharply (30 to 40%) 
with the highest level of decimation (i.e. 0.5 points m-2) (decimation quadratic, p �0.10). However, these 
examples appear rare in the context of the overall data set and one may argue that with a significance level 
of 10%, we might expect to observe trends that suggest rejection of H0 up to 10 % of the time simply through 
random chance alone. Thus, 

we feel that it is reasonable to conclude that decimation of the LiDAR point cloud from 3.2 to 1.6 and 0.5 
points m-2 did not reduce the prediction precision of the forest variables tested 

 

 

Table 3. Summary of mean absolute errors for the decimation levels tested and p-values from RMANOVA 
(Wilks' lambda) testing for decimation and forest/type effects and their interaction. (Note that values in 

bold suggest a loss of precision with increasing decimation for some forest/types). 

                 

 
SUMGMV 
m3 ha-1 

SUMGTV 
m3 ha-1 

SUMBA 
m2 ha-1 

DENSITY 
stems ha-

1 
QMDBH 
cm 

AVGHT 
m 

TOPHT 
m 

SUMBIO 
kg ha-1 

Overall mean 
absolute error:         
3.2 points m-2 29.4 29.1 3.4 176 1.69 0.65 0.59 17285 
1.6 points m-2 28.5 29.1 3.3 206 1.69 0.68 0.59 17631 
0.5 points m-2 27.3 30.5 3.4 201 1.52 0.76 0.61 17688 
         
Source of 
variation:         
 Decimation 0.23 0.46 0.94 <0.01 0.09 0.02 0.30 0.62 
 linear 0.10 0.25 0.86 <0.01 0.05 <0.01 0.14 0.56 
 quadratic 0.64 0.29 0.82 0.07 0.08 0.17 0.57 0.80 
 Decimation x  
Forest/Type 0.87 0.72 0.96 <0.01 <0.01 0.10 0.98 0.32 
 Forest/Type <0.01 <0.01 0.02 <0.01 <0.01 <0.01 <0.01 <0.01 
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4. Conclusions 
The results from this research demonstrate that a point density of 0.5 points m-2 is sufficient for the 
estimation of forest inventory variables at the plot and stand levels for the different forest types considered in 
this study. In cases where a decimation effect was observed for a forest variable, the effect may be attributed 
to differences in model form, specifically as it relates to number of predictors used. In short, these results 
indicate that low-density LiDAR based predictions offer significant potential for integration into tactical forest 
resource inventories for Ontario.  
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Abstract 

The sensitivity of a treetop detection algorithm is investigated by automated evaluation of detection 
performance for several parameter combinations. The algorithm consists in digital elevation models 
computation, morphological filtering, Gaussian smoothing and local maxima extraction and selection. The 
analysis is performed on three field plots located in the French Alps. One is a Norway spruce stand while the 
two others are dominated by Silver fir and European beech. Detection rates above 42.9% are achieved with 
less than 4.1% of false positives. Even though some similarities exist regarding resolution and morphological 
filtering, optimal settings determined on one plot performed uncertainly on the others. Besides, optimised 
parameters may depend on both the laser data — mainly point density — and on the forest structure and 
species. 

 

1. Introduction 
In French mountainous forests, timber harvesting is economically sustainable only in areas where tree 
density and individual volume result in sufficient standing value. Indeed, topographical constraints increase 
both harvesting and transport costs. In practical terms, silvicultural operations are reduced to rare operations 
designed to maintain stand structure and made profitable thanks to the felling of very large trees (Ancelin 
et al. 2006). However, there is a renewed interest in mountainous areas in order to exploit woody renewable 
resources and preserve the ecological and social functions of forests. Unfortunately, stand characteristics 
information required for efficient stand management is frequently absent or outdated. 

 

Airborne laser scanning (ALS) is a remote sensing technique whose applications for forest inventory have 
been widely investigated in the past fifteen years. In particular, numerous studies have shown its efficiency 
for single tree identification (Persson et al. 2002, Brandtberg et al. 2003, Popescu and Wynne 2004, Chen 
et al. 2006, Kwak et al. 2007, Heurich 2008). Usual methods rely on the computation of raster elevation 
models which are then filtered by image processing techniques to extract tree tops and delineate tree 
crowns. Several algorithms have been proposed and tested on particular forest contexts. Such techniques 
are of high interest for planning silvicultural and harvesting operations in mountainous forests. However, 
when dealing with large scale forest inventory, few calibration plots and little time for algorithm 
parametrisation are available. Hence the need to control the robustness of algorithms to parameters and 
input data. 

 

The objective of this study is to perform an exploratory evaluation of the sensitivity of a basic tree top 
detection algorithm to parametrisation. Parameters influence is assessed by automatically evaluating 
detection performance for a high number of combinations. Optimum settings obtained on three plots are then 
cross evaluated to test their robustness. 
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a) Plot 1 b) Plot 2a c) Plot 2b 

Figure 1. Height distribution of trees inventoried in the three test plots (frequency in percent as function of 
height classes in metres). Colours refer to tree species (■ Abies alba, ■ Picea abies, ■ Fagus sylvatica, 
■ Larix decidua, ■ Acer pseudoplatanus, ■ Betula sp., ■ Prunus avium, ■ Ilex aquifolium, ■ Sorbus 

aucuparia). 

 

2. Material  

Field data 

The two forest stands investigated in this study are located in the French Alps. Plot 1 is an irregular stand 
dominated by Norway spruce (Picea abies) and located in the Chamonix valley (4516’56ל”N, 0655’53ל”E, 
altitude 1140 m). It was originally established to test new silvicultural strategies designed to improve 
mountainous stands stability and resilience (Mermin and Renaud 1996). The 0.25 ha square plot was first 
inventoried in 1994. The area was divided into squares with markers positioned every 12.5 m with a tape 
measure, a clinometer and a compass. Trees with diameter at breast height (DBH) larger than 7.5 cm had 
their positions to the nearest marker recorded with the same instruments. Plot corners were georeferenced 
using a Trimble GPS Pro XRS receiver. On June, 2nd 2009, the plot inventory was updated. DBH and tree 
heights were measured with a tape and a Vertex III hypsometer. 147 live trees were inventoried, with a 
majority of Norway spruce (89.8% of stems). Other species are silver fir (Abies alba, 5.4%), European larch 
(Larix decidua, 3.4%) and deciduous trees (1.4%). Figure 1(a)[5] displays the distribution of tree heights on 
the plot. 

 

Plot 2 is a study area initially used for real-size rockfall experiments (Dorren et al. 2006), located at Vaujany 
 It is an irregular stand dominated by Silver fir (Abies alba) with a .(E, altitude 1280 m”00’03לN, 06”07’12ל45)
deciduous understory. In 2001 twelve markers were positioned in the hillside. They were georeferenced 
using a Trimble GPS Pro XRS receiver. It is noteworthy that plot boundaries were not previously delimited, 
which resulted in an irregular shape. Trees with a DBH larger than 7.5 cm had their positions to the nearest 
marker recorded with a clinometer and a compass mounted on a tripod and with a laser rangefinder. On 
May, 12th 2009, the plot inventory was updated. DBH and tree heights were measured with a tape and a 
Vertex III hypsometer. For the purposes of this study, the plot is divided into two subplots. In the upper part 
of the study area (subplot 2a, 0.33 ha), 98 live trees were measured. Silver fir and European beech (Fagus 
sylvatica) are dominant (respectively 55.1 and 35.7% of the stems). Sycamore maples (Acer 
pseudoplatanus) are also encountered (7.1%), as well as Norway spruce and European holly (Ilex 
aquifolium) with 1% each. 92 live trees were inventoried in the lower part (plot 2b, 0.34 ha), with a majority of 
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Silver fir (56.5%). European beech (16.3%) and Norway spruce (14.1%) are also present. The remaining 
stems are sycamores (8.7%) and other deciduous trees. Tree height distributions are shown on figure 1  

Laser data 

Table 1. Laser scanner acquisition 
parameters.  

 

Laser data was acquired with a fullwave RIEGL LMS-
Q560 scanner. Acquisition parameters are summarised 
in table 1. Echoes were extracted from the binary 
acquisition files and georeferenced with the RIEGL 
software suite. The contractor also classified the 
resulting point cloud into ground and non-ground 
echoes using the TerraScan software, which 
implements an algorithm based on iterative surface 
reconstruction by triangulated irregular network 
(Axelsson 2000). Plot 2 is located within the overlap of 
two adjacent flight strips which resulted in a high echo 
density (36.6 m-2) whereas point cloud density was 
7.8 m-2 for plot 1. 

 

3. Method 

Workflow 

For each test plot, the input data are the classified point cloud (easting, northing, altitude, classification,) and 
the inventoried trees list (easting, northing, height). Each step of the sequential procedure is explained in the 
following sections:  

 5 calculation of the raster images from the point cloud,  
 6 image processing with morphological and Gaussian filters,  
 7 maxima extraction and selection with variable window size,  
 8 performance assessment. 

Raster calculation 

The digital terrain model (DTM) is computed by bilinear interpolation of laser points classified as ground 
points over a regularly spaced grid of resolution res. The corresponding digital surface model (DSM) is based 
on the highest point recorded in each pixel. A basic, unfilled DSM (DSMb,u) is calculated by affecting to each 
pixel the altitude of the highest point recorded in the cell. An interpolated, filled DSM (DSMi,f ) is calculated 
by bilinear interpolation of the highest points recorded in each cell, at the pixel centres. Void cells left in the 
basic DSM are interpolated from the neighbouring pixels to construct a filled basic DSM (DSMb,f ). On 
contrary pixels in DSMi,f without any laser points have their values erased to construct an unfilled 
interpolated DSM (DSMi,u). Four corresponding crown height models (CHM) are computed by subtracting 
the DTM to the DSMs. 

 

As plot extent was not previously delimited for plots 2a and 2b, raster masks are computed from the tree 
positions and heights. Buffers are constructed around each tree and merged. Remaining holes are filled by 
morphological closing with a 6 m radius structuring element. The previous external border is then 
reconstructed by morphological reconstruction. This procedure is designed to ensure that actual tree tops 

Plot number  1  2  
Flight year  2007  2008 
Wavelength (nm)  1550  1550  
Pulse repetition rate (kHz)  200  200  
Scan frequency (Hz)  104.4  73.3  

Half scan angle (ל)  30  30  
Flight height (m)  550  500  
Laser footprint (m)  0.29  0.27  
Theoretical point spacing (m)  0.45  0.29  

Final echo density (m-2 )  7.8  36.6  



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 464 

are located within the plot mask and therefore reduce border effects during the automated linking of detected 
maxima with inventoried trees. Indeed, due totree tilting and GPS position errors, tree tops may be located 
several metres away from the georeferenced tree trunks. Buffer radius rt for a tree of height ht (m) is rt = 2.1 
+ 0.14 × ht (see paragraph 3.5 for parameters explanation). 

Image processing 

The scanning pattern usually leads to several low or void pixels in the surface models, due to the irregular 
sampling and to the shading effect of trees at the borders of flight strips. This can be seen as a salt-and-
pepper noise and be treated by several morphological filters: median, adaptive median, closing, 
reconstruction. Filter windows (half width) or structuring element (disk radius) sizes are rm 
 Depending on the resolution res, sizes are approximated to the nearest .(metres) {0.25,0.5,0.75,1,1.5,2}א
integer number of pixels. 

 

The final objective is to detect tree tops, i.e. the maxima of trees envelope. Local irregularities of branches 
and more generally of the canopy can be considered as high frequency noise. This can be filtered by 
Gaussian smoothing. Tested filter sizes in metres are σ {0.1,0.2,0.3,0.4,0.5,0.75,1,1.25,1.5,2,3,4 ,0} א. A 
discrete approximation of the continuous filter is used. 

 

Maxima extraction and selection 

Maxima are extracted with a sliding filter of variable size. Pixel values in the resulting maxima image 
correspond to the half width (metres) of the biggest centred square window where the corresponding pixel is 
global maximum in the original image. The plot mask is then applied to the maxima image to set the values 
of all pixels outside the plot to zero. 

 

At this stage there are high chances that some of the local maxima are not actual tree tops but vertical 
branches, dual apexes of deciduous trees... A maxima selection procedure based on a minimum height and 
on the relationship between a maxima height hm and its distance to the nearest higher pixel dm is 
performed. Maxima which do not fulfil the following inequalities are discarded. 

 

 
Their values in the maxima image are set to zero. Tested parameters are (dmin , dprop ) (0.75,0) ,(0.5,0)} א, 
(1,0), (1.5,0), (1.75,0), (2,0), (2.25,0), (2.5,0), (1.5,1⁄80), (1, 1⁄40), (2⁄3,1⁄30), (10⁄25,1⁄25), (0,1⁄20)} and hmin 
 .{0,2.5,5,7.5,10,12.5,15}א

The final list of selected maxima is extracted from the image. Maxima are assumed to be located at the 
centre of the pixels with non-zero values. Maxima heights hm are estimated as the values of the 
corresponding pixels in the morphologically filtered image. Maxima distances to the nearest pixel of higher 
value dm are the values in the maxima image. 

Performance assessment  

An automated procedure is used to link selected maxima to inventoried trees. It is assumed that GPS 
positioning planimetric error Ԗgps is inferior to 1.5 m and that the slope of a tilted tree stree is inferior to 14% 
(value determined by measures performed on the 26 highest trees in plot 2). Height measures accuracy is 
estimated to be Ԗh = 15%. Under these asumptions, the limit matching distance between a selected maxima 
and a field tree top assumed to be vertically located at ht metres above the GPS position of tree T is:  
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with sterrain the terrain slope. For each pair constituted of a tree T and a maxima M of respective heights ht 
and hm, a matching index IT,M is computed as the ratio of the distance between the assumed tree top and 
detected maxima, and dmax (ht ) 

 
The potential pair with the lowest matching index is validated and the lists of remaining maxima and trees are 
updated before reiterating the procedure. Linking ends when all remaining values of IT,C are greater than 1  

For accuracy assessment a trade-off between the true positives ratio (percentage of correctly detected trees 
RTP = NTP/N) and false positives ratio (ratio of unlinked detected maxima to field trees number 
RFP = NFP/N ) has to be found. It is assumed that for every five additional true positives, one false positive 
is tolerated. The accuracy score S is thus computed as : 

 

 
which corresponds to the squared euclidean distance to the perfect match (NFP = 0 and NTP = N) with the 
false positives ratio weighted by a factor 5.  

All computations are performed using Matlab®; and its Image Processing Toolbox. For each plot (1 and 2) 
and also for the subplots (2a and 2b) considered separately, all combinations of parameters (total number: 
1381744) are tested and accuracy results recorded. To assess the precision of tree height estimation, linear 
models are fitted with field height as independent variable and maxima height as dependent variable. 

4. Results 

Optimal settings 

The best scores and corresponding parameter settings for plots 1, 2 and subplots 2a and 2b are displayed in 
table 2. Detection rates above 42% are achieved with respectively 6, 2 and 2 false alarms for plots 1, 2a and 
2b. These results are obtained with the smallest tested resolution (res = 0.2 m). A stronger morphological 
filtering is performed for the Vaujany subplots (2a and 2b) whereas maxima filtering is less selective. Indeed 
the best score is attained for several values of hmin and only maxima that are very close to their nearest 
higher pixel (dmin = 0.5 m) are removed. It is noteworthy that the optimum setting for the entire plot 2 is 
different from those of subplots 2a and 2b considered alone. Moreover, overall accuracy obtained in plot 2 is 
quite lower. 

 

Table 2. Best detection results and corresponding parameter settings.  

 Accuracy assessment Height model Morphological Gaussian Maxima 
selection[6] 

Plot  Score RTP RFP res Model Type rm σ hmin dmin dprop

1  0.32  46.9  4.1  0.2  CHMb,u closing 0.4  0.3  7.5  1  0.025
[7]  

2a  0 .34  42 .9  2.0  0.2  DSMi,f median 1  0.1  5-15 0.5  0[8]  

2b  0 .32  44 .6  2.2  0.2  CHMi,u median 0.8  1  0-7.5 0.5  0[9]  

2  0 .39  38 .9  2.6  0.2  CHMb,i median 1  0.1  12.5  0  0.05  
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In figure 2, field heights of detected trees (ht) ars plotted against corresponding maxima heights (hm). Linear 
regressions show that on plot 1 tree heights are underestimated by about 1 meter (slope: 1.04 and intercept: 
0.93 m). On the Vaujany site, heights of big trees are overestimated whereas small trees are slightly 
underestimated (slopes inferior to 0.91). 

 

   

(a) Plot 1 (b) Plot 2a (c) Plot 2b 

Figure 2. Field height ht plotted against laser estimated height hm for trees correctly detected in the three 
test plots. Red line corresponds to y = x. Blue line is linear regression of ht against hm. Corresponding 

detection settings and accuracy are displayed in table 2 

 

The effect of the various parameters on detection accuracy are displayed in figure 3. Due to the high number 
of combinations only the monotonically increasing border of the point groups envelopes are represented in 
the (RFP ,RTP ) plane, with RFP ≤ 0.2 and RTP ≥ 0.2. For plot 1, resolutions below 0.5 m pixel size give 
similar accuracy (figure 3(a)), whereas for plots 2a and 2b parameter combinations with higher resolutions 
allow better results. On plot 2a, filled DSMs seem well adapted (figure 3(b)), contrary to plots 1 and 2a where 
unfilled CHMs obtain slightly better accuracy. 

 

The median filter performs well in all cases (figure 3(c)) and is particularly superior to other morphological 
filters when employed in plot 2a on a two metres wide square window. Gaussian filter does not seem to 
improve performance in this plot, whereas moderate smoothing (respectively with σ around 0.8 and 0.3 m) is 
advantageous for plots 1 (figure 3(d)) and 2a. 

 

Maxima selection by height thresholds does not enhance detection performance. In plot 2a, maxima 
selection with a fixed radius distance to the nearest higher pixel brings improvement (figure 3(e)), whereas 
selection based on a radius proportional to maxima height performs better with the other plots (figure 3(f)). 

 

Stand sensitivity 

Table 3 shows the detection accuracy obtained on the test plots when the parameter setting is calibrated on 
another plot. Plot 1 parameters result in high false positives rate in the other plots. Plot 2a settings achieve 
the highest number of true positives, but with a relatively large number of false detections in plot 2b. 
Parameters of plot 2b perform poorly. Finally global settings for plot 2 yield an acceptable compromise 
between detection rate and false alarms in all plots 
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(a) Resolution (m, plot 1) (b) Input raster (plot 2a) (c) Morphological filter (plot 2b) 
 

 
(d) σ (m, plot 1) (e) dmin (m, dprop = 0, plot 2a) (f) (dmin,dprop) (plot 1) 
 

Figure 3. Plots in the (RFP,RTP) plane of the monotonically increasing envelopes of points groups obtained 
with various settings for a given parameter. 

Table 3. Accuracy of optimal settings determined on one test plot when used on another plot. Triplets are 
constituted of true positives rate RTP (%), false positives rate RFP (%) and height RMSE (m) for detected 

trees.  

Plot Plot 1 settings Plot 2a settings Plot 2b settings Plot 2 settings 
 

1  46.9  4.1  2.28  38.8  4.1  3.14  4.1  4.1  1.97  35.4  2.7  3.09
[10]  

2  36.3  14.7  2.03  42.6  9.5  1 .94 32.1  8 .4  2.29  38.9  3.2  1.9
[11] 

 2a  31.6  15.3  1.93  42.9  2.0  2.09  20.4  14.3  2.35  36.7  1.0  1.94
[12]  

 2b  41.3  12.0  2.11  42.4  16.3  1.76  44.6  2.2  2.26  41.3  4.4  1.86  

5. Discussion 
Detection results are similar to those obtained by Heurich (2008) in richly structured forests in Bavaria, with 
76.9% of the trees in the upper layer identified and 5.4% detection error. On plot 2, 65.4% (resp. 84.8%) of 
trees above 20 m (resp. 25 m) are identified with 2.6% of false positives. In the same study, 46.8% of trees in 
high altitude spruce plots were determined with only 0.8% false detection, which is close to results obtained 
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on plot 1. However such comparisons must be handled with care due to differences in field protocols, 
detection methods and evaluation criteria.  

Underestimation of tree heights in coniferous stands such as plot 1 is a common situation (Gaveau and 
Hill 2003). For mountainous areas, Hirata (2004) explained that the tilting of trees toward downslope results 
in an overestimation of tree height by scanner laser. Indeed, additional measures (data not shown) 
performed on the 26 taller trees in plot 2 show that the vertical distance between tree apex and ground is 
significantly greater than the vertical distance between tree apex and stem base (bias: 2.76 m, p < 0.001 in 
Student t-test).  

 

Detection results obtained with settings calibrated on plots different from the tested plot show that in 
mountainous stands, algorithm performance highly depends on the parametrisation. Trends in parameter 
sensitivity of the algorithm may be related to both laser scanner acquisition parameters and stand 
characteristics. In plot 1 laser point density is lower which may explain why resolutions of pixel size lower 
than 0.5 m do not bring any major improvement. Indeed, there is no additional information in the point cloud 
to be transferred to the raster elevation models, as most of the additional pixels are empty. Regarding other 
parameters, plot 1 and 2b display similar tendencies. Plot 2a singularities may be explained by the high 
proportion of deciduous trees. Indeed, hole filling during raster computations and median filtering may have 
more importance when dealing with irregular, concave crowns of beech than with those of spruce or silver fir. 
Besides, in mixed complex stands with tree collectives, relations between tree height, diameter and crown 
surface are not straightforward. This may explain why basic distance thresholds perform better than 
diameter-height relationships for maxima selection. 

 

It turns out from this exploratory analysis that accuracy of a basic tree top detection algorithm requires 
careful parametrisation. A better hindsight would be acquired by testing the algorithm on other stands and 
with different laser data (hardware, acquisition parameters) and also by investigating the combined influence 
of parameters. To reduce the range of investigated values, some parameters such as optimal raster 
resolution may be roughly estimated from input data characteristics. For example, Chen et al. (2006) 
determine raster resolution from the point cloud density and variable window size for maxima selection from 
the prediction intervals of the tree height relationship with crown size. Construction of a robust, generic 
parameters setting is also of interest when processing newly acquired laser data with no prior knowledge on 
the forest stands.  

6. Conclusion 
The analysis of the parameters influence on tree top detection in two forest stands show that identification 
accuracy highly depends on algorithm settings. Besides, optimal values may be linked to input data such as 
laser points density or forest stand characteristics (structure and species). 

In order to design a semi-supervised procedure for wide area single-tree based inventories in complex areas, 
further research is required to investigate how prior stand knowledge or preparatory tree identification with 
generic settings could help determine optimal detection parameters. 
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Abstract 

A canopy height model (CHM) derived from LiDAR data can be segmented to obtain individual tree crowns 
(ITCs). However, branches, tree crowns, and tree clusters in a forest scene may have similar shapes, 
multiple scale levels, and overlapping scale ranges. The multi-scale structure of forests can cause the 
current ITC delineation methods for CHM to underperform, especially over deciduous forests and mixed 
forests. In this paper, an innovative method is proposed for ITC delineation from CHM. In this method, the 
CHM is reduced over multiple tree crown scale levels, the local maxima in each reduced CHM are taken as 
markers for the watershed segmentation of the CHM. Multiple tree crown scale levels result in multiple layers 
of markers and then multiple segmentation maps. After the hierarchical segmentation maps are 
morphologically processed, a map of multi-scale ITCs can be obtained. Tested on a mixed forest with close 
canopies, this method yielded an ITC map with high accuracy. 

1. Introduction 
LiDAR (Light Detection And Ranging) data provide height information for targets. From high-density and 
small-footprint LiDAR data, a canopy height model (CHM) with a small grid size can be derived and then 
segmented to delineate individual tree crowns (ITCs). Various ITC delineation methods have been 
developed for remotely sensed imagery and CHM (e.g. Gougeon 1995, Brandtberg and Walter 1998, 
Culvenor 2002, Pouliot et al. 2002, Schardt et al. 2002, Erikson 2003). Although successful for coniferous 
forests, the current ITC delineation methods for CHM underperform over deciduous forests and mixed 
forests.  

 

Objects in a deciduous forest or a mixed forest, including branches, tree crowns, or tree clusters, have 
multiple scale levels, and the scale ranges of the objects overlap. Such a multi-scale structure causes the 
current ITC methods to underperform on deciduous forests and mixed forests. In the typical ITC delineation 
methods for CHM, treetops are first carefully localized and then used as reference points for crown 
delineation (Pouliot et al. 2005). However, a deciduous tree crown is relatively flat and its branches have 
peak-like shapes, and consequently, it is difficult to select a treetop from multiple local height maxima within 
a deciduous tree crown. In order to detect treetops, local maximum filtering with a fixed or variable-size 
window are widely employed (Dralle and Rudemo 1996, Wulder et al. 2000, Persson et al. 2002, Popescu et 
al. 2002). However, when the size of the local window varies with tree heights to cover varied-size crowns 
(Popescu and Wynne 2004, Chen et al. 2006), the weak correlation between tree height and crown size 
makes it difficult to derive accurate crown sizes and proper treetops. These issues largely are related to the 
multi-scale structure of forests and may be solved using multi-scale segmentation of CHM. 

Multi-scale segmentation of CHM is presently widely used in ITC delineation from CHM (e.g. Falkowski et al. 
2006, Wolf and Heipke 2007). Despite of the successes of the relevant methods, problems over forests with 
high canopy closure and density are often witnessed. In order to delineate multi-scale ITCs from CHM, an 
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innovative method is proposed in this study based on Multi-scale Segmentation and Hierarchical segment 
processing and is called MSH for brevity.  

Study area and test data 

The study area is located in Sault Ste. Marie, Ontario, Canada (46°33′56″N, 83°25′18″W), ranges from 300-
306 m above the mean sea level, and is of Great Lakes-St. Lawrence forest. The most common species in 
the forest are jack pine (Pinus banksiana), black spruce (Picea mariana), aspen (Populus tremuloides 
Michx.), and white birch (Betula papyrifera Marsh.) with percentage of 50%, 10%, 20% and 10%, 
respectively. No cuttings occurred in recent decades and a number of stands have multi-layered canopy 
structures. 

The LiDAR data over the study area were acquired in August 2009 with flight about 150 m high above the 
ground. The point density of the LiDAR data is 20-25 points/m2. A 512×400 CHM with a grid size of 0.15 m 
was derived from the LiDAR data and is shown in figure 1. As demonstrated from the figure, the canopies of 
the forest are close and dense, and a number of between-crown gaps are as obscure as within-crown gaps.  

 

 
Figure 1. The CHM of the study area. 

 

2. Methodologies 

2.1Flowchart of the MSH method 

As shown in figure 2, the MSH method includes three sections: scale exploration, multi-scale image 
segmentation, and segment processing. In the section of scale exploration, a LiDAR-derived CHM is 
explored using grain analysis to obtain the scale range and significant scale levels of the tree crowns in the 
CHM; in the section of multi-scale image segmentation, the CHM is smoothed to suppress branches and 
then reduced over multiple tree crown scale levels, and the local maxima of each reduced CHM are taken as 
extracted and act as markers for the watershed segmentation of the branch-suppressed CHM; in the third 

10 m 
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section, the resulting multi-layered segments are morphologically merged, split up, and selected to generate 
an ITC map. The three sections are described in detail as follows. 

 
Figure 2. The flowchart of the MSH method. 

 

2.2 Scale exploration 

The CHM can be explored using grain analysis in order to obtain the scale range and the significant scale 
levels of tree crowns within the CHM. In this analysis, a morphological opening operation with a disk 
structuring element (SE) was applied to the CHM to detect whether each object within the CHM can contain 
the SE. In the resulting opened CHM, circular objects not smaller than the SE were retained, whereas 
smaller ones were sifted. As the disk diameter increased in an increment of two pixels, a series of opened 
CHMs were generated. For each two consecutive opened CHMs, the mean value of their difference image 
represents the first derivative of the first opened CHM. All of the first derivatives of the opened CHMs except 
the last one in the series are depicted in Fig. 3, revealing the size distribution of the objects in the forest 
scene. As indicated from this figure, there exist multiple significant scale groups of the objects within the 
CHM, including 3-5, 9-13, 17-19, and 23-27 pixels. The first group indicates the scales of the branches, and 
the three other groups represent the scales of small, medium, and large tree crowns, respectively. Selecting 
the minimum scale in each tree crown scale group, three significant tree crown scale levels of 9, 17, and 23 
pixels were chosen to guide the design of the Gaussian filters used in the MSH method. Given a scale level 
k, the window size and σ of the Gaussian filter were set to be k and 0.5k, respectively. 

CHM
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Figure 3. The size distribution of the objects within the CHM. 

2.3 Multi-scale image segmentation 

Gaussian filters are employed to smooth and reduce the CHM in the MSH method. In this study, after the 
CHM was applied with a Gaussian filter with window size equal to the minimum tree crown scale, branches 
were effectively suppressed, whereas multi-scale tree crowns were retained.  

In order to illustrate the procedure of the MSH method, a CHM subset is taken as example (the rectangle in 
figure 1). This subset (figure 4(a)) is a mixed forest with close and dense canopies, in which the majority of 
trees are deciduous trees and several trees at the upper-right corner are conifers. In the branch-suppressed 
version of the subset (figure 4(b)), branches with bordering gaps were effectively eliminated, whereas multi-
scale tree crowns and some sub-crowns with deeper and wider bordering gaps were remained. 

 

 
Figure 4. The CHM subset (a) and its branch-suppressed version with markers at scale levels of 9 (red 

crosses), 17 (green crosses), and 23 pixels (blue crosses) (b).  

After branches were suppressed, the CHM was reduced over the multiple tree crown scale levels by being 
applied with a Gaussian filter with window size equal to the tree crown scale levels previously described. 
Local maximum points in each reduced CHM were taken as markers. The multiple crown scale levels 
resulted in multiple layers of markers at different tree crown scale levels, as shown in different colours in 
figure 4(b). It is clear that the three layers of markers are different in terms of marker count and locations. 

In the CHM, non-tree areas with low heights, such as bushes, grass, water, and gaps, can be delineated as 
follows: 

1 HH T E<           (1) 

where H is the CHM, EH the mean value of the CHM, and T1 a threshold. Threshold T1 was set to 0.5 in this 
study. The resulting map consists of a number of regions. Only the regions larger than a threshold can be 
retained and the holes in regions need to be filled. 

(b)( )
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In the branch-suppressed CHM, the bordering pixels and inner pixels of each non-tree area were set to be 
zero and a maximum value of the CHM, respectively. This was done in order to isolate non-tree areas as 
individual segments from tree crowns in the image segmentation. Afterwards, the branch-suppressed CHM 
was inverted and then segmented using the marker-controlled watershed approach with each layer of 
markers (Meyer and Beucher 1990, Vincent and Soille 1991). The multiple layers of markers at different 
crown scale levels led to multiple segmentation maps. In each segmentation map, a number of segments 
contained non-tree areas. If a segment contained non-tree area more than a threshold, for instance, 30% of 
its area, it was removed. 

 

For the branch-suppressed CHM in figure 4(b), its segmentation maps at crown scale levels of 9, 17, and 23 
pixels are shown in figures 5(a)-(c), respectively, with segment boundaries in blue and the original CHM as 
background. As demonstrated from these figures, each map comprises segments of branches, tree crowns, 
and tree clusters. The hierarchical segments needed to be morphologically processed so that ITC segments 
could be extracted from the multiple maps and combined into an individual map. 

 

 
Figure 5. The segmentation maps at tree crown scale levels of 9 (a), 17 (b), and 23 pixels (c), respectively. 

2.4 Segment processing 

Merge of segments In the previous series of segmentation maps, a coarse-scale segment (figure 6(a)) 
may superimpose multiple fine-scale segments (figure 6(b)). It is well known that tree crowns within CHM are 
visually recognized as circular peak-shaped objects. The coarse-scale segment can be refined to be as 
circular as possible by merging the fine-scale segment as follows: 

 

 
Figure 6. The refinement of a coarse-scale segment. (a) The coarse-scale segment. (b) The fine-scale 

segments superimposed. (c) The fine-scale segments contained in the coarse-scale segment with the CHM 
as background. (d) A combination of the fine-scale segments. (e) The refined coarse-scale segment. (f) The 

fine-scale segments excluded from the refined coarse-scale segment. 

(1). Determine the fine-scale segments that are contained in the coarse-scale segment. If more than half of a 
fine-scale segment is covered by the coarse-scale segment, it is taken as a segment contained by the 
coarse-scale segment. Combine all of the contained fine-scale segments (figure 6(c)), together with the gaps 
between them, to be an intermediate segment with circularity (c) calculated by: 

2( )
2

Ac Dπ
=       (2) 

(a) (b) (c)

(a) (b) (c) (d) (e) (f) 
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,where A and D are the area and the equivalent diameter of the intermediate segment, respectively. The 
equivalent diameter of a segment is the diameter of a circle with the same area. 

 

(2). If only one fine-scale segment is contained in the intermediate segment, substitute the coarse-scale 
segment with the unique fine-scale segment and exit the procedure. 

(3). If more than one fine-scale segment are contained in the intermediate segment, randomly remove a fine-
scale segment and assemble all the other fine-scale segments (those delimited by gray lines in figure 6(d)) 
as a combination. A series of combinations with different circularity values can be generated. 

(4). Sort the preceding series of combinations regarding circularity and update the intermediate segment with 
the combination (figure 6(e)) with the maximum circularity and satisfying the requirements as follows: 

 

c c 2 0( ) AND ( )c c A T A> >       (3) 

where cc and Ac are the circularity and area of the combination, respectively, c is the same as in equation (2), 
A0 is the area of the coarse-scale segment, T2 is a threshold, and ‘AND’ is a logical operator. Threshold T2 
was set to be 0.55 in this study to avoid updating the intermediate segment with a circular sub-crown 
segment. 

(5). Repeat steps 3 and 4 until no update occurs and then substitute the coarse-scale segment with the 
intermediate segment. Copy the fine-scale segments (figure 6(f)) which are contained in the original coarse-
scale segment but excluded from the updated coarse-scale segment into the updated map as individual 
segments. 

Using the merge procedure described above, each coarse-scale segmentation map can be iteratively refined 
regarding all of the finer-scale segmentation maps to yield a refined version. The two refined coarse-scale 
maps at crown scale levels of 17 and 23 pixels were thus generated and combined with the original finest-
scale segmentation map at crown scale level of 9 pixels to construct a new series of segmentation maps, 
which better represents the multi-scale structure of the forest scene. However, a few refined segments are 
tree clusters and needed to be split up. 

 

 
Figure 7. The refined segmentation maps at tree crown scale levels of 17 (a) and 23 pixels (b), respectively, 

and the refined coarsest-scale segmentation map after tree clusters are split up (c). 

Split of segments A refined coarsest-scale segment may superimpose multiple fine-scale segments 
and probably is a tree cluster. Such a coarse-scale segment (figure 8(a)) needs to be split up, if it meets the 
requirements as follows:  

 

c

n2
c T

n T
<⎧

⎨ ≤ ≤⎩
        (4) 

(a) (b) (c) 
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where c is the circularity of the coarse-scale segment, n is the number of the fine-scale segments, and Tc 
and Tn are two thresholds. Threshold Tc was set to be 0.85 in this study due to a fact that a tree crown 
typically has a circularity value more than 0.85 (Wolf and Heipke 2007), and threshold Tn was set to be 5 
based on a fact that a tree crown typically comprises more finer-scale objects than a tree cluster. The 
coarse-scale segment can be split up as follows: 

(1) Determine all of the fine-scale segments (figure 8(b)) superimposed by the coarse-scale 
segment and crop them regarding the coarse-scale segment (figure 8(c)).  

(2) Classify the fine-scale segments into two types. Type 1 is the fine-scale segments larger than an 
area threshold TA. Threshold TA was set in this study to be the area of a circle with diameter 
equal to the maximum tree crown scale level, i.e., π(23/2)2. Type 2 is the fine-scale segments 
satisfying the following requirements: 

 

A

0, cL 0, eL(  ) OR (  )
i

i i

A T
c max c T e max e T

>⎧
⎨ > >⎩

    (5) 

where Ai, ci, and ei are the area, circularity, and extent of the fine-scale segment i, respectively, c0 and e0 are 
the circularity and extent of the coarse-scale segment, respectively, TcL and TeL are two thresholds, operator 
‘max’ extracts the smaller one value from two, and ‘OR’ is a logic operator. Thresholds TcL and TeL were set 
to be 0.5 and 0.4, respectively. The extent of a segment is the ratio of its area to the area of its bounding 
box. 

For a tree cluster composed of several trees of similar size, it can be assumed that all of the fine-scale 
segments are of the type 1 and the majority are of the type 2. These conditions can be expressed as follows: 

 

1

1 2

2
1

N
N N

≥⎧
⎨ − ≤⎩

       (6) 

,where N1 and N2 are the numbers of the fine-scale segments of types 1 and 2, respectively. If the coarse-
scale segment satisfies these conditions, it can be updated with all of the cropped fine-scale segments 
(figure 8(d)). 

 

 
Figure 8. The split of a tree cluster segment. (a) The tree cluster segment. (b) The fine-scale segments 

superimposed. (c) The fine-scale segments cropped regarding the tree cluster segment and with the CHM as 
background. (d) The split tree cluster segment. 

The refined coarsest-scale segmentation map previously described was iteratively applied with the split 
procedure above regarding all of the finer-scale maps to split up the tree cluster segments 
contained. The refined coarsest-scale segmentation map in figure 7(b) was thus processed, and the 
resulting map is shown in figure 7(c). 

 

Selection of segments  After tree cluster segments are split up, the refined coarsest-scale 
segmentation map comprises a number of segments with varied size and circularity. ITC segments can be 
extracted from the map as follows: 

(a) (b) (c) (d)



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 477 

A1 c2( ) AND ( )i iA T c T> >        (7) 

where Ai and ci are the area and circularity of each segment, respectively, TA1 and Tc2 are two thresholds, 
and ‘AND’ is the same as in equation (3). Thresholds Tc2 and TA1 in this study were set to be 0.4 and the 
area of a circle with diameter equal to the minimum crown scale, i.e., π(9/2)2, respectively. 

 

3. Experimental results 
The ITC map generated by the MSH method is shown in figure 9 with segment boundaries in blue and the 
original CHM as background. The CHM was also manually delineated by an independent researcher and the 
resulting ITC map is also shown in figure 9 with segment boundaries in red. In both maps, the segments 
adjacent to map boundaries were previously removed. The automatically and manually delineated maps can 
be taken as target and reference, respectively, for brevity. It can be seen from the figure that although the 
forest is dense and close, most of the target segments coincide with individual reference segments. 
However, it is obvious that a target segment may superimpose zero or more than one reference segment. 
The spatial relationships between the total 178 target and the total 177 reference segments needed to be 
quantitatively explored. 

 
Figure 9. The overlapping target and reference maps. 

Let us define that a target segment superimposes a reference segment, only if the former covers more than 
half of the latter. If a target segment superimposes n reference segments, the spatial relationship between 
them can be denoted as 1:n. Table 1 lists the statistics of the spatial relationships between the segments 
within the two maps. As indicated from this table, 48, 119, 8, and 3 segments have relationships of 1:0, 1:1, 
1:2, and 1:3, respectively. 

 

Table 1. The spatial relationships between the target and reference segments. 

Relationship 1:0 1:1 1:2 1:3 

Count 48 119 8 3 

Percent (%) 27.4 66.5 4.5 1.7 

About 27% of the target segments superimpose no reference segments and are shown in figure 10 and 
labelled. As indicated from the figure, segments 10a, 10b, 11b, 11c, 29a, 29b, and 29c are probably 
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individual crowns and were merged in manual delineation; segments 7, 8, 9, 18, 15, 20, 23, and 26 are 
covered by significantly larger reference segments containing large neighbouring between-crown gaps, and 
therefore are not taken as segments with 1:1 relationship; and segments 4, 6a, 6b, 14, 16a, 16b, 22, 28a, 
28b, and 30 are probably small tree crowns, but they are ignored by manual delineation. Conclusively, the 
majority of the target segments with relationship of 1:0 are small tree crowns, but they are improperly 
delineated by manual interpretation. This demonstrates that the MSH method can effectively detect small 
tree crowns. 

 
Figure 10. The target ITC segments with spatial relationship of 1:0. 

 

4. Discussions 
The bottleneck of the current ITC algorithms for CHM is to find the optimal seed pixels. In the MSH method 
proposed in this study, the CHM is reduced at multiple tree crown scale levels, the local maxima within each 
reduced CHM are taken as a layer of seed points, and then the branch-suppressed CHM is segmented using 
the marker-controlled watershed approach regarding each layer of seed points as markers to obtain a 
segmentation map. Multiple tree crown scale levels result in multiple layers of markers and then multiple 
segmentation maps. Since the segments in a map correspond to different objects, such as branches, 
crowns, and tree clusters, they need to be merged, split up, and selected regarding morphological 
measurements to obtain circular ITC segments. 

Based on an assumption that tree crowns are circular, circularity and extent are used in the MSH method to 
avoid elongated tree crown segments being obtained. When a large tree crown and one or more adjoining 
small crowns can jointly construct a segment with higher circularity, the segment rather than the large crown 
will be taken as an ITC.  
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Abstract 

Single tree detection using small-footprint airborne LiDAR data has been extensively studied over the past 
few years. Researchers has proposed many different methods for this purpose, however, few of the methods 
has a chance to get thoroughly tested under different forest conditions, either it is because of lack of remote 
sensing data, or no reference data. In this paper, we present a method to simulate airborne LiDAR point 
cloud of forest plots with different degrees of overlapping. The point process theory was visited in the first 
part of the paper. 

 

1. Introduction 
Many tree detection and crown delineation using high resolution remote sensing data based on local maxima 
extraction from  

A. The validation of the single tree detection algorithm may be troublesome because the availability of 
field survey data or the small sample size of field survey data the constrain of too few. 

B. Make the test of the algorithm under control or in a controlled manner, to see the result of the 
algorithms how the algorithms work under different situation. and validation in  

C. Without have to collect field data, if this data can be generated. Less expensive and time-consuming. 
Don’t have to spend a lot of mony and time in field survey in order to get reference data and this 
methods is more accurate. 

D. Make use of the existing data set. It is able to get value of the existing data set. If use tree model 
generated by software, in order to simulation the forest plot, quite usually complicated computer 
graphic techniques has to implemented such as ray tracing in order to get the simulated point cloud, 
which is very much constrained by software and interllecture reaseons. 
 

2. Methods 

Point Process for Forest Plot Simulation 

This section details point process in forest statistics and how it is used to simulate forest plots with different 
of crown overlapping extend. 

Point Process in Forestry Statistics 

In forestry statistics, the distribution of trees in a forest plot can be regarded as point processes or marked 
point processes. The “points” are the location of the trees and the “marks” are tree characteristics such as 
crown diameter. Point process has been applied in the forestry statistics in two perspectives: for analyzing 
the spatial variability of forest stands to understand and quantify ecological relationship; and for simulating 
the forest pattern and predicting its dynamics (Stoyan & Penttinen, 2000). 

Broadly speaking, there are two types of point process models. The basic “reference” model of a point 
process is the uniform Poisson point process, or homogeneous Poisson process. It corresponds to the 
hypothesis of Complete Spatial Randomness (CSR), which assumes points lie uniformly and are 
independent of each other. Such a model is implausible to in a forest ecological system, as in a typical forest, 
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trees growing in the neighborhood would competing for common resources and influence the growth and 
mortality of each other (Grabarnik & Särkkä, 2009). Although clustered patterns usually appear at the initial 
stage of forest development, it is observed that there is always a tendency towards regularity with the 
evaluation of a forest (Comas & Mateu, 2007; Stoyan & Penttinen, 2000). 

 

All the other point process models fall within the other type of point process: inhomogeneous point process. 
In modern forestry statistics, two classes of such process are of particular interest: Cox and Gibbs 
processes. Cox processes used to be a popular class of point process models for forestry. A cox process is 
also called “double stochastic Poisson process” as the process can be seen as the result of a two-stage 
random mechanism (Stoyan & Penttinen, 2000). Matérn’s cluster process and Thomas process are two 
common Cox models. The drawback of the model is that there is no hard-core constraint between trees and 
to variable at short distances, which means it may produce locally severely clustered points. 

 

Gibbs point process can model the pairwise interaction in the spatial pattern, which is proven to be very 
suitable for modeling the competition between neighboring trees. This type of process can be defined by the 
probability density function: 

 

,where  represent the point process,  is a normalizing constant and  denotes an energy function 
which contains a pairwise interaction function. 

 

,where  is a local term,  denotes the distance between point  and  and  the pair potential 
function defines the pairwise interaction process. 

According to the design of the interaction function, a number of models are further defined within Gibbs point 
process, such as the hard-core process, the Strauss process, the Strauss hard-core process and the soft-
core process. In a hard-core process, there will be no two points located within a specified distance of each 
other. 

 

The interaction between points in the Gibb point processes mentioned above are all symmetric. However, in 
the real case, the interactions between different trees are not symmetric. For example, bigger trees have 
more influence on the small trees in their neighborhood. Marked Gibbs point process can takes the “marks”, 
which could be both qualitative and quantitative characteristics of forests in this case, into account and 
provides a more powerful way to include the asymmetric competition between plants in a model with greater 
flexibility (Comas & Mateu, 2007; Cressie, 1992). For detailed definition of those point processes, one can 
reference to Neeff et al. (2005) or Comas and Mateu (2007). 

 

Forest Plots Simulation 

In our study, point process is employed to simulate forest plots with different extend of canopy overlapping, 
to test how the single tree detection algorithms work under different scenarios.  

 

For this purpose, the “marks” of the point process are the crown diameters and we consider only the 
horizontal interaction of neighboring trees in the simulation, in this case the canopy overlapping. There are at 
least two choices for modeling the “points” - the location of trees and the “marks” - the crown diameters: they 
can be modelled jointly or considered as independent process and modelled randomly, and different choices 
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typically lead to different stochastic models. We here choose the later as a relative simple but effective way 
to do the simulation. We first model the location. 

 

As rigidly quantification as to what extent the crown are overlapped is not need, we choose the hard-core 
process to model the spatial distribution of tree locations, and then attach the “marks”, which adhere to the 
empirical distribution, to the “points”. The empirical distribution of crown width is acquired from the field 
survey, and the marks adhere to this distribution can be generated. In the point process simulation, Markov 
chain Monte Carlo (MCMC) method combined with Hastings-Metropolis and spatial birth-and death 
algorithms are used to simulate the target point process. In the model, the interaction between trees is 
controlled by the distance specified. If the distance is set large, for example, as the mean plus the standard 
derivation of the crown width, the chance the tree crowns overlap will be small and vice versa. Three 
scenarios are simulated in this way, by setting the interaction distance equals to the mean plus the standard 
derivation of the crown width, the mean of the crown width and the mean minus the standard derivation of 
the crown width, representing forest plots with separating canopy, canopy slightly touch each other and 
overlapping canopy respectively. 

 

To simulate the LiDAR point clouds of a forest plot, tree templates which can be clearly identified are 
manually selected and clipped from multiple return, high density, small-footprint airborne LiDAR dataset 
acquired in forest area (see Figure 1-a). Then tree characteristics of the tree templates, such as tree height 
and the crown width, are extracted. Afterwards, those tree templates are randomly picked and located on 
each site of the point process after being scaled according the ratio of the “marks” to its crown width and 
rotated at a random angle using automatic algorithm (see Figure 1-b). In the simulated forest plots, all the 
tree parameters are exactly known and are used as reference data to test the single tree detection algorithm. 

 

(a) (b) 

Figure 12. (a) Four tree templates clipped from LiDAR point clouds acquired in forest plots for illustration; (b) 
A simulated forest plot using point process and the tree templates library. 

Single Tree Detection Algorithms 

Two single tree detection algorithms are investigated about detection performance using the point clouds of 
the simulated forest plots with different degrees of canopy overlap. One algorithm is local maxima approach, 
and the other is a Markov Random Field based model for single tree detection presented by Zhang and 
Sohn (2010). 

Local Maxima Approach 

Local maxima (LM) approach has been extensively used to detect single trees from remote sensing imagery 
(Pouliot, King, Bell, & Pitt, 2002; Wulder, Niemann, & Goodenough, 2000) and airborne LiDAR data (Chen, 
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Baldocchi, Gong, & Kelly, 2006; Popescu, Wynne, & Nelson, 2002; Reitberger, Schnörr, Krzystek, & Stilla, 
2009). A local maximum filter passes over an image to find the pixels having a larger value than all the pixels 
in the window and these local maxima are identified as tree tops. 

 

Researches of Wulder et al. (2000), Popescu et al. (2002) and Chen et al. (2006) all suggested that the 
determination of the LM filter window size has influence of the detection results, and variable size window 
performs better than static size window in term of reducing both commission and omission errors, 
considering the relationship between the tree height and canopy width. 

 

In our research, how the window size affects the LM detection results on LiDAR data is further explored 
using the three simulated forest plots. Circular LM filter is used and the ratio of the LM window size to the 
pixel value will be set larger, nearly equal and smaller than the mean crown width to tree height ratio of the 
tree templates, to see its effect on the detection rate. 

Markov Random Field Model 

This method highlights a novel Markov Random Field model to detect single trees from ALS data. It tries to 
find the optimal configuration of singles trees ALS through an energy minimization scheme. 

To achieve this, we firstly overpopulate the local maxima from the CHM recovered from ALS data using a 
circular type of LM filter with variable window size. Next, trees are modelled as objects and the 
neighbourhood system is set up using TIN. Then, energy functions are carefully designed to incorporate 
constraints for penalizing false trees and favour true ones. Finally, the optimal tree models are obtained 
through an energy minimization process. 

 

The strategy of this method is to minimize the omission error detecting tree tops using relatively small LM 
filter. Then a Markov Random Field model is defined on all the treetops. Energy formulation based on a data 
term which measures how features extracted from the data support the object as an individual tree, such as 
symmetry of the crown and valley depth between the tree crowns, and a contextual term which take into 
consideration some interactions between neighbouring objects are designed. As the false treetops are 
unfavoured in the model, they will be finally be pruned from the model during the optimization process. This 
method was applied on ALS data acquired from a coniferous forest and experimental results showed a good 
detection rate (Zhang & Sohn, 2010). 

 

3. Experimental Results and Discussion 

LiDAR Data and Field Survey Data 

The ALS data used in this study was acquired in a coniferous forest area about 60 km east to Sault Ste. 
Marie, Canada by Riegl LMS-Q560 in August, 2009. The field survey was conducted during the same time. 
In the fieldwork, plot location, tree species, tree height and crown width and some other forest characteristics 
were noted down. These field survey data was used to estimate the empirical distribution of tree 
characteristics, such as crown width, which obeys a Gaussian distribution with mean of about 5.25m and the 
standard deviation of 1.25m. The field data is also helpful for identifying suitable tree templates from the ALS 
data. 

 

Simulated Forest Plots 

Three forest plots were generated using hard-core process. The sizes of the plots were all 100×100 m, and 
homogeneous Poisson processes with intensity of 0.025 were used as the starting points in the construction 
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of hard-core process. Figure 2(a)-2(c) show us the resulting point processes. The tree numbers of the three 
forest plot were 186, 234 and 261 respectively. 
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(a) (b) (c) 

  

(d) (e) (f) 

Figure 13. (a)-(c) Point process simulated forest plots with three different degrees of overlapping: (a) plot 
with separating crown; (b) plot tree crown slightly touching each other; (c) plot with overlapping trees. (d)-(f) 

the corresponding point clouds of the three forest plots generated. 

 

The interaction distance used in the hard-core process to simulated forest plot with separate trees was set as 
the mean plus the standard derivation of crown width. As we can see from Figure 2(a), the trees are mostly 
separated and no overlaps. The interaction distances used in the hard-core process were set smaller and 
from Figure 2(b)-2(c), more trees were overlapped and the degree of overlapping increased. Figure 2(d)-2(e) 
show the corresponding point clouds of the three forest plot. 

 

LM Detection Results 

The minimum ratio of the crown width to tree height of the entire tree templates was 0.156. In this case, three 
ratios of variable size window to pixel value were used to test the performance of LM filter under three forest 
conditions with increasing degree of overlapping. Table 1 shows the LM detection results in the three forest 
plots. The three ratio used were 0.25, 0.20 and 0.15. The third ratio 0.15 is a little smaller than the minimum 
crown width to tree height ratio, which means the LM filter window size would always be smaller than the 
actual crown size, and we can see from the table, small window size produce a great number of commission 
errors; while the first ratio 0.25 is a little larger, we can see the omission error produced by large window size 
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is also the largest. Among the three forest plots, the detection rate of LM on the plot with separating canopy 
crowns is best. The omission errors were low, which means without canopy occlusion from surrounding 
trees, trees can be much easily detected. When the overlapping degree increases, it is very likely shorter 
trees occluded by taller tree in the neighborhood can’t be detected. For the same variable window size ratio, 
in terms of omission error, LM always performs worse on plot which has a higher degree of overlapping. 
What can be concluded as well is that smaller window size is not always good. When the window size ratio 
of LM filter drop to a certain degree, the omission error reduces really slowly, but meanwhile, the commission 
error can increase exponentially and greatly degrade the overall detection quality, e.g. for separating plots, 
when window size ratio drop from 0.20 to 0.15, the omission error seldom change, while commission error 
increased from 37% to 209% and overall quality decreased from 72.2% to 32.1%. 

 

Table 13: LM detection results of three forest plots 

Correct Commission Omission
no % no % no %

Plot 1 - separating stand; 186 trees
0.25 192 184 98.9% 8 4.3% 2 1.1% 94.8%
0.20 253 184 98.9% 69 37.1% 2 1.1% 72.2%
0.15 575 185 99.5% 390 209.7% 1 0.5% 32.1%

Plot 2 - touching stand; 234 trees
0.25 221 215 91.9% 6 2.6% 19 8.1% 89.6%
0.20 312 220 94.0% 92 39.3% 14 6.0% 67.5%
0.15 674 227 97.0% 447 191.0% 7 3.0% 33.3%

Plot 3 - overlapping stand; 261 trees 
0.25 218 214 82.0% 4 1.5% 47 18.0% 80.8%
0.20 311 239 91.6% 72 27.6% 22 8.4% 71.8%
0.15 697 245 93.9% 452 173.2% 16 6.1% 34.4%

Ratio of Variable 
Size Window

Detected 
Trees

Overall 
Quality

 

 

MRF Detection Results and Comparison 

MRF detection was then applied on the LM detection results with variable window size ratio of 0.20 to get rid 
of the commission errors. LM detection Results from ratio 0.20 were chosen for at this ratio, the omission 
error was not so high while the commission error in not so much. Figure 3 provides a clear impression 
detection results before and after MRF. Exact detection results can be checked in Table 2. 

 

Figure 3(a)-(c) show the LM detection results with variable window size ratio of 0.2 for the three forest plots, 
from which we can see all for the three plots LM produced lots of commission errors (green circle). With the 
increase 

of overlapping degree, more cyan dot line circle appear, which mean the trees were undetected and were 
omission errors. 

 

Figure 3(d)-(f) show the detection result after MRF. As can be easily interpreted, most of the green circles 
have been successfully remove, which means this method could effectively remove the commission errors. 
As it is shown in Figure 4, the average commission error of about 35% dropped to about 1.6%. We can also 
see some yellow dot line circles show up in those three figures, which means those trees were over-pruned 
during the process. However, this didn’t influence the final result very much. Averagely, the overall detection 
quality increased about 20% after MRF detection. 
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(a) (b) (c) 

   

(d) (e) (f) 

Figure 14. MRF detection results improve on LM detection results. (a)-(c) show the LM detection results on 
the three forest plots with variable window size ratio of 0.2; (d)-(f): show the MRF detection results using the 
corresponding LM detection as initial setting. (Green circles represent for commission errors; Cyan dot line 
circles represent for omission errors from LM detection, and yellow dot line circles represent for omission 

errors from MRF detection.) 

 

Table 2: MRF detection results when compared with LM detection results 

Correct Commission Omission
no % no % no %

Plot 1 - separating stand; 186 trees
VSW 0.2 253 184 98.9% 69 37.1% 2 1.1% 72.2%
MRF 183 183 98.4% 0 0.0% 3 1.6% 98.4%

Plot 2 - touching stand; 234 trees
VSW 0.2 312 220 94.0% 92 39.3% 14 6.0% 67.5%
MRF 226 218 93.2% 8 3.4% 16 6.8% 90.1%

Plot 3 - overlapping stand; 261 trees 
VSW 0.2 311 239 91.6% 72 27.6% 22 8.4% 71.8%
MRF 238 234 89.7% 4 1.5% 27 10.3% 88.3%

Detected 
Trees

Overall 
Quality
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Figure 15. Comparison of LM detection results with that improved by MRF detection. 

 

4. Conclusions 
We have shown in this paper using point process to simulate airborne LiDAR data of forest plots with 
different degree of overlapping. The simulation technique using point process provides a powerful tool to the 
fields where the complex forest ecosystems need to be better understood. The simulated forest plots provide 
excellent reference dataset and fully controlled environment to test two single tree detection algorithms, 
which allow us to have a better understanding of how they work. The result showed that LM detection 
methods are both sensitive to filter window size as well as specific forest conditions, such as crown 
overlapping, which may result in commission and omission errors. These simulated forest plots also provide 
ideal dataset for the testing another single tree detection based on Markov Random Field model to see how 
it works under different forest situations. The drawback of the method is that it bases on LM approach and 
can’t recover the omission error made by LM. This issue will be addressed in future research. 
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Abstract 

We present a methodology to classify individual trees into a given list of species obtained by field surveying 
using airborne LiDAR data; targeted species include birch, maple, oak, poplar, white pine and jack pine at a 
study site northeast of Sault Ste Marie, Ontario, Canada. The average density of the LiDAR data is 40 points 
per m2 and was acquired in August 2009. We investigate approaches involve extraction and derivation of 3D 
lines (branches and bole) and 3D polygons (tree crown) from a given point cloud. These features will be 
quantified and used as identifiers for tree crown shape, distribution and orientation of branches and the bole. 
The first goal of this project is to identify important, general, and unique geometric markers for the different 
tree species and to use these geometric markers to classify other trees by comparing their geometric traits 
with these training markers. Some characteristics that we consider include individual branch segment lengths 
and their respective connecting angles with the bole. Drawing those line and polygon features is not only 
useful for visualizing the structures of individual trees, they also permit the determination of biophysical 
parameters such as growth characteristics, tree age, and potentially species; each being useful in 
applications including biomass measurement (growth and accumulation) or timber harvest (wood volume) 
calculations. A second goal is to integrate data driven models into rule-based models that fit branching 
structures to 3D point clouds for classification purposes; the original idea was inspired by L system 
(Lindenmayer system), a re-writing language (a stepwise language that allows geometric features to be 
repeated at different orders) to create tree branching structures with two sets of user defined rules; an axiom 
(similar to a trunk) and production (similar to branches). This new method involves deriving rules from the 
LiDAR point data to reconstruct the internal branching structures. 

 

1. Introduction 
The use of Light Detection and Ranging (LiDAR) for forest applications is becoming an important method in 
retrieving attributes for forest inventories because of its ability in mapping objects in three dimensions 
(Gobakken and Naesset, 2004; Hilker et al., 2008; Korpela et al., 2007), common attributes retrieved in these 
studies include tree height and diameter. Among many of the forest inventory attributes, tree species is 
particularly valuable information to have because of the implication to biomass estimation, forest 
composition, wood volume, wildlife habitat, or fire assessments. Existing researches suggested that tree 
species identification can be done by using combining LiDAR and spectral data (Hilker et al., 2008; 
Holmgren et al., 2008; Koukoulas and Blackburn., 2005; Persson et al., 2004; Hill and Thomson, 2005) or by 
investigating the geometric and spatial distribution of the point clouds. Some of the geometry based studies 
includes Barilotti et al. (2009), they fit different curved surfaces to the tree tops of different species include 
spruce, fir larch and beech. Kato et al. (2009) used an isosurface algorithm to derive a surface that wraps 
around tree crowns for retrieving tree parameters such as crown volume, crown width and crown base height 
for douglas-fir, western red ceder, tulip tree, atlas ceder, oak and maple. Spatial (height and/or intensity) 
distribution related studies include Holmgren and Persson, 2004; Brandtberg., 2007; Ørka et al., 2009; Kim 
et al., 2009; Korpela et al., 2009 and Suratno et al., 2009. Common attributes that are used for species 
classification in these studies include percentage of first and single returns; mean, standard deviation for 
height for first return and all returns; mean, standard deviation for intensity for first return and all returns. 
These attributes can be obtained for the entire tree height profile (e.g., Brandtbert, 2007; Kim et al., 2009) or 
by height percentiles (e.g., Ørka et al., 2009; Holmgren and Persson, 2004; Korpela et al, 2009). 
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We would like to present a method that is based on geometric parameter derivation, specifically line features 
and these line features will be used to represent bole and branches. Reconstructing the line features forms 
the skeleton of the tree and therefore assigns contexts to a tree, e.g., branch angles, lengths, growth 
direction, tree crown shape, number of branches. The context information is useful in classifying tree 
because tree forms are alike within one species. Some species such as white pine, jack pine, balsam fir and 
white spruce have stronger linear features, as a result, we have better success with feature reconstruction 
with those speices; in this paper we will put our focuses in those species. 

Study area and datasets 

LiDAR dataset 

LiDAR data was collected on August 7, 2009 at about 75 km east of City of Sault Ste. Marie, Ontario, 
Canada. Scanner for point cloud acquisition was Riegl LMS-Q560 at an altitude of about 122 m above 
ground. Point density is approximately 40 pulses per m2 with multiple returns per pulse. In our study area, we 
identified tree species such as white birch, balsam fir, hard maple, soft maple, red oak, jack mine poplar, 
white pine and white spruce in the area by field surveying. 

Field survey 

A field survey was conducted from July 30 to Aug 12, 2009, the major task of the survey was to identify tree 
species and measure tree attributes of those trees. Item we have measured include tree height, tree crown 
base height, tree crown diameter (measured in two perpendicular directions) and diameter breast height 
(dbh). These measured values will be used to compare the values obtained or derived from the LiDAR 
dataset for validation purposes. 

2. Methods and results 

2.1 Bole derivation 

The individual tree that has been field 
surveyed is identified in the LiDAR dataset 
and segmented manually. At this stage of the 
research we are interested in looking at 
features in the tree crown therefore the point 
cloud that is observed as understory is 
removed from the individual tree. The first 
level of line feature extraction is the bole, or 
the main growth direction. The bole of the 
trees is derived by the method described in Ko 
et al. (2009); it is by connecting the centriods 
of a downward moving voxel. Figure 1 shows 
some of the derived bole for tree sample. 

 

 

 

Figure 1. The derived bole by downward moving voxel for tree 
samples (a) white pine (b) jack pine (c) balsam fir (d) white spruce 
(e) white birch (f) soft maple (g) red oak (h) hard maple (i) poplar. 
For tree (a), (b), (c), (d), (e) and (i), blue points indicate understory 

and are those points were not included in the bole derivation 
algorithm.  
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2.2 Branch derivation 

The second level of line feature extraction is the branches extraction; coniferous species such as white pine, 
jack pine, balsam fir and white spruce were observed to have strong sensation of branching line features 
whereas deciduous species such as hard maple, red oak, white birch and poplar does not. To extract those 
line features, we have chosen three methods as an initial attempt; 1) combining k-means clustering and 
principle component analysis (PCA) to extract those line features, 2) random sample consensus (RANSAC) 
and 3) Hough transformation. 

 

k-means clustering and principle component analysis 

Each tree will be clustered from k=2 to k=100 or until an empty cluster is produced, four validity tests are be 
used to identify four possible numbers of clusters and the most optimal number of clusters will be decided by 
visual interpretation. In the future, this issue will be re-addressed so that the optimal number of clusters can 
be calculated without the visual verification. The validity test is Davies-Bouldin Index (Davis and Bouldin, 
1979), the second test is the by silhouette plot (Rousseeuw, 1987), the third is the Krzanowski-Lai index 
(Krzanowski and Lai, 1985) and the forth is Calinski and Harabasz index (Calinski and Harabasz, 1974). 
Figure 2 shows the result of the four validity tests on one of the white pines in the study area and we have 
chosen to use 49 clusters for this particular tree. 

 

 
Figure 2. The sample white pine is being tested for the best number of cluster, the Calinski and Harabasz 

Index indicate 81 clusters is the optimum, Davies Bouldin Index indicate 58 clusters, Silhouette width indicate 
49 clusters and Krzanowski-Lai Index indicate 2 clusters. The results of the clusters are located at each 

graph and the optimal number of cluster is circled in orange. 

 

In Ko et al. (2009), branches (line features) were drawn by connecting closest point to the bole in each 
cluster to the furthest point. However, using this method can result in geometric misrepresentation; this is 
because the lines drawn this way does not represent the major direction of the clusters, and is very sensitive 
to the presence of outliers. For our case, the direction of the clusters is important (representing branch 
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growth direction), therefore we have implemented PCA for line feature extraction to overcome this problem. 
Figure 3 shows a schematic diagram of the advantage of using PCA method to extract line over connecting 
line by closest to furthest point within the cluster. Figure 3(a) shows that the lines can be misrepresented 
when joining the closest point to the furthest point and figure 3(b) shows that this problem can be avoided by 
using PCA analysis for line extraction. The PCA method calculates the principle components of each of the 
clusters in the tree, the first principle component will be used to define the direction vector of the line and the 
end points of the line is bounded by the extent of the cluster in Cartesian space. This way, the line extracted 
will represent the major direction of the cluster. The orthogonal distances from each point to the line is also 
calculated as an indicator of how well the line features fit into each cluster. Although the original rationale for 
connecting the closest point to the furthest point was to make sure the line features derived from the cluster 
will be able to connect to the bole whereas the branches derived by the PCA method may or may not 
intersect the bole. However, the deviation of the end points to the bole can be used to assess of the quality 
of the cluster. Figure 4(a) shows the result of the line features derived by PCA analysis for one of the tree 
samples (white pine, same tree as shown in figure 1(a)). Figure 4(b) shows the result of the line features 
derived by PCA analysis for another tree samples (birch, same tree as shown in figure 1(e). Conifer trees 
appear to have strong linear branch features whereas deciduous trees do not. 

 

 
Figure 3. (a) shows the line features extracted by joining the closest point to the furthest point can be 

misrepresented and (b) shows that this problem can be avoided by using PCA analysis which detects the 
major direction of the point clusters. 

 

  
Figure 4. The result of the line features derived by PCA analysis for two of the tree samples. (a) is a White 
Pine tree (same tree as figure 1(a)); (b) is a White Birch (same tree as figure 1(e)). K-means clustering was 

only performed on the tree crown, black points in the diagram are the points that are not included in the 
clustering. 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 493 

Random Sample Consensus (ransac) 

Unlike using PCA to extract line features that require pre-processing of the data (rely on clustering results), 
RANSAC were able to detect line features automatically and RANSACis commonly used in situation for line 
extraction with the presence of outlier. For the case of tree, 3D sphere with a predefined radius is generated 
per each point for collecting its member points. Inliers are defined as the LiDAR points are located within a 
distance threshold from randomly hypothesized 3D line, while the other points located outside the threshold 
are considered as outliers. By setting different percentages of the ratio (inlier over total member points), we 
can achieve different line extraction results, figure 5 shows some of the results from four settings (10%, 15%, 
20% 25% inliers in figure 5(a), (b), (c), (d) respectively), sample tree from the same tree as figure 1(e). We 
stopped at 25% inliers level because at that point, the orientation and location of line features extracted no 
long represent the shape of the tree. 

 

 
 

Figure 5. (a) shows line features extracted from ransac algorithm with 10% of inlier, 4026 line features were 
extracted; (b) has 15% of inlier, 1840 line features were extracted; (c) has 20% of inliers, 979 line features 

were extracted; (d) has 25% of inliers, 364 line features were extracted. 

Hough transformation 

The Hough transformation is a common technique in retrieving line features for 
image processing. Similar to ransac, Hough transformation were able to detect 
line features directly instead of relying on the result from clustering. However, 
this is done in two dimensions. First, the point cloud is projected into x-z plane; 
then, all the points are transformed into Hough space (Hough, 1962). Points 
that are collinear in the original image will intersect in Hough space, then, by 
accumulating those intersections, pixels that have accumulated with high 
values in Hough space will represent line features in the original image. As a 
result, lines can be delineated by selecting those peaks. Figure 6 shows the 
result of the line features derived by Hough transformation for the tree sample 
in figure 1(a).  

 

 

 

 

 

Figure 6. Line features 
derived by Hough 

transformation for tree 
sample in figure 1(a). 
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2.3 Manual digitized tree for validation 

For validation purpose, the tree in figure 1(a) is clustered visually. Points that belong to one cluster are plot 
with the same colour and lines were drawn by manually by identifying the best fit end points of the clusters. 
Figure 7 shows the result of the visual interpretation of the tree. For this tree, there are 52 clusters formed 
and the smallest cluster contains 6 data points and the largest cluster contains 234 points. This tree structure 
will be used to validate the quality of line features derived from the above three methods. 

 
Figure 7. Figure showing the result of manual digitized tree for tree in figure 1(a). 

 

2.4 Attribute information 

The attribute information that can be retrieved from the line features extracted from the above methods 
includes:  

1. Vertices of the bole (relate to main growth direction of the tree); 
2. Vertices of the line feature, each line feature will have two end points, end points are categorized into 

two categories; i) end point that is closer to the trunk ii) end point that is further away from the trunk; 
3. Tilt angle: angle between the line feature and the horizontal Cartesian plane (x-y), positive angle 

means the line is tilted up; negative angle means the line is tilted down; 
4. Rotation angle: angle between the unit vector (1,0,0) and the line feature that is projected to the 

horizontal Cartesian plane (x-y); 
5. Length of the line segment; 
6. For PCA analysis, the summation of the orthogonal distances between all the points to the line is 

recorded, hence, the summation of distance per point is calculated (low value represent the cluster is 
well represented by a line); 

7. For PCA analysis, the magnitude of the second principle component is calculated. 

 

These attribute information is useful as input parameters for tree modeling. The first attempt is presented in 
Ko et al. (2010a), first, the line features were derived by k-means clustering (method described in section 
3.2.1). Then, because we are focusing on conifer species, the tree structure can be simplified by grouping 
branches that are close together vertically into layers of branches to simplify the complexity of modeling (see 
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figure 8). With the calculated attributes such as rotation angles, tilting angles and length of each line 
segments, the simplified structure is then inversely represented by a series of symbols originally used by L-
system (Prusinkiewicz and Lindenmayer, 1990). Figure 8(a) shows a schematic diagram of the procedures of 
the tree modeling described in Ko et al., (2010a) and figure 8(b) shows the result of a sample tree. We 
believe by performing the same procedure to the same species (similar to training a sample), we can obtain 
a generalization for tree has similar geometric structures (that represent same or similar species) and use 
those information for species classification purpose. In the discussion section, we would like to discuss some 
of the problems and limitations we are encountering and approaches to handle them in the future research. 

 

  

 

 

 

 

 

   

  

 

 

 

 

 

 

 

 

 

 

Figure 8. (a) shows the schematic diagram of the procedures of tree modeling described in Ko et al., 
(2010a). (b) shows one result for one of the tree samples, diagram on the left shows the clustering results (k-

means, 65 clusters) and the derived line features. The diagram on the right shows the reconstructed tree 
branches by L-system.  

3. Discussion and future research 
One of the goals of this project is to develop an algorithm that can be applied to LiDAR data for tree species 
classification, the additional benefits include obtaining tree attributes such as branch length, branch 
orientation, shape of the tree crown, organization of the branch structures and height features. Although this 
paper displayed a framework of workflow and presents some of the preliminary results, we have not 
concluded which method of line features extraction is more efficient than the other. However, we believe the 
line features extracted from species with strong linear geometric features (high organization) such as white 
pine, jack pine, balsam fir and white spruce are representative. Species such as white birch, poplar, soft 
maple, red oak and hard maple can be identified by the low level of organization from the line features and 
might have to tackled with a different geometric feature such as ellipsoid.  

 

The line features that we derived will be analyzed quantitatively, we are interested in looking at how the 
change of rotation and tilting angles with tree height; some species tends to have negative tilting angle 
towards the bottom of the tree crown and have large positive tilting angle towards the top of the tree crown; 

(a) 

(b) 

Obtain: 
1)Rotation angles 
2)Tilting angles 
3)Length 
for each line segments 

Rearticulate the 
derived geometric 
structure in L-
system language 
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whereas some species tends to have relatively uniform tilting angles throughout the tree crown. The change 
of ratio between branch length and tree crown height also inform us about the narrowness of the tree crown; 
if the crown is treated as a solid object, crown volume and wood volume can also be calculated from the 
derived structures. When the branches are grouped into layers, the derived number of layers can potentially 
infer the age of the tree. We believe all the information would be useful in species differentiation and 
research will be conducted in this direction in the future. 

 

We would like to also addressed some of the limitations we are encountering, the algorithm we are 
suggesting is sensitive to shadow and occlusion due to overlap of objects and scan angle. In the future, we 
will address this issue by partitioning trees into sections, information derived from the high point density 
section will be use to supplement the occluded sections. Also the bole derivation algorithm will have to be 
improved, in the case of a tree that has more than one tree tops, instead of running one voxel starting from 
the tree top, several tree top voxels will have to be identified. The presence of understory is removed 
manually with a vertical threshold; a more automatic approach is presented in Ko et al. (2010b) and will be 
included in the future research.  
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Abstract 

In forest inventory, airborne laser scanning (ALS) has long been used to estimate various biophysical 
properties, such as stand volume and mean tree heights. It is also possible to use ALS to detect and 
measure single trees allowing the derivation of even more detailed information. However, even if the laser 
measurements are accurate one specific challenge occurs with tree canopies – they are not solid objects, 
and the laser echoes are not necessarily returned from the surface of the canopy. Thus, naïve algorithms 
might not reproduce the spatial extent of each tree crown correctly. This can result in biased estimates if 
crown attributes are used in subsequent statistical analyses. 

The aim for this study was to assess the laser penetration into tree crowns by comparing field measured 
branch structures with high density ALS data. The material consisted of measured branches from 15 trees, 
where branch diameter and branch base height had been measured. Precisely measured tree positions 
allowed the calculation of geographical coordinates for each measured branch tip. A crown surface assumed 
to be the true crown extent was constructed using a convex hull algorithm.. 

The ALS data were collected with a discrete return scanning system, Optech 3100EA, with known pulse level 
orientation parameters, such as aircraft position and mirror angle. Each pulse was intersected with the crown 
surface model and the distance from the intersection to the pulse return was calculated. This distance was 
then used to analyze patterns of the pulse penetration, given scan angle and angle of incidence when 
intersecting the canopy. The results revealed no strong influence of scan angle or angle of incidence on the 
penetration. 

Keywords: Forest inventory, wood quality, ALS, lidar, canopy structure 

 

1. Introduction 
In forest inventory, airborne laser scanning (ALS) has long been used to estimate various biophysical 
properties, such as stand volume or mean tree heights (Naesset 1997a, b). It is also possible to use ALS to 
detect and measure single trees allowing the derivation of even more detailed tree parameters, such as 
diameter, biomass or crown base height (Persson et al. 2002, Popescu 2007, Maltamo et al. 2009). While 
most studies focused on dominant trees, methods for deriving unbiased estimates of forest attributes using 
ALS crown segments in an inventory context were described by Lindberg et al. (2010) and Breidenbach et al. 
(2010). However, even if the laser measurements are accurate one specific challenge occurs with tree 
canopies – they are not solid objects, and the laser echoes are not necessarily returned from the surface of 
the canopy. 

 

For example, Persson et al. (2002) found difference of 1.3 meter between field measured tree height and the 
highest laser pulse return. The penetration of laser pulses into the crown has been affirmed by several other 
studies (e.g. Gaveau and Hill 2003, Andersen et al. 2006, Chasmer et al. 2006). Thus, naïve algorithms 
might not reproduce the spatial extent of each tree crown correctly. This can result in biased estimates if 
crown attributes are used in subsequent statistical analyses such as estimates of stem branchiness. While 
some studies have utilized simulation to assess pulse properties (Ni-Meister et al. 2001), not much work has 
been done to empirically investigate ALS-pulse properties on single trees. Thus the aim of this study was to 
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quantify the extent of ALS pulse penetration into spruce canopies and further to assess the effects of 
scanning angle and angle of incidence on the penetration using empirical data. 

2. Material and methods 

Study area and field measurements 

Field measurements were performed in two different stands in the municipality of Aurskog-Høland, 
southeastern Norway (59° 44’ N, 11° 29’ E, 150-200 m a.s.l.). The area is dominated by coniferous trees, 
with spruce (Picea abies Karst.) and pine (Pinus sylvestris L.) as the two most common species.  

 

A total of 15 spruce trees were randomly selected and measured in April-May 2007. All trees had a breast 
height diameter larger than 150 mm. Precise tree positions were collected using differential GNSS, (Topcon 
Legacy E+) and a total station (Sokkia SET5F). In addition to tree positions, the cardinal directions and 
breast height were marked on the stem surface while the trees were still standing. Each tree was then felled, 
and diameter measurements were taken for every meter along the stem. Between two subsequent diameter 
readings, the two living branches with the largest diameter were selected for further measurements. If any of 
the branches had snapped, or was not freely suspended, e.g. pushed towards the ground due to the felling, 
the third or fourth largest branch was selected. In addition to the branch diameter, the height of the branch 
base was registered. Then each branch was given a gentle lift to bring the branch into the same position as it 
would have had if the tree still had been standing upright. On the suspended branches, the direct distance 
from the outermost position of branch to the stem surface was measured, together with the vertical and 
horizontal angle of the branch. In addition to the extensive measurements on the larger branches, a subset 
of measurements was taken on the smaller branches in the same knot-whorls as the large branches. These 
measurements included branch diameter, height and horizontal angle. It was also registered if the branch 
was living or dead, i.e. having no foliage. 

Laser data          Table 14, Flight parameters 

Airborne laser data were collected 12 June 2006 by Blom 
Geomatics using an Optech 3100EA laser scanner mounted in 
a Piper 31 Navajo aircraft. Technical parameters are given in 
the laser scanning system gives up to four discrete returns, but 
for this study only first returns were used (single and first of 
many). In addition to pulse return positions, the aircraft position 
was also known for each and every pulse. 

Computations 

Determining the outer crown surface from field measurements 

To calculate branch length relative to stem centre it was necessary to construct taper models for each tree, 
as the measured branch length was relative to stem surface. This model was a simple linear regression 
model where the measured diameters along the stem were used to predict a diameter at an arbitrary height. 
To be able to model the crown extent it was necessary to use also the branches for which only diameter 
measurements were available. However, since they were lacking vertical branch angle and length 
measurements, two additional models had to be constructed. One described the vertical branch angle 
variations and another branch length. To model the branch angle, a mixed-effects model was chosen. In this 
model, relative branch height, i.e. the height above ground for the branch base, and the total tree height 
were used as predictors together with a random effect for each tree. As with the vertical angle model, a 
mixed-effects model was used to determine branch lengths. This model included branch diameter and 
relative height as predictors and a random effect on tree level. 

 

Using angle and length measurements for the extensively measured branches and by applying length and 
angle models for the branches having only diameter recordings, the branch-tip positions relative to the stem 

Instrument Optech ALTM3100EA 
Flight altitude 800 m above ground 
Speed 75 ms-1 
Pulse rep. freq. 100 kHz 
Mirror freq. 70 Hz 
Scanning angle ± 5 degrees 
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centre were calculated for all measured branches. Then by adding geographical coordinates for the stem 
centre, global coordinates were derived for each branch-tip. A convex hull algorithm was then used to create 
a surface model based on the branches of each tree. The convex hull is built as triangular faces which are 
connected to each other, sharing corners at the different branch-tip positions. As the name convex implies, 
the overall shape must be convex, thus not allowing local minima or sinks. 

Modelling the intersection of ALS returns with the canopy surface 

Having a convex hull model for each tree, the next step was to intersect the convex hull model with the laser 
pulses. As position of origin and returned pulse position was known, each pulse could then be described as 
a line intersecting the planes of the crown model. The result of a line intersecting a plane will be a single 
point unless the line and plane are parallel to each other. The last step was to check if the resulting point 
was inside one of the triangular faces. Because of the convex shape, there will always be two points, one 
inbound and one outbound through the convex hull. Only the inbound intersection was chosen, because this 
is where the penetration into the crown begins. For each intersecting pulse, two different metrics were 
derived. 

1.  Penetration depth; Euclidian distance from intersecting point to return position reported from the 
scanning system. A negative sign indicates that the reported return lies below the crown surface 
(position R minus position I in Figure 16). 

2.  Angle of incidence between pulse and surface model at the point of intersection (angle α1 in Figure 
1). 

 

 
Figure 16, Schematic drawing of one single tree with 

 surface model and an incoming laser pulse 
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Analysis 

To reduce the influence of adjacent trees, only pulse returns inside the crown surface models of the selected 
trees were used. A classification of ground hits was done by selecting pulses with a penetration depth equal 
to the distance from the intersection and down to the ground. General statistics, such as mean values and 
standard deviation, were then derived to describe the penetration into the crown. Distance to stem centre, 
scan angle and angle of incidence were plotted against penetration depth to examine any influence. 

 

3. Results and discussion 
A general description of the trees used in this study is given in Table 15. Also the number of intersecting 
laser pulses used for calculations is displayed. As the table shows, the mean number of intersecting pulses 
per tree is 86, where the larger trees have more intersecting pulses than smaller trees due to larger crown 
extent. 

 

Table 15, General description of measured trees 

TreeID 
Diameter 
(mm) 

Total height 
(m) 

Height of lowest green 
branch (m) 

Number of 
intersecting 
pulses 

11010  277  20.37  4.19  157 

11130  346  24.97  2.80  145 

11140  184  18.79  8.02  30 

12155  367  23.97  3.09  95 

12201  258  19.36  5.50  80 

13034  183  19.80  4.10  31 

13088  407  26.29  3.74  180 

13162  286  22.77  6.27  84 

21076  297  26.01  12.94  105 

21083  245  23.30  8.86  54 

22055  240  20.60  4.44  81 

22065  326  26.74  10.72  115 

22166  161  18.26  6.28  33 

23067  260  23.60  6.82  74 

23152  214  21.12  6.13  33 

Average    22.40  6.26  86 

 

The distribution of differences between intersected height and ALS-height is given in Figure 17 as box plots 
for each tree. Because only returns from within the crown surface model were selected, all values are 
smaller than 0. The figure shows less variation for some trees than other, but for all intersecting pulses, the 
mean value for pulse penetration is -3.11 meter, with a standard deviation of 2.71 meter. 
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Figure 17, Penetration of returns into crown surface model. 

The first factor analyzed that could influence penetration depth is the horizontal distance from the stem 
centre to the intersected pulse. As Figure 18 shows, the penetration depth increases with distance from the 
stem centre, as does the variation. An error in xy-position, both for the pulse and for crown surface near the 
edge of the crown, will give larger variation of penetration than near the top of the tree crown. This is 
supported by the large amount of ground hits at greater distances from the stem. Taking that into 
consideration, the observed influence of distance from stem centre is mainly an effect of increasing influence 
of errors in both the ALS coordinates and the crown surface model. 
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Figure 18, Distribution of pulses with respect to distance from stem centre.  

Ground classified pulses shown as filled boxes. 

To analyze the penetration depth of returns close to the tree top, pulses less than 0.5 m from the stem centre 
were selected. All trees combined, the average penetration depth close to the stem centre was -1.70 m with 
a standard deviation of 1.05 m (Figure 19). This penetration depth is of the same magnitude as the reported 



Silvilaser 14th - 17th September 2010, Freiburg - Session 3 503 

underestimation of total tree height versus maximum ALS-height in other studies (Persson et al. 2002, 
Chasmer et.al 2006). 
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Figure 19, Differences in reported height versus intersected height 

 for pulses <0.5 meter from stem centre. 

Scan angle and angle of incidence appear to have only a minor influence on penetration depth ( Figure 20, 
Scan angle versus pulse penetration Figure 21, Angle of incidence versus pulse penetration 

 and Figure 21). Scan angle show no effect on penetration depth, while angle of incidence may show a slight 
influence on penetration depth. This effect is probably an effect of increasing variation, just like the effect 
observed with distance from stem centre (Figure 18). The reason for this is that low angle of incidence only 
occur at the edge of the tree crown, where the variance and amount of ground hits are higher. 
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 Figure 20, Scan angle versus pulse penetration Figure 21, Angle of incidence versus pulse penetration 

As the maximum scan angle is very narrow for this particular flight, (only 5 degrees half angle), it is difficult to 
spot effects of scan angle. At higher scan angles, an effect could be noticeable. Also a larger dataset with 
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more measured trees would probably be necessary for further studies. It is also important to notice that 
different ALS-sensors or flight altitude could give significant effects on pulse penetration (Naesset 2009). 

Our study helped us in understanding the interaction of ALS pulses and the canopy based on empirical data 
better. We conclude that neither distance from stem centre, scan angle nor angle of incidence had a strong 
effect on penetration depth in the data material that was analyzed. 
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Abstract 

The aim of this study was to validate and compare single-tree detection algorithms under different forest 
conditions. Field data and corresponding airborne laser scanning (ALS) data were acquired from boreal 
forests in Norway and Sweden, coniferous and broadleaved forests in Germany, and pulpwood plantations in 
Brazil. The data represented a variety of forest types from pure Eucalyptus stands with known ages and 
planting densities to conifer-dominated Scandinavian forests and more complex deciduous canopies in 
Central Europe. ALS data were acquired using different sensors with pulse densities varying between the 
data sets. 

Field data in varying extent were associated with each ALS data set for training purposes. Treetop positions 
were extracted using altogether six different algorithms developed in Finland, Germany, Norway and 
Sweden, and the accuracy of tree detection and height estimation was assessed. Furthermore, the 
weaknesses and strengths of the methods under different forest conditions were analyzed. 

The results showed that forest structure and density strongly affected the performance of all algorithms. The 
differences in performance between methods were more pronounced for tree detection than for height 
estimation. The algorithms showed a slightly better performance in the conditions for which they were 
developed, while some could be adapted by different parameterization according to training with local data. 
The results of this study may help guiding the choice of method under different conditions and may be of 
great value for future refinement of the single-tree detection algorithms. 

 

1. Introduction 
Since around 1995, a large number of scientific studies have indicated a huge potential of airborne laser 
scanning (ALS) data to provide highly accurate estimates of important biophysical parameters of forests, like 
tree height, timber volume (e.g. Næsset 1997, Magnussen and Boudewyn 1998, Means et al. 2000), and 
other parameters related to the structure and distribution of the tree layer (e.g. Zimble et al. 2003, Maltamo et 
al. 2005). The results have been most encouraging for coniferous forests. Overviews are provided by Lim et 
al. (2003), Næsset et al. (2004) and Hyyppä et al. (2008). Currently, there are two main approaches for using 
ALS to characterize forest resources: (1) an area-based approach typically providing data at stand level and 
(2) a single-tree approach where individual trees are the basic unit of the assessment. 
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The single-tree approach requires dense laser scanning (at least 5–10 laser pulses m-2) and provides direct 
measurements of the position, height, and canopy shape of the dominating trees. However, not all trees can 
be automatically detected and the success rate is mainly dependent on scanning density and forest 
structure. In Scandinavia and Central Europe, rates of correctly detected trees higher than 70% have been 
found (Hyyppä et al. 2001, Persson et al. 2002, Koch et al. 2006, Solberg et al. 2006). In deciduous forests, 
the success rate has generally been lower. In Germany, success rates of around 50–60% have been 
reported (Koch et al. 2006), which coincide well with similar studies in North America. 

 

Different methods for single-tree detection have been developed by different research groups. Most studies 
so far have been carried out at limited test sites and are restricted to few tree species. Kaartinen and Hyyppä 
(2008) compared twelve different algorithms on two test sites located in southern Finland. According to them, 
the extraction method was the main factor influencing on the accuracy, the percentage of detected trees 
varying from 25 to 90% for the various methods. However, their conclusions were based on results from test 
sites with fairly simple forest conditions and thus overall suitable for single-tree detection. Forest conditions is 
an important factor affecting the performance of the algorithms. 

 

The purpose of this study was to test and compare the accuracy of single-tree detection algorithms under 
different forest conditions. Compared to previous international comparisons (Kaartinen and Hyyppä 2008), 
there are fewer algorithms involved, but the variation in forest conditions is much greater. 

 

2. Material and methods 

2.1 An overview 

The comparison performed in this study covered altogether six tree detection algorithms. ALS data and a 
small sample of field data were delivered to the operators of these, requesting to extract treetop positions of 
each test site for validation. Each ALS data set included at least XY-coordinates and height above ground 
values, which were calculated by data deliverers. The extent of the associated field data varied, with a 
purpose to adapt the algorithms to the local conditions by training. The accuracy of tree detection and height 
estimation was assessed for each algorithm and test site.  

2.2 Test sites and data 

The test sites considered in this study were located in Brazil, Germany, Norway and Sweden. The Brazilian 
test site was an even-aged pulpwood plantation growing Eucalyptus. The German data consisted of 11 plots 
pre-stratified to coniferous and deciduous. The dominant conifer species was pine, while the deciduous plots 
were composed of oak, beech and birch trees. The species composition in the Scandinavian data consisted 
of pine and spruce and to a lesser degree of deciduous trees, mainly birch. Of these two data sets, the 
Swedish data included notably larger trees than the Norwegian data. The main properties of the field data 
are given in table 1. 

 

Table 1. Main attributes of the field data. Average and (standard deviation) of number of stems (N), basal 
area (BA), basal area-weighted mean tree diameter (D).  

Site N / ha BA, m2/ha D, cm 

Brazil 824 (41) 22.0 (7.0) 18.9 (3.1) 

Germany, deciduous 733 (331) 25.2 (4.9) 35.8 (16.5) 

Germany, coniferous 664 (347) 28.8 (3.3) 30.6 (9.5) 

Norway 1093 (485) 24.3 (8.4) 22.4 (4.8) 

Sweden 610 (253) 34.6 (10.6) 32.9 (7.7) 
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The ALS data used in this study is described in table 2. 

 

Table 2. Main properties of the ALS data sets. 

  Brazil Germany Norway Sweden 

Acquisition date 
August 16, 
2008 

August 30, 
2007 June 6, 2006 April 24, 2007 

Instrument 
Optech ALTM 
3100 

TopoSys 
Harrier 56 

Optech ALTM 
3100 TopEye MKII 

Density 
(nominal), m-2 1.5 16 7.4 30 
Footprint, m 0.36 0.23 0.2 0.13 
Mean altitude, m 1200 450 800 130 
Field of view, ° 30 22.5 10 20/141 

1 Elliptic scan pattern: cross flight direction / forward-backward. 

 

2.3 Tree detection methods 

The applied methods are listed below, but for detailed description, the reader should consult the primary 
publications. In the following text, the algorithms will be referred to by the numbers of the subsections below. 

Cluster formation using modified k-means approach (Gupta et al. 2010). The algorithm used the 
local height maxima as seed points. A height reduction factor was employed on the 3-D ALS data and the 
respective seed points to minimize the bias and better grouping of similar objects. 

 

A voxel layer single tree modelling algorithm based on raw 3D laser spots (Wang et al. 
2008). The method was extended such that input areas with different shapes and variable sizes can be 
handled. Furthermore, the method was integrated with an algorithm for merging split tree crowns, based on 
the horizontal distance of the two tree tops in relation to the crown radii, the vertical height differences of the 
two tree tops in relation to the crown length of the higher tree, and the difference of the two crown base 
heights. 

 

Adaptive segmentation based on Poisson forest stand model (Ene et al. 2010). The method 
employs a twofold strategy: (1) controlling the amount of canopy height model (CHM) smoothing and (2) 
obtaining a CHM resolution suitable for representing the smallest tree crowns. It is assumed that raw 
estimates of the stem density or tree spacing can be obtained, and that the trees are randomly located within 
plots. The CHMs were first interpolated to various resolutions accommodated to each training dataset. Two 
runs of the pit-filling algorithm (Ben-Arie et al. 2009) were applied to each CHM, followed by low-pass filtering 
using a binomial kernel with size proportional to the expected nearest neighbor distance between trees. 

 

Local maxima with residual height adjustment (Solberg et al. 2006). The method used here was 
modified by varying the amount of smoothing, i.e. first by varying the window size for initial filtering of nearby 
ALS echoes, and second by varying the number of Gaussian 3×3 filter runs. These smoothing factors were 
decided separately for each data set after testing with the test trees. 

 

Segmentation based on geometric tree crown models (Holmgren et al. 2010; Holmgren and 
Wallerman 2006). This method is based on Gaussian smoothing of a correlation surface, which is 
calculated with respect to geometric models and CHM height values. The local maxima and the segments 
are defined by the correlation surface and the CHM, and for each segment, the geometric models are used 
to decide if the segment should be merged with a neighbouring segment. 
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Adaptive filtering based on CHM height values (Pitkänen et al. 2004). The CHMs used with this 
method were interpolated to a grid of 0.5 m by taking the maximum first return height value within a radius of 
0.5 m. The empty cells were filled by taking the average from a 3×3 window, and the interpolation was 
repeated successively until every cell had a height value. The algorithm requires the determination of the 
kernel widths (sigma, σ) and the height classes for which the sigma are applied. These were selected 
separately for each data set based on training data. 

 

2.4 Evaluation criteria and performance measures 

The performance of the tree detection was evaluated by comparing 

 

 9 Estimated number of trees vs. the ground truth 
 10 RMSE and bias of stem number and mean height (plot level) 
 11 Number of field trees linked to treetop candidates (omission errors) and candidates not linked 

(commission) 
 12 RMSE and bias of tree height 

 

The RMSE and bias were calculated as follows: 
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where n is the number of observations, and ix  and ix̂  are the reference and estimated attributes, 
respectively, for the tree or plot i. In the case of individual tree height, only measured observations were used 
in the calculation of RMSE and bias. 

 

The Brazilian field data set included no positioned trees, so that the evaluation was carried out at the plot 
level only. In order to evaluate two latter criteria, the treetop candidates detected from ALS data were linked 
to field trees according to the following procedure: 

Estimate maximum crown width using diameter at breast height and tree height (H) in species-
specific models by Pretzsch et al. (2002) and Nagel et al. (2002). In case H is not measured, predict it 
using local height curves. 
 

Initially accept those treetop candidates that are located within the maximum crown width. From 
multiple candidates, link the one with the smallest Euclidean 3-D distance with the top of the field 
tree. 

 

Remove gross linking errors by comparing the height values of the linked pairs. Remove those links 
with a residual of more than 2 × standard error of a simple regression model Hcandidate ~ f(Hfield) (see 
Breidenbach et al. 2010). 
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3. Results 
 

Table 3. Quantitative success of tree detection by different methods. N – number of trees, H – mean tree 
height. 

Site  Algorithm TOTALN̂  RMSEN BIASN Ĥ RMSEH BIASH

Brazil 3 792 252 -75 27.2 1.9 -0.5 

NTOTAL = 872 4 520 363 -331 28.4 2.5 0.7 

H = 27.6 5 787 270 -80 26.5 3.7 0.2 

6 733 297 -131 26.7 1.9 -0.2 

Germany 1 483 375 -214 19.1 2.5 2.1 

NTOTAL = 695 2 583 302 -113 19.5 4.6 3.3 

H = 16.0 3 341 430 -358 19.5 4.9 3.6 

4 700 247 5 17.9 2.1 1.2 

5 557 276 -139 18.0 2.5 1.8 

6 454 300 -262 18.5 4.1 2.2 

Norway 1 1978 628 -545 15.1 2.7 2.2 

NTOTAL = 4002 2 2052 622 -488 15.3 2.8 2.1 

H = 12.8 3 2114 576 -483 15.0 2.7 1.9 

4 2274 605 -475 14.4 2.8 1.5 

5 2726 460 -316 14.2 2.2 1.2 

6 1810 685 -568 15.2 3.2 2.4 

Sweden 1 3222 564 -275 22.6 3.7 1.8 

NTOTAL = 4150 2 2701 674 -358 22.7 5.3 4.1 

H = 20.1 3 2858 637 -383 23.6 4.8 3.5 

4 2972 614 -349 22.2 3.9 2.0 

5 3560 415 -175 22.6 3.8 2.5 

  6 2841 668 -388 23.5 4.4 3.2 

 

On average, the number of trees found by the algorithms corresponded to 65% of the number of trees 
measured in the field. The average tree detection rate varied between the test sites, being 81% for Brazil, 
70% for Germany, 54% for Norway, and 73% for Sweden. The average percentages of treetop candidates 
linked to field trees were 48% (Germany), 42% (Norway) and 60% (Sweden). Thus, the algorithms generally 
resulted in more commission errors in the German data. 

 

Algorithm #5 usually found a number of trees most close to field observations, especially in the Scandinavian 
data (table 3). Algorithm #3 was slightly more accurate in Brazil and algorithms #4 and #2 in the German test 
site. Algorithms #3 and #6 usually resulted in lowest number of trees. The performance of algorithm #4 
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varied most between the data sets. Algorithms #2 and #1 performed well in a single data set, but at an 
average level in others. 

 

Algorithms #5 and #4 resulted in most treetop candidates linked to field trees (table 4). Compared to these, 
algorithms #6 and #3 produced more omission errors, but generally resulted in the lowest number of 
commission errors. Considering a summation of these error components, the most accurate algorithms were 
#6 and #5 in the German data; algorithm #3 followed by #4–6 in the Norwegian data; and algorithms #6, #4, 
#5, in this order, in the Swedish data. Algorithms #1 and #2 performed poorer according to these metrics. 

There were less differences between the algorithms in tree height estimation. Except for the Brazilian data 
set, the mean tree height was generally overestimated (table 3). The performance of all algorithms was 
almost equal in estimating height for the detected individual trees (table 4). In most cases, algorithm #4 
resulted in lowest accuracies. 

 

Table 4. Qualitative success of tree detection by different methods. N – number of trees, H – tree height, Om 
– omission, and Com – commission. 

Site  Algorithm Nest Nlinked Om., % Com., % RMSEH BIASH 

Germany 1 483 324 53.4 32.9 2.0 -0.8 

2 583 314 54.8 46.1 1.7 -1.1 

3 341 274 60.6 19.6 1.7 -0.9 

4 700 424 39.0 39.4 2.1 -1.3 

5 557 400 42.4 28.2 1.7 -0.8 

6 454 356 48.8 21.6 1.5 -0.8 

Norway 1 1978 1523 61.9 23.0 1.9 -0.2 

2 2052 1437 64.1 30.0 1.8 -0.4 

3 2114 1763 55.9 16.6 1.7 -0.2 

4 2274 1809 54.8 20.4 1.9 -0.4 

5 2726 2034 49.2 25.4 1.9 -0.2 

6 1810 1558 61.1 13.9 1.7 -0.2 

Sweden 1 3222 2269 45.3 29.6 1.3 -0.1 

2 2701 2086 49.7 22.8 1.2 -0.1 

3 2858 2447 41.0 14.4 1.2 0.0 

4 2972 2667 35.7 10.3 1.4 -0.8 

5 3560 2880 30.6 19.1 1.3 0.0 

  6 2841 2646 36.2 6.9 1.3 0.0 

 

Figures 1 and 2 demonstrate the effects of forest structure on the performance of the algorithms, indicating a 
considerable difference between conifer test sites and German deciduous forests (figures 1(B) and 2(B)). 
None of the algorithms differed significantly from their respective overall performance (table 4), when the 
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detection of trees of different sizes was considered (figure 1). Treetop positions extracted by algorithms #1 
and #2 most often deviated from other the methods, while these were extracted mainly from the same 
locations (figure 2). 

 
Figure 1. Proportion of treetop candidates linked to field trees as a function of tree height relative to plot-level 

dominant height. A – Germany (coniferous plots), B – Germany (deciduous plots), C – Norway, and D – 
Sweden. 

4. Discussion 
The results of this study showed in general less differences between the tested algorithms than the earlier 
comparison performed by Kaartinen and Hyyppä (2008). The principles of the algorithms tested here are 
obviously more similar than in the study of Kaartinen and Hyyppä (2008), which included a wider range of 
different algorithms. The results of the present comparison showed more remarkable differences between 
the methods in tree detection rates rather than in height estimation accuracies. 

 

There were two basic differences between the algorithms tested in this study. First, algorithms #1 and #2 use 
raw point data, whereas the others require a CHM interpolation step. Second, algorithms differ in the ability 
to employ training data in setting proper parameters for the interpretation. Here local training data were 
available, and due to the training ability, the performance of some algorithms could be clearly improved. For 
example, by considering tree spacing, algorithm #3 was able to adapt well to the Brazilian test site. 
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Algorithms #1 and #2 were developed in Central Europe, and they resulted in a better performance in those 
conditions compared to Scandinavia. On the other hand, Scandinavian algorithms #3–6 performed fairly well 
even in the non-Scandinavian test sites. 

 
Figure 2. Interpretation results of example plots illustrated on top of a map of trees, where circles represent 

the predicted crown diameter based on field data. The plot borders, if visible, are drawn with a dashed line. A 
– Germany (coniferous), B – Germany (deciduous), C – Norway, and D – Sweden. 

Both quantitative and qualitative success criteria were considered when evaluating the algorithms. In some 
cases, these criteria were found contradictory. Consider, for example, the plot-level mean tree height: the 
fewer trees an algorithm detected, the more inaccurate the height estimate, since the detection result is 
focused on the largest trees on the plot. This is still logical, however, as increasing commission often 
improves the accuracy of plot-level mean height since commission trees are normally not as large as 
properly detected trees. On the other hand, algorithms #3 and #6, which found lowest number of trees, were 
found to benefit from the qualitative criteria. 

Linking treetops to field trees clearly succeeded in Scandinavian data sets, while it was known that the lateral 
difference between tree tops and stem foot positions could be up to 7m in the German data. Thus the 
commission error rates between different data sets cannot directly be compared. There are alternative 
measures for evaluating the success of single-tree detection (see, e.g., Solberg et al. 2006), and developing 
appropriate metrics remains a topic for future work. Furthermore, comparing algorithms with respect to using 
the delineated point clouds for predicting attributes such as tree species and stem volume should be 
considered in the future. 
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Finally, it was clearly observed that forest structure affected the performance of all algorithms. These effects 
will be more carefully analyzed in our future work. 
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Abstract  

Airborne laser scanning (ALS) provides direct information from the highest parts of the tree crown and 
structure of the forest canopy. Thus, information provided by ALS opens up new perspectives to assess 
stand first thinning maturity. In practical forest inventory, ALS has been mainly utilized in retrieval of stand 
characteristics. Still, much of the information needed for forest management planning must be collected in 
the field. In the present study, statistical features extracted from the ALS data were used in prediction of 
stand first-thinning maturity and timing with the k-most similar neighbour (k-MSN) and random forest (RF) 
estimation methods. The research material consisted of 127 treewise measured circular plots located in 
young thinning stands from the vicinity of Evo, southern Finland. Timing of the first thinning were determined 
in the field by an expert and classified into four classes: 1) immediately, 2) 1–5 years, 3) 6–10 years or 4) no 
operations during the next ten years. The overall prediction accuracies for these four classes were 54.3% 
and 74.0% with the k-MSN and RF methods respectively. This study demonstrated practical method how to 
utilize ALS data to predict stand thinning maturity.  

 

1. Introduction  
Commercial thinnings are management practices in which both the silvicultural and economic aspects are 
taken into account. From the silvicultural stand point, the goal of thinning is to provide sufficient growing 
space and thus improve the vitality of future crop trees. The timing and intensity of thinning are always 
affected by the previous management of the stand. Harvest schedules and timing of forest operations are 
selected so that utility of the decision maker get maximized. The decision maker is usually assumed to 
maximize the net present value (NPV) of the forest area or stand. General guidelines for timing of thinning 
and clear-cuts are presented as recommendations for good silviculture (Recommendations of Tapio…, 
2006), which are based on growth and yield studies. In practical forest management planning, stand-thinning 
stages are determined in the field by a forest manager and decisions are based on the above-mentioned 
guidelines, spatial distributions of trees and vigour of the tree crowns. When forest management calculation 
systems are applied, the thinning stage is determined by the stands basal area and dominant height via 
thinning curves as the regeneration stage is determined by the age or mean diameter (Recommendations of 
Tapio…, 2006). When timing of harvests is suggested by computation, these suggestions include a degree 
of uncertainty and are often replaced by suggestions derived at in the field. This is mainly caused by the 
inability of forest management calculation systems to predict stand spatial distributions of trees and vigour of 
the living crowns, i.e. the silvicultural aspects of the thinning are ignored. Delayed thinning or incorrect 
harvest decisions may result in growth and income losses for forest owners (Haara & Korhonen, 2004). 
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In Finland, information for forest management planning is collected in two phases. In the first phase, 
inventory of the stand characteristics is carried out and in the second data are completed with information 
collected in the field. Information collected in the field includes forest site types, biodiversity targets and stand 
operational need. Recently, an area-based airborne laser-scanning (ALS) inventory method (Naesset, 2002) 
was utilized for practical forest stand characteristic inventories in Finland. In the method, percentiles of the 
distribution of laser canopy heights are used in addition to aerial photographs and the estimation is based on 
nonparametric estimation methods (Maltamo et al., 2006). 

 

Information provided by ALS offers new perspectives for assessing stand-thinning stages and since ALS is 
becoming a widely popular method for forest inventory, these tools could be adopted for practical forest 
management planning. As a method, ALS provides direct information from the highest parts of the tree crown 
and structure of the forest canopy. ALS-based estimates for crown closure, leaf-area index (LAI) or crown 
coverage have been utilized in many studies (Means et al., 1999; Holmgren et al., 2003; Hopkinson & 
Chasmer, 2009). Basically, variation in the penetration of laser pulses describes the variation in density of 
the crowns (Hirata et al., 2009). For practical forest inventory, statistical features are extracted from the ALS 
data. These include penetration as vegetation laser pulse returns versus total returns, height percentiles of 
the distribution of canopy heights and canopy cover percentile as a proportion of laser returns below a given 
percentage of total height. From these, features such as penetration and canopy cover percentiles are used 
to predict LAI and crown closure with relatively good accuracy (e.g. Jensen et al., 2008; Hopkinson & 
Chasmer, 2009). These features probably correlate well with the stand-thinning stage. 

 

The objective of this study was to test the accuracy of the first-thinning maturity predictions determined from 
the ALS data with canopy-based statistical features. Nonparametric k-most similar neighbour (k-MSN) and 
random forest (RF) estimations were used. Reference suggestions for stand-thinning maturity and the timing 
of thinning were made in the field. 

 

2. Materials and methods  

2.1 Study area 

The study area is in an app. 2000-ha managed forest area located in the vicinity of Evo, Finland (61.19° N, 
25.11° E, Fig 1.). The area is dominated by coniferous tree species, namely Scots pine (Pinus sylvestris L.) 
(52%) and Norway spruce (Picea abies (L.) H. Karst.) (31%). As classified by stand development class, the 
area consists mainly of young thinning stands (26%), advanced thinning stands (40%) and mature stands 
(23%). The corresponding proportions of forest site type are: grass-herb sites (8%), moist sites (71%), dry 
sites (19%) and poor sites (2%). 

 

2.2 Determination of forest management actions in the field 

The research material consisted of 127 tree-level measured fixed-radius (10 m) plots located in young 
thinning stands. The plots were located with Trimble's GEOXM 2005 Global Positioning System (GPS) 
device (Trimble Navigation Ltd., Sunnyvale, CA, USA), and the locations were postprocessed with local base 
station data, resulting in an average error of app. 0.6 m.  
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Figure 1. Location of the study area. 

Proposals for forest management operations were determined in the field for the plots. Timing of the first 
thinning was classified as promptly, 1–5 years or 6–10 years. If there were no forest management operations 
determined, it was interpreted as a rest. For the next 10–year planning period, the operations determined in 
82 plots as a count of the rest plots were 45. The count of immediately timed first thinnings was 35. In 23 
plots, timing was from 1 to 5 years and in 24 plots from 6 to 10 years. 

 

2.3 Acquisition and processing of ALS data 

The ALS data were acquired in July 2009 with an Optech 3100 laser scanner (Optech Inc., Vaughan, 
Ontario, Canada). The flying altitude was 400 m. The density of the pulses returned within the field plots was 
approximately 10 points per m2. The ALS data were first classified into ground and nonground points, using 
the standard approach of the TerraScan-based method explained in Axelsson (2000). A digital terrain model 
(DTM) was then developed, using classified ground points, and laser heights above the ground (normalized 
height or canopy height) were calculated by subtracting the ground elevation from the laser measurements. 
Canopy heights close to zero were considered as ground returns and those greater than 2 m as vegetation 
returns. The data intermediate between them were considered as returns from ground vegetation or bushes. 
Only vegetation returns were used for ALS feature extraction. Several features were extracted from the 
vegetation returns for sample plots. They included the maximum laser hit of the plot, mean, standard 
deviation and coefficient of variation of the canopy heights, penetration as vegetation returns versus total 
returns, height percentiles of the distribution of canopy heights from 10% to 100% at intervals of 10% and 
canopy cover percentile as a proportion of laser returns below a given percentage (from 10% to 100% at 
10% intervals) of the total height. 

 

2.4 k-MSN 

Nonparametric estimation methods, such as k-MSN, are one alternative to predicting stand-thinning maturity 
if there is thinning maturity determined in the ground truth. The estimation method applied in practical forest 
stand characteristic inventory in Finland is k-MSN (Maltamo et al. 2006). In k-MSN, the similarity is based on 
canonical correlations and the Mahalanobis distance (Moeur & Stage, 1995). The benefit of the k-MSN 
method is that the similarity measure can be solved analytically. The k-MSN is described more detailed in the 
original paper by Moeur & Stage (1995). Automatic feature selection was carried out before k-MSN 
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imputations, using a simple genetic algorithm (GA) presented by Goldberg (1989) and implemented in the R 
GALGO library (Trevino & Falciani, 2006). 

 

2.5 Random forest 

The RF algorithm, proposed by Leo Breiman in 2001, is also a nonparametric estimation approach and 
composed of a set of regression trees that are constructed from bootstrapped training data, which in general 
are sets of samples taken randomly, with replacement from the original training set. A regression tree is built 
for each of the bootstrap sets. RF is created by averaging over the trees. A regression tree is a sequence of 
rules that split the feature space into partitions that have similar values for the response variable. A method 
based on classification and a regression tree is usually adopted to generate regression trees. At each node 
of a regression tree, the data are split until the leaf nodes contain fewer samples than some preselected 
value or the sum of the squares of the distances to the mean value of the respective group is less than a 
threshold. RF was described more detailed and used for estimation of forest or tree variables e.g. in 
Breidenbach et al. (2010), Vauhkonen et al. (2010) and Yu et al. (2010). The R statistical computing 
environment (R Development Core Team, 2007) and the yaImpute library (Crookston & Finley, 2007) was 
applied in the k-MSN and RF imputations. 

 

3. Results 
 

Table1.Classification accuracies for first thinnings (%). 

k‐MSN RF
Promptly 71.4 77.1
1‐5 years 30.4 60.9
6‐10 years 37.5 75.0

Rest 62.2 77.8
Overall 54.3 74.0  

 

The k-MSN and RF estimations were used to predict the stand first-thinning maturity, with extracted ALS 
features used as predictors. Predictions classified the thinning maturity phase into four classes. The thinning 
phases (classes) studied were promptly, thinning during the next 1–5 years, thinning during the next 6–10 
years or no thinning during the next 10 years (rest). The reliability of the predictions was examined by 
calculating the classification accuracy using cross validation. 

 

The classification accuracy varied within the single classes from 60.9% to 

77.8% with RF and from 30.4% to 71.4% with k-MSN (Table 1). The overall prediction accuracy for the four 
classes was 54.3% and 74.0% with the k-MSN and the RF methods, respectively. From thinnings that should 
be done immediately, k-MSN and RF classified correctly 71.4% and 77.1%, respectively 

 

In Figure 2, the ALS features that describe the proportional canopy densities in the 20%, 40%, 60% and 80% 
height quantiles (lower values mean denser canopy) are plotted. Plot thinning probabilities were estimated 
with logistic regression in this case. Clear negative correlations (cor = -0.78, cor = -0.55) between the 
predicted probability of the thinning and the canopy density can be seen, especially in the height quantiles of 
20% and 40%. 
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Figure 2. Proportional canopy densities plotted against predicted probability of thinning during the next 10 

years. 

4. Discussion 
In the present study, k-MSN and RF estimations were used to determine stand first-thinning maturity. The 
overall accuracies achieved were 54.3% and 74.0% with k-MSN and RF, respectively. It should be noted that 
the “right” timing of thinning is a subjective decision. When decisions are done in the field (as in practice and 
also here), they always include a degree of uncertainty. From the practical point of view, it is important to 
detect targets that need first thinning during the next 10-year period, which is the time interval used in forest 
management planning in Finland. Especially, immediate thinnings should be detected. 

 

ALS data collected for practical forest resource inventory could be used in the manner presented to enhance 
the quality of computationally suggested forest management operations or to locate stands that should be 
checked in the field. If this type of procedure is used in practice, suggestions for forest management 
operations should be made in the field at the same time as the ground truth data are collected for estimation 
of stand characteristics. 

 

All the reference thinning suggestions were determined in the field at the plot level by an expert and the 
decisions were based on silvicultural recommendations. In practice, forest management operations are 
always carried out at the stand level. In forest inventory, plot-level field measurements are generalized to a 
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grid or segments and stand-level characteristics are calculated from grid cells (segments) that are within 
stand boundaries. Forest management operations could be generalized in the same way. The accuracy and 
usability of this procedure need further investigation. 

 

The ALS features are highly correlated with the forest canopy structure and thus provide information on both 
the silvicultural and economic stand points, when the thinning stage is assessed. Therefore, direct models 
could also be developed to predict thinning maturity. Better understanding of the capabilities of ALS could 
provide means for removing subjective field references or oversimplified harvest decisions, as is the case 
with computational forest management operations. 

 

A new practical procedure for predicting stand first-thinning maturity was presented in this study. Further 
research is needed to test the method at the stand level and also to develop models that could utilize single-
tree-level information. Our results can be used in linking ALS-based forest inventory with practical forest 
management planning. 
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Abstract. 

This study introduces the use of airborne LiDAR data as input information for process-based process models 
for forest growth estimation. Alpha shape methodology was applied to estimate the required stand-level input 
variables. The tested model was a combination of a light use efficiency model and a process-based 
summary model for estimating the stand-level growth. LidAR based metrics were used for estimating the 
mean tree height, crown length and crown volumes at the plot level, which were further converted to leaf 
biomasses to be utilised by the process model. The modelled growths were compared with the diameter 
growths measured in the field. The test data contained 59 Scots pine dominated sample plots located in the 
Eastern Finland.  

The approach proved to be promising way to apply LiDAR data to the process-based growth estimations. 
However, especially the biomass estimation method needs to be improved in the future. 

1. Introduction 
Photosynthesis-based forest growth models, so called process models, offer a relevant alternative for current 
forestry as they allow simulating growth response to new kind of thinning regimes or changing climate, 
without being dependent on the data measured in the past as the traditional empirical growth models (e.g. 
MELA model by Hynynen et al. 2002, SILVA simulator by Pretsch et al. 2002). To be practically utilisable, the 
most complicated process-based models remain still out of the range due their difficult parameterization. 
Instead, applicable solutions are either hybrid models combining best parts of empirical and process-based 
models (e.g. Valentine and Mäkelä 2005, Nuutinen et al. 2006) or summary models, which are simplified 
versions of the detailed ones e.g. FOREST-BGC by Running (1994) and 3-PG by Landsberg and Waring 
(1997). 

The key input variables for the process-based models are connected to crown leaf biomass and crown 
structure. In traditional field inventory these variables have been difficult to measure and they have been 
derived from basic field measurements using allometric equations. However, nowadays airborne light 
detection and ranging (LiDAR) data enables detailed definition of crown structure of the forests, as well as 
producing other relevant input data for growth models (Waring et al. 2009). In addition to traditional stand 
characteristics, LiDAR data has been applied for estimating e.g. leaf area index or light interception (e.g. 
Lefsky et al. 2002, van Aardt et al. 2008, Lee et al. 2009), but rarely in the whole estimation chain by 
process-based models (Kotchenova et al. 2004).  

Crown structure can be defined based on LiDAR data using different approaches, for example by fitting a 
certain crown shape model to the data point cloud (Holmgren and Persson 2004), by using voxel-based 
approach (Popescu and Zhao 2008) or by with three-dimensional (3D) alpha shapes by Edelsbrunner and 
Mücke (1994), applied to e.g. to tree-species recognition by Vauhkonen et al. (2009) with promising results. 
In this study the alpha shape technique is applied for producing input data for process-based growth model 
chain. The LiDAR data based simulations are compared both with field measured growth and with growth 
estimations using basic field input data with the same process-based model (Härkönen et al. 2010b) focusing 
on diameter growth.  
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2. Methods and material 

Used growth models 

The process-based model utilised here is a combination of summary model approach by Härkönen et al. 
(2010b), which defines the level of total carbon production based on LUE model (Mäkelä et al. 2008), and an 
approach by Valentine & Mäkelä (2005) which describes the dynamic growth of the tree dimensions. The 
detailed model descriptions can be found in the above mentioned articles and in a study by Härkönen et al. 
(manuscript). The approach is based on pipe theory and the parameters are mainly from studies by Mäkelä 
et al. (1986), Vanninen and Mäkelä (2000), Vanninen and Mäkelä (2005) and Mäkelä and Vanninen (2001). 
The tree growth is estimated at the stand level, based on carbon production and respiration in different 
components of the trees. In the LiDAR based approach the crown volume at the stand level are estimated 
based on the alpha shapes and used for deriving the leaf biomasses for the stands. In the field data 
approach the leaf biomasses are derived from the basic field measurements (mean tree height and crown 
length) using allometric equations by Vanninen and Mäkelä (2001). 

Statistical analysis 

The model performance was assessed with the root mean squared error (RMSE), the relative root mean 
squared error (RMSE%), the absolute model bias, the relative model bias (BIAS%) and the coefficient of 
determination (R2) (table 1). The residuals were also examined. 

Table 1. Statistical equations used in the analysis. iy  is the field measured mean value on a plot i, iŷ is the 
simulated mean value on a plot i, y  is the arithmetic average of the y values, and n is the total number of 

the plots. 
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Field data 

A total of 59 Scots pine dominated sample plots (circular with 9 m radius) from Heinävesi located in Eastern 
Finland from years 2004 and 2009 were used in this study (table 2). Tally tree data contained diameter and 
tree species. Tree height and crown base height were measured of the sample trees (crown base was 
measured only in 2009). The sample trees were defined as the median basal area trees per tree species 
strata. The sample plots were located in managed forest, 37% of the plots being of Myrtillus site type, 60 % 
of Vaccinium type and <1 % of Calluna type (classification by Cajander, 1925). 

For the field input data the tree-wise crown base heights for year 2004 were estimated using the tree-
species-wise ratios of crown base to tree height measured in 2009 on the same plot. The mean crown radius 
was estimated based on the crown length using equation by Mäkelä and Vanninen (2001).  
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2. The drilled growth samples (5-years growth in radius at 1.3 m height) taken of all the sample 
trees (n=187) representing the dominant layer in 2009, were used for generalising the tree-wise 
five-year basal area growth Bgrowth5, tree (m2) for all the tally trees from 2004 using the following 
model (n=187, R2=0.5063, p-value<0.05): 

3. ln(Bgrowth5, tree) = -6.65906 + 0.8055 ln(D1.3,tree) - 0.27386 ln(Btot) 

4. + 0.07109 SITEomt - 0.02855 SITEmt - 0.25233 SITEvt 

5.       + 0.08392 SPspruce - 0.14205 SPdeciduous,    (1) 

6. where D1.3,tree (cm) is the tree diameter in 2004, Btot is the stand basal area (m2 ha-1) in 2004, SITEi 
is dummy variable representing site type (omt=oxalis-myrtillus type, mt=myrtillus type, 
vt=vaccinium type) and SPi is dummy variable representing tree species. The generalised 
growths were calibrated by multiplying the predicted growths with plot-wise ratio of the mean 
measured basal area growth to the mean predicted basal area growth of the dominant trees on 
the plot. 

Table 2. Stand level basic information of the sample plots in 2004. 

 

Mean height (m), 
basal-area 
weighted 

Basal area (m2 
ha-1) 

Mean 
diameter (cm) Age (years) Number of trees ha-1 

Minimum 6.6 11.6 10 14 550 

Mean 15.2 21.5 18.45 47 1315 

Maximum 24.1 46.6 26.9 79 3026 

LiDAR data 

The LiDAR data was gathered on night 4.8.2004 using Optech ALTM 2033 at 1500 m height with 30○ angle 
the width of each laser strip being 800 m and the pulse density 0.7 per m2. The footprint was 45 cm. Seven 
strips were scanned with overlap of 35 %, resulting to the total laser-scanned area of 20 km2 (Packalen & 
Maltamo 2007). The DEM (Digital elevation model) of resolution 1 m produced based on the laser scanned 
data was used for defining the tree height values. The canopy height model was build using an interpolation 
procedure by Pitkänen et al. (2004). 

The plot data was segmented using a water-shed segmentation algorithm. The segmented data was 
then given as an input to alpha shape procedure (Edelsbrunner and Mücke 1994, Vauhkonen et al. 
2009) using the open source Computational Geometry Algorithms Library (Da and Yvinec, 2007). The 
alpha shape procedure provided estimates of mean height, mean crown base height and crown 
volume per segment. The procedure was run using only first-return points above 15 % of the tree 
height. The plot-wise mean height and crown base height were calculated as segments’ ground area 
weighted averages. The plot-wise total crown volumes were determined as a sum of all segments’ 
volumes on the plot. 

Estimating of number of trees per plot was tested by using an equation fitted with Matalansalo LiDAR data by 
Suvanto et al. (2005). The mean tree volume was defined as a total crown volume divided by the estimated 

amount of trees per plot and used for defining the mean tree’s leaf biomass. Leaf biomass and crown 
dimension data of Scots pine measured in Southern Finland (Vanninen & Mäkelä 2000, Vanninen & Mäkelä 

2005) was used for plotting an equation between tree crown volume and leaf biomass as 
ln(WF,tree) = 0.9537 ln(Vtree) - 1.6268,      (2) 

where WF,tree is the tree-wise leaf biomass (kg DW) and Vtree is the crown volume (m3) (n=99, R2 = 
0.7907). The equation was used for converting the mean tree volume to mean leaf biomass per tree. 
Further, the stand leaf biomass was determined as the mean tree’s leaf biomass multiplied by 
number of trees per hectare estimated from the LiDAR. The mean crown width was determined from 
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the LiDAR-based mean tree crown length and the estimated crown volume of the mean tree 
assuming the crowns as ellipsoids. 

Weather data 

The weather data for the year 2004 was available as grid of 10 x 10 km from the Finnish Meteorological 
Institute. The daily radiation, vapour pressure deficit and temperature data nearest to the sample plots were 
used in photosynthesis calculations. 

3. Results and discussion 
The mean diameter growth was simulated with 1) the process-based model with the stand-level field input 
data and 2) the process-based model with the LiDAR-based stand-level input data for five years and 
compared with the field observations. The diameter growth was overestimated with both of the approaches, 
the higher overestimation being with the field input version (table 3, figure 1). Otherwise the both approaches 
behaved rather similarly (figure 2), but the LiDAR input version produced less biased results than the model 
with field input. A tendency to overestimate growth of small trees and to underestimate the growth of bigger 
trees was detected with both field and LiDAR data (figures 3 & 4).  

Table 3. RMSE, bias and R2 of plot-wise mean diameter (cm) estimations in the end of the simulation period 
(2009) compared with the mean diameter observed in the field.**denotes p-value<0.05 

 

 

 

 

 

 

 

 
Figure 2. Stand mean diameter growth (cm) in 

5 years simulated with field input plotted against the 
growth simulated with LiDAR input. 

 RMSE Bias R2 

Stand basal area in the end 
of simulation (2009) m2 ha-1 % m2 ha-1 %  

Process-based model, field 
input 1.4 6.9 -1.2** -6.0 0.88 

Process-based model, LiDAR 
input 1.2 5.8 -0.5** -2.4 0.92 

Figure 1. Measured stand mean diameter (cm) in 
the end of the simulation period (2009) plotted 

against the simulated mean diameters. Grey dots 
denote the simulations with field input data and 

triangles the simulations with LiDAR data. 
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Figure 4. Residuals of 5-year diameter 
growth (cm) estimations with field input 

plotted against stand mean diameter (cm) in 
the field. 

 

The results of this study indicate that even this kind of low-density LiDAR data is suitable to be used as direct 
input for process based growth models. However, there were still problems with the current approach, e.g. 
related to estimation of crown volumes and conversion of crown volumes to leaf biomasses. Firstly, the 
crown base height estimation using the alpha shape method did not work as well as e.g. with tree species 
detection (Vauhkonen et al. 2009) and lead to overestimated total stand crown volume, and further to 
overestimated leaf biomasses. This was obviously due to low density of the used LiDAR data, but as the 
estimates based on the field data contain also uncertainty, it is difficult to verify the real amount of estimation 
error. The equation fitted with tree-wise biomass data from Finland (Vanninen and Mäkelä 2001) was used 
for estimating the mean crown volume per tree. In order to determine the tree-level mean crown volume, 
number of trees per hectare were estimated using a statistical function fitted with field and LiDAR data from 
Matalansalo (Suvanto et al. 2004). With denser LiDAR data the local maxima method would obviously be a 
more universal approach for estimating the number of trees. As the field data used was from small set of 
sample plots, it is rather difficult to assess performance of the approach in larger scale.  

 

Accuracy of the estimates seems to be at the same level that those from previous studies conducted in 
Finland. In a study by Härkönen et al. (2010a) empirical model estimations (Hynynen et al. 2002) were 
evaluated against large data set from national forest inventory plots in Finland, and in that study RMSE% and 
bias% of estimated stand mean diameter were of 7.7% and 2.1%, respectively. Also the growth estimates 
obtained using the most similar neighbour method with Finnish data have been at the similar level (Sironen 
et al. 2008). 

 

Based on the findings of this study, the LiDAR-based approach produced reasonable results despite of 
tendency to overestimate crown volumes. The weakest part in the approach is related to estimation of the 
crown volume and converting it to leaf biomasses, which requires improving in the future. Further testing of 
the approach with larger range of site types, tree species and geographical area remains as the future tasks. 
Alco comparing different methods for estimating the crown structure would be necessary. In general, the 
approach seems promising and it could be applied directly also for example to estimating carbon fluxes, 
while the model already contains components for estimating gross- and net primary production as well as the 
whole net ecosystem production. 

Figure 3: Residuals of 5-year diameter growth 
(cm) estimations with field input plotted against 

stand mean diameter (cm) in the field 
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Abstract 

Quantifying structure is essential for modelling tropical forest ecosystem processes and services. This paper 
investigates the ability to assess canopy height of tropical rainforest from Landsat Enhanced Thematic 
Mapper (ETM+) data by performing a detailed assessment of the within-pixel variation of forest canopy 
height characteristics and the influence this has on recorded spectral response. Forest canopy height is 
derived from airborne small-footprint LiDAR data acquired using a Leica ALS50 II system. Forest types 
studied include regenerating, floodplain and terra firme forest. Spectral reflectance in all optical ETM+ bands 
was shown to be negatively correlated with the range, maximum, mean and standard deviation of canopy height 
per pixel. The strongest overall correlation coefficient (-0.83, p < 0.01) occurred between ETM+ Band 4 and 
maximum canopy height. It was shown that either near or middle infrared (ETM+ Bands 4 and 5) in a simple 
ratio or normalised index with either visible green or red (ETM+ Bands 2 and 3) also correlated strongly with 
canopy height (mean and maximum) and could be used to predict height across the ETM+ scene. In particular, 
the NDVI has been demonstrated as a potential cost-effective tool for large-area assessment of tropical 
rainforest canopy height appropriate for UN-REDD (Reduced Emissions from Deforestation and Forest 
Degradation) monitoring. 

 

1. Introduction 
There is a long history of the use of Landsat data (MSS, TM and ETM+) to assess tropical forest. Published 
studies cover a range of applications, but can loosely be categorised into; i) spectral separability and 
mapping of forest types (e.g. Singh 1987, Roy et al. 1991, Salovaara et al. 2005), ii) assessment of mature 
forest biomass and carbon pools (e.g. de Moraes et al. 1998, Foody et al. 2003, Meng et al. 2007), iii) 
mapping of successional forest stages and associated biomass (e.g. Sader et al. 1989, Boyd et al. 1996, 
Espirito-Santo et al. 2005); iv) assessment of biodiversity and species abundance (e.g. Foody and Cutler 
2003, Gillespie et al. 2009, Hernandez-Stefanoni et al. 2009); and v) deforestation assessment and 
monitoring (e.g. Nelson et al. 1987, Lung and Schaab 2010). The over-riding themes are thus identifying 
where tropical forest occurs, where it is being disturbed/removed and where it is being allowed to regenerate, 
with a focus on accounting for biomass and carbon modelling. 

 

In more recent years, both airborne LiDAR (e.g. Laser Vegetation Imaging Sensor data) and space-borne 
LiDAR (e.g. ICESat GLAS data) have been demonstrated to be of direct value for estimating structure and 
biomass in tropical forests (Drake et al. 2002, 2003, Lefsky et al. 2005). However, as pointed out by Hudak 
et al. (2002) whilst airborne LiDAR can provide detailed and accurate measurements over the area of 
acquisition, this typically is of limited spatial coverage compared with satellite data. They advocated the 
integrated use of LiDAR and satellite multi-spectral data (in their case Landsat ETM+) to assess forest 
biomass over large areas. This approach has subsequently been applied for tropical forests, typically 
deriving relationships for forest biophysical characteristics from LiDAR data and then extrapolating these 
across landscapes by forest type as assessed from spectral data (e.g. Asner 2009, Helmer et al. 2009). 
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This paper investigates the ability to assess canopy height of tropical rainforest directly from Landsat 
Enhanced Thematic Mapper (ETM+) data by performing a detailed and unique assessment of the within-
pixel variation of forest canopy height characteristics and the influence this has on recorded spectral 
response. This study builds on previous work mapping primary forest types in Landsat TM imagery of 
Peruvian Amazonia and investigating spectral response in relation to field plot data (Hill and Foody 1994, 
Foody and Hill 1996, Hill 1999). These previous studies were successful but limited by the difficulties of 
coupling ground and satellite data which were compromised by their comparative scale. This study benefits 
from extensive forest structure data derived from airborne, small-footprint LiDAR data. 

 

Study area 

The field site is situated along the Rio Tambopata in the Department of Madre de Dios in south east Peru 
(Figure 1). In this region, the foothills of the Andes meet the western Amazon Basin creating a hotspot of 
biodiversity (Myers et al. 2000). The biological significance of the forests in this region is reflected in their 
status as one of the most protected regions in Amazonia (Lloyd 2004). The study area covers 19 x 7.5 km 
and is centred approximately on the Explorer’s Inn (12050’20” S, 69017’45” W), where the rivers Tambopata 
and La Torre meet. This area lies at the boundary between the Tambopata National Reserve and its 
protective Buffer Zone, which at this site is within the Native Community land of Infierno. Sustainable use of 
forest resources is granted within both the National Reserve and its Buffer Zone, unlike the Bahuaja Sonene 
National Park to the south, which together make up the ca. 1.4 million ha area previously known as the 
Tambopata-Candamo Reserve Zone (TCRZ).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 

Figure 1. The study site in the Tambopata National Reserve, southeastern Peru. 

The forests of this area are predominantly undisturbed and mature. According to the typology of Philips 
(1993) the forests in this area can be categorised as terra firme forest (on both clay and sand soils), 

LiDAR data acquisition areaLiDAR data acquisition area
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floodplain forest (on alluvial or silty clay soils with a flooding regime which declines in frequency with distance 
from the Tambopata), swamp forest (on either permanently or seasonally flooded soils) and regenerating 
forest on abandoned farmland next to the Tambopata. Forest structure and composition varies significantly 
between these categories. 

Remote sensing data 

Airborne LiDAR data were acquired on June 7, 2009 using a Leica ALS50 II system flown at an average 
altitude of 1600 m. This system has a 200 kHz repetition rate and uses a 1064 nm wavelength laser. The 
along/across track sampling rate was one hit per m2, resulting in an average density of 2.1 laser hits per m2 

on the ground with flightline overlap. The nominal footprint size was 24 cm. All laser point data were geo-
registered relative to a GPS base station located at Puerto Maldonado Airport, less than 40 km from the 
study area. 

The Leica ALS50 II system records multiple (i.e. up to four) returns per laser pulse. These were separated 
into ground and non-ground (i.e. vegetation) hits based on the algorithm of Axelsson (2000) which is 
implemented in TerraScan software (Terrasolid, Finland). The ground returns were subsequently interpolated 
into a Digital Terrain Model (DTM) at 2m spatial resolution (Figure 2A), applying an Inverse Distance 
Weighting algorithm. A Digital Surface Model (DSM) was created of the maximum return height per 2 m grid 
cell and this was normalised using the DTM to create a Canopy Height Model (CHM) (Figure 2B). 

 

 
Figure 2. A) Digital Terrain Model and B) Canopy Height Model of the study site at 2 m resolution derived 

from airborne LiDAR data 

A Landsat 7 ETM+ scene for path 002 row 069 acquired on July 28, 2009 was downloaded from the USGS 
Earth Explorer website (http://edcsns17.cr.usgs.gov/EarthExplorer/). This image was acquired in SLC-off 
mode, due to the failure in 2003 of the Scan Line Corrector which compensates for the forward motion of the 
Landsat 7 satellite. The result is that outside of the central 26 km of the scene, there are narrow strips of 
missing data. Landsat 7 SLC-off data are pre-processed by the USGS to what is termed Standard Terrain 
Correction (Level 1T), using ground control points (from the GLS2005 data set) and elevation data (typically 
SRTM). Radiometric calibration is part of the Level 1 Product Generation System (LPGS) applied to Landsat 
7 ETM+ data, using detector gain parameters which are updated on a 90 day cycle. The post-calibration 
dynamic range for each band is scaled over an 8-bit range. No atmospheric correction is applied in this 
process and the no-data areas are not in-filled. 
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2. Remote sensing data analysis 
The ETM+ image was subset down to an area incorporating the LiDAR data acquisition. In spite of the 
geometric correction procedure applied to the ETM+ scene in the Level 1 Product Generation System, a 
spatial offset remained between the two data products. The ETM+ scene was registered to the LiDAR CHM 
using 10 ground control points manually identified in both datasets. A second order polynomial 
transformation was applied and nearest neighbour resampling of the ETM+ image, to achieve data geo-
registration with an average overall accuracy of 3.2 m. 

 

A 30 x 30 m grid matching the spatial framework of the ETM+ scene was placed over the CHM. Each 30 m 
grid cell contained 225 individual CHM grid cells (each of 2 x 2 m) and from these the minimum, maximum, 
range, mean and standard deviation of canopy height was derived. The output of this was a series of 30 m 
resolution raster layers. The 30 m resolution datasets (i.e. ETM+ and CHM block statistics) were then 
stacked together to create a 12-band dataset. This enabled per-pixel comparison of canopy spectral 
reflectance and height characteristics. Data were extracted and compared for individual pixels of different 
forest types across the study site; terra firme (162 pixels), floodplain forest (124 pixels), and regenerating 
forest of at least 25 years (134 pixels). Relationships were examined, using Pearson’s correlation, between 
forest structure (range, maximum, mean and standard deviation of canopy height) and spectral 
characteristics (in the optical bands only) for the forest types combined into a single data set. In addition to 
focussing on individual band values, simple band ratios and normalised difference band indices (such as the 
NDVI) were also calculated per-pixel and compared with the canopy height data. 

 

For the spectral band or band ratio/index with the strongest correlation with mean canopy height, least 
squares linear regression was performed to derive a predictive equation. This was used to predict mean 
canopy height across the subset ETM+ scene (excluding no-data areas). The predictive accuracy was 
assessed based on an independent set of ‘pixels’ extracted from the 12-band 30 m resolution dataset. These 
independent data totalled 100 ‘pixels’ for each of terra firme and floodplain forest, and 50 ‘pixels’ for 
regenerating forest. The difference between the observed and predicted mean canopy height per 30 m cell 
was calculated both as an average difference and RMSE per forest type. 

 

3. Results  
From Table 1 it is clear that spectral reflectance in all ETM+ bands was negatively correlated with all four 
measures of forest canopy height examined (range, maximum, mean and standard deviation of canopy 
height). All of these correlation coefficients were significant at the 0.01 level with the exception of Band 3 with 
mean canopy height. It was noticeable that the strongest correlation coefficients for all four canopy structure 
variables occurred with Band 4, whilst the strongest correlation coefficients per band occurred with maximum 
canopy height for all but Band 3. The strongest overall correlation coefficient therefore occurred between 
Band 4 and maximum canopy height (-0.83). 

 

For the band ratios calculated, with the exception of the 4/5 ratio, all had significant (at the 0.01 level) 
negative correlation coefficients with all four canopy structure measures examined, and all were most 
strongly correlated with maximum canopy height (Table 1). The strongest correlation coefficient with 
maximum and mean canopy height occurred for the Band 4/2 ratio (-0.81) and the Band 4/3 ratio (-0.78) 
respectively. It is worth noting that the Band 4/2 ratio had the highest correlation coefficient with three out of 
the four forest canopy measures. 

 

A similar pattern was observed with the normalised difference band indices. Hence, once again with the 
exception of ND45, all calculated normalised difference band indices showed significant (at the 0.01 level) 
negative correlation coefficients with all four canopy structure measures examined, and all were most 
strongly correlated with maximum canopy height (Table 1). As with the band ratios, the strongest correlation 
coefficient for the normalised difference band indices with maximum and mean canopy height, involved 
Bands 4 and 2 (-0.81) and Bands 4 and 3 (-0.78) respectively. 
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Table 1. Correlation coefficients between selected Landsat ETM+ bands, band ratios and normalised 
difference band indices and forest canopy structure variables.  

(Coefficients shown in italics are not significant at the 0.01 level). 

Band, Ratio, 
Index 

Canopy Height 
Range 

Canopy Height 
Maximum 

Canopy Height 
Mean 

Canopy Height 
Standard Deviation 

ETM+ 1 -0.17 -0.22 -0.19 -0.12 
ETM+ 2 -0.43 -0.56 -0.48 -0.41 
ETM+ 3 -0.22 -0.21 -0.08 -0.20 
ETM+ 4 -0.60 -0.83 -0.77 -0.54 
ETM+ 5 -0.60 -0.76 -0.68 -0.53 
ETM+ 7 -0.52 -0.68 -0.62 -0.45 
     
4/2 -0.58 -0.81 -0.75 -0.52 
4/3 -0.54 -0.79 -0.78 -0.49 
4/5 0.10 -0.02 -0.08 0.06 
4/7 -0.20 -0.32 -0.32 -0.20 
5/2 -0.58 -0.73 -0.66 -0.50 
5/3 -0.57 -0.76 -0.71 -0.50 
5/7 -0.34 -0.40 -0.33 -0.31 
7/2 -0.46 -0.61 -0.56 -0.39 
7/3 -0.47 -0.66 -0.65 -0.41 
     
ND42 -0.57 -0.81 -0.77 -0.51 
ND43 (NDVI) -0.53 -0.79 -0.78 -0.49 
ND45 0.09 -0.03 -0.09 0.05 
ND47 -0.21 -0.33 -0.33 -0.22 
ND52 -0.57 -0.73 -0.66 -0.49 
ND53 -0.56 -0.76 -0.72 -0.56 
ND57 -0.34 -0.40 -0.38 -0.32 
ND72 -0.45 -0.61 -0.60 -0.38 
ND73 -0.46 -0.66 -0.65 -0.40 
  

 

Band 4 was therefore highly correlated with both the maximum and mean canopy height, and this remained 
the case when this band was used in either a simple ratio or a normalised difference index with either Band 2 
or Band 3 (Figure 3). As the strongest relationship with mean canopy height occurred with the NDVI, this was 
used to predict canopy height per-pixel across the ETM+ scene based on the regression equation: 

 

Mean canopy height = 72.19 – (108.3 * NDVI)     (1) 
 

For the independent test areas, this resulted in an average error for mean canopy height prediction of 0.65 
m, 3.60 m and 3.62 m respectively for terra firme, floodplain and regenerating forest. Thus in general, there 
was a positive bias (i.e. over-estimation) in mean canopy height estimation. The RMSE for mean canopy 
height prediction was 4.34 m, 5.59 m and 5.57 m respectively for terra firme, floodplain and regenerating 
forest. 
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Figure 3. Plots of Band 4 and NDVI against mean and maximum canopy height for terra firme, floodplain and 
regenerating forest.  

4. Discussion  
The results of this project build on those reported elsewhere, although these have often focussed on the 
influence of canopy structure on spectral reflectance characteristics for regenerative forest. Thus, for 
regerenarative forest on abandoned pastures near Manaus in Brazil, Steininger (1996) reported that both 
near infrared reflectance and the NDVI (derived from Landsat TM data) increased for the first four years of 
forest growth and then either declined (near infrared) or stabilised (NDVI) thereafter, reaching a point that 
was indistinguishable from mature forest at just 13 years. They related these spectral patterns to temporal 
changes in canopy geometry and leaf area. Looking at seven age classes regenerative forest (between 0 
and >14 years) plus primary forest in Brazilian Amazonia, Boyd et al. (1996) demonstrated significant 
negative relationships (correlation coefficient of -0.74 or stronger) for all TM bands (except Band 4) and a 
weak negative relationship (-0.26, significant at the 0.05 level) for the NDVI with regenerative stage. In this 
case, regenerative stage was taken as a surrogate measure for canopy height and structural complexity. 

Lu et al. (2004) provided a detailed investigation of Landsat TM spectral reflectance and derived band ratios 
and indices against field-recorded forest structure measurements (including height) for three sites of heavily 
degraded and regenerating forest in Brazilian Amazonia. They found strong negative correlation coefficients 
(-0.66 or stronger) between reflectance in all bands and canopy height, but weaker positive relationships for 
the NDVI (0.38 to 0.63). They related these relationships to the effects of canopy shadow associated with 
increasingly complex stand structure. In particular, they identified the presence of emergent trees with high 
diameter at breast height (DBH) and tall canopy as having a negative impact on reflectance due to their 
canopy shadowing, which is strongest in the near infrared wavelength (Band 4). As a result, Lu et al. (2004) 
concluded that Landsat TM reflectance in tropical rainforests relates to tree height distribution rather than 
biomass or LAI differences. 

Ingram et al. (2005) demonstrated significant negative relationships (correlation coefficient of -0.54 or 
stronger) for Landsat ETM+ Bands 3, 4 and 5 with basal area, and for NDVI with stem density (correlation 
coefficient of -0.69) for degraded and pristine littoral rainforest in southeastern Madagascar. These results 
are most comparable with those of the current study, and build on the results of previous work (Hill and 
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Foody 1994, Foody and Hill 1996) in which negative relationships were shown between TM Bands 2 and 4 
(and their simple ratio) with tree stem density for different forest types in this study area. Asner and Warner 
(2003) used IKONOS imagery to investigate the role of sub-pixel shadow fractions in tropical forest in 
Brazilian Amazonia. They demonstrated that a 10% increase in shadow fraction resulted in a 3% and 10% 
decrease in red and near infrared response respectively. However, they reported the NDVI to be only weakly 
sensitive to changes in canopy shadow fraction. 

 

In the present study, where relationships between spectral response (per band and for derived ratios and 
band indices) and canopy height variables were significant, the fact that all showed strongest correlations 
with maximum canopy height demonstrates the importance of this structural variable. For both floodplain and 
terra firme forest at this study site, the tallest canopy is directly associated with emergent trees and these 
areas have the greatest local variation in canopy height. Whilst the spatial distribution of emergent trees in 
Tambopata is typically greater than the 30 m grid size examined here, the maximum height per 30 m grid cell 
is nonetheless more sensitive to the presence of emergent trees and greater canopy complexity than mean 
canopy height. This therefore supports the conclusions of Lu et al. (2004) and Asner and Warner (2003). 

For predicting mean canopy height in this study, the NDVI was the most strongly correlated of the band 
ratios and normalised difference band indices examined. This contrasts sharply with numerous published 
studies which have demonstrated weak or no relationship between NDVI and tropical forest structure (e.g. 
Sader et al. 1989, Foody and Curran 1994, Steininger 2000, Foody et al. 2003). This may be explained by 
the range of forest types examined in the present study. Ingram et al. (2005) commented on how the NDVI is 
sensitive at detecting what they termed ‘extremes in forest condition’ rather than structural differences 
between forests of ‘moderate condition’. They therefore concluded that the NDVI is valuable for detecting 
tropical rainforest loss or severe degradation, but not for detecting subtle variations in forest structure across 
a landscape. The present study, however, has demonstrated that the NDVI is sensitive to differences in 
forest structure when focussing on a range of forest type and status, with a mean canopy height ranging over 
8-50 m.  

 

The results of this study also contrast with numerous published studies which have highlighted the benefit of 
using middle infrared bands in preference to near infrared-based indices to assess tropical forest structure 
(e.g. Boyd et al. 1999; Steininger 2000; Foody et al. 2001; Twele et al. 2008). It is notable that these studies 
related to successional, logged-over or montane forests which are unlikely to contain tall emergent trees and 
thus the shadowing effect discussed above. 

Whilst it has been shown possible in this study to predict canopy height across a single ETM+ image, based 
on the relationship identified between the NDVI and LiDAR-derived canopy height, a final note of caution is 
required. Foody et al. (2003) demonstrated that predictive relations developed at one tropical rainforest 
location are not readily transferable to another, whilst Miura et al. (2006) demonstrated that NDVI values 
over tropical forest are sensor dependent. Using Hyperion data they simulated NDVI from satellite sensors 
that could be used for monitoring tropical rainforests (MODIS, AVHRR, ETM+) and demonstrated the need 
for cross-calibration.  

5. Conclusions 
By focussing on a range of tropical rainforest types (regenerative, floodplain, terra firme) with structure 
varying over a mean height range of 8 m to 50 m, it has been shown that in particular near and middle 
infrared response is negatively related to canopy height. Furthermore, it has been shown that near infrared in 
a simple ratio or normalised index with either visible red or green also correlates strongly with canopy height 
(mean and maximum). The NDVI has therefore been demonstrated as a potential cost-effective tool for 
large-area assessment of tropical rainforest canopy structure appropriate for UN-REDD (Reduced Emissions 
from Deforestation and Forest Degradation) monitoring. 
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Abstract 

Full waveform small footprint laser scanning und airborne hyperspectral image data from the sensor HyMap 
of two forest areas in Germany were fused for a detailed forest stand characterization. Fusing active laser 
scanning data with passive hyperspectral data increases the information content without adding much 
redundancy. 

Hyperspectral data offer the maximum spectral reflectance information available from remote sensing. Full 
waveform laser scanning records the vertical distribution of reflected laser energy and offers the maximum of 
structural information about forest stands. 

In order to combine both datasets, we defined voxels above the HyMap pixels, containing the mean laser 
intensity in slices of 50 cm or 100 cm height for the area of each HyMap pixel. These datasets yield a 
detailed impression of the vertical structure of forest stands and can be used, among other things, to derive 
tree height, crown base height, and biomass. In addition, the joined images performed better in classifying 
tree species and age classes than each of the single images. 

 

1. Introduction 
Active and passive remote sensing systems inherently differ in how they measure the earth. While passive 
remote sensors measure the reflected solar radiation (or the emitted radiation), active sensors detect the 
echoes of their own radiation source. The highest information content among passive sensors is achieved by 
hyperspectral imaging, also known as imaging spectroscopy (IS, Goetz 2009). IS provides quasi-continuous 
reflectance spectra in many narrow bands for each pixel (Vane & Goetz 1988), but only for the surface of the 
observed object. This data can be used for detailed quantitative analyses, e.g. determination of chlorophyll 
or water content in leaves, or for difficult classification tasks, e.g. tree species determination (Le Maire et al. 
2008, Sims & Gamon 2003, Ustin & Xiao 2001). However, in forested areas, discerning between different 
age classes of the same tree species is still error-prone (Buddenbaum et al. 2005, Niemann 1995). In 
addition, IS is not well suited for the derivation of structural forest parameters like tree height or crown 
volume (Chopping et al. 2009). Airborne Laser Scanning (ALS), as an active remote sensing technique, 
offers different information about the study area (Koetz et al. 2007). The three-dimensional position of each 
reflecting point is measured. Full waveform small footprint ALS records the temporal distribution of reflected 
laser energy, thus enabling the description of the vertical structure of vegetation stands. Laser scanner data 
can be used to differentiate between coniferous and deciduous trees either by analysing crown shapes that 
lead to different surface roughness or by exploiting the intensity information of laser echoes from the crowns 
(Ørka et al. 2009, Kim et al. 2009). However, a more detailed determination of tree species based solely 
upon Laserscanning is not feasible (Holmgren et al. 2008). A combination of both data sets provides more 
information on canopies than any single remote sensing system. 

This abundance of spectral and structural information can be used for the characterization of forest stands, 
e.g. for species and age class classification or for the determination of structural or biochemical properties. 
Many studies have investigated the information extent of ALS alone (e.g. Koch et al. 2009, Hyyppä et al. 
2008) and of IS alone (e.g. Schlerf et al. 2010, Ghiyamat & Shafri 2010, Schlerf & Atzberger 2006, Zarco-
Tejada et al. 2004) for forest applications. There are also several studies on the combination of passive 
image data and ALS data (e.g. Verrelst et al. 2009, Reitberger et al. 2008, Anderson et al. 2008, Dalponte et 
al. 2008) but few, if any, researchers have examined the fusion of IS and small-footprint waveform ALS. 
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Study areas and data 

The study was conducted in two areas: The Idarwald forest (49°40’N, 7°10’E) near Morbach and a section of 
Pfälzerwald forest (49°16’N, 7°47’E) near Merzalben, both located in Rhineland-Palatinate, Germany. Both 
are managed forests with mixed and pure stands of beeches, oaks, Norway spruces and Douglas firs as 
dominant tree species. Active forestry measures in the areas include plantation and selective thinning.  

In 2003 a HyMap image with 5 m ground sampling distance was recorded over Idarwald forest. In 2005 a full 
waveform small footprint ALS dataset of the same area was recorded using a Riegl Litemapper 5600 (Hug et 
al. 2005) with a Laser pulse density of about 4 m–2. 

 

IS and ALS images of the Pfälzerwald study area were both recorded in 2009, using the sensors HyMap and 
ALTM 3100, respectively. The spatial resolutions were similar to the Idarwald datasets. All data sets were 
recorded under leaf-on conditions in late summer. 

HyMap is an airborne opto-mechanic IS sensor that covers the wavelength range from 0.45 to 2.48 µm with 
a radiometric resolution of 13–17 µm in about 125 bands with a signal to noise ratio of typically over 500:1. 
There are gaps in the wavelength regions affected by water vapour around 1450 and 1950 nm. The sensor’s 
field of view is 60° (Cocks et al. 1998). 

 

2. Methods 
The HyMap images were radiometrically, atmospherically and geometrically corrected and geocoded. Bad 
bands were identified and excluded from the datasets resulting in a 122 band image of the Idarwald site and 
a 125 band image of the Pfälzerwald site. 

 

With a HyMap pixel size of 5 m × 5 m and an average Laser pulse density of 4 m–2 there are about 100 
Laser shots on every pixel. To create a dataset that integrates the waveform information for the area of each 
HyMap pixel, we defined voxels above ground level of the HyMap pixels, containing the mean laser intensity 
in slices of 50 cm (Idarwald) or 100 cm (Pfälzer Wald) height (Popescu & Zhao 2008). Every hit with non-
zero intensity in a voxel was counted and the intensities were added to each other so that the mean intensity 
in each voxel could be calculated. Ground height for each pixel was taken from a DEM created from the 
same ALS flight. In order to get a uniform spatial distribution of brightness, the intensities were normalised 
using a 1/r2 relationship where r is the distance from the sensor to the ground. The resulting images do not 
show the flight lines or areas covered by multiple flight lines which is taken as evidence for an adequate 
intensity correction. 

 

The mean values in each slice above ground were stored as multi-band image files. The highest trees in the 
Idarwald site were 38 m, so at 0.5 m vertical resolution we have 76 bands; the highest trees in the 
Pfälzerwald site are 40 m, so at 1 m vertical resolution we have 40 bands. Because these images have the 
same geometry as the HyMap images they were easily joined to form multi-band images with 196 channels 
(Idarwald) and 165 channels (Pfälzerwald). Since most normalised mean ALS intensities have values below 
100, they were combined with IS reflectance scaled as percent.  

3. Results 
Figure 22 depicts some combined IS/ALS waveform spectra of the Idarwald study site. The left part of each 
plot contains the 122 HyMap reflectance values (in percent). The right part contains the mean ALS intensity 
at the given height above ground. All pictured spectra show a distinct peak at ground level. But pixels without 
an echo from the ground, i.e. completely closed canopies, can also be found in the images. Spectra a and b 
show similar coniferous stands with nearly identical IS spectra. The waveform spectra reveal their difference: 
stand a is nearly closed (only a low ground echo) and up to 30 m high with crowns between 12 and 30 m, 
stand b is more open (a high peak at ground level) and up to 38 m high with a crown space about 18 to 38 m 
above ground. 
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Figure 22. Combined hyperspectral and ALS waveform spectra from Idarwald forest. 

 

Stands c and d also display similar IS signals (deciduous trees), but clear differences in the ALS signal. 
Stand c is very young, only 10 m high with crowns touching ground, while stand d is about 25 m high. In 
stand d only a small portion of the laser light is reflected from the ground. Plots e and f are examples for 
spectra without three-dimensional structure. Plot e is a mostly uncovered soil; plot f is an asphalt road. 
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Figure 23: Combined ALS and waveform spectra from Pfälzerwald. 

Figure 23 shows combined spectra from the Pfälzerwald site. In this case discrete point data (including 
intermediate echoes) instead of the waveform ALS data was used to create the right parts of the combined 
spectra, leading to less smooth shapes. This approach is similar to the one described in Riaño et al. (2003). 
Plot g is a grassland spectrum, plot h is a multi-storey forest spectrum. 

 

Possible applications for the fused dataset are numerous. For instance, difficult classification tasks can be 
tackled. A test classification of coniferous stands from the Idarwald data set with four age classes of Norway 
spruce and two age classes of Douglas fir was conducted using HyMap data alone, HyMap data combined 
with waveform data and HyMap data combined with several height percentiles derived from the ALS data. 
The classification setup was similar to the one described in Buddenbaum et al. (2005), but different input 
data was used. The combined IS/ALS waveform data set led to the highest classification accuracy, followed 
by the IS/ALS percentile data. 

 

 

Figure 24: Vertical slice through ALS waveform voxels. 

Further applications include the possibility of easily creating vertical and horizontal slices through the data. 
Figure 24 shows a vertical slice through a transect of about 1.2 km of forest and clearing areas. The reflected 
intensities are colour-coded. Forest-free areas, tree heights and vertical crown extents are well visible. 
Figure 25 depicts horizontal slices through a part of Idarwald forest at 10, 20, and 30 m above ground as an 
RGB composite. Stands with dense crowns at the respective heights are shown in high intensity at their 
colour. Because few crowns span more than 10 m with high reflectance, most areas are dominated by one 
colour and mixed colours are rare. Areas displayed in black have no trees or only trees smaller than 10 m. 
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Figure 25: Horizontal slices at 10, 20, and 30 m above ground depicted in red, green, and blue, respectively. 

 

(a) 

 

(b)  

 

(c) 

 

Figure 26: (a) The lower crown boundary is defined as the 10th intensity percentile above 2 m above ground, 
(b) Crown base heights from field measurements and from ALS, (c) crown lengths from field measurements 

and from ALS. 

 

Another application of the combined ALS wavelengths is a physically-based measurement of the crown base 
heights and the vertical crown extent in one-storey forest stands. The crown base height is an important 
characteristic for forest health, timber quality and fire behaviour (Vauhkonen 2010). Following an approach 
by Riaño et al. (2003) and similar to an approach by Næsset & Økland (2002), the lower crown boundary 
was defined as a percentile above a fixed height of ground vegetation echoes. We chose the 10th percentile 
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of intensity above 2 m above ground (Figure 26a). Figure 26b shows the relationship between field-
measured and ALS-derived crown base heights for 28 stands of beech and spruce measured in the Idarwald 
forest in late summer 2005. The ALS-derived values are a little too low, but there is a good correlation. The 
corresponding relationship for crown lengths, calculated as the difference of tree heights and crown base 
heights, is shown in Figure 26c. The RMSE for crown base heights is 3.6 m, the RMSE for crown lengths is 
2.3 m. 

4. Conclusions 
Combining IS and ALS data, i.e. passive and active remote sensing, for forest applications increases the 
dimensionality without adding much redundancy. The vertical intensity profiles obtained from combining 
several small-footprint waveforms correspond to large-footprint waveforms of exactly the desired pixel size, 
in this case the pixel size given by the HyMap image. These intensity profiles provide a detailed impression 
of crown closure and the crown structure, especially the vertical crown extent.  

The combined datasets have proven valuable as classification input and as a detailed description of the 
reflectance spectrum and the vertical structure of each pixel. The composite ALS profiles alone can be used 
for a physically-based derivation of structural parameters like crown base height and crown length. While 
single waveform profiles are rather noisy, the composite waveforms show the vertical crown extent well, 
although the lower crown regions are hit by much less laser energy than the upper regions and are thus 
represented worse. 

An even more detailed stand characterization through the combination of remote sensing data sources 
would be possible using multi-temporal or multi-angle image data or higher spatial resolution data, e.g. 
terrestrial laser scanning. Both, multi-temporal hyperspectral data acquisition and terrestrial laser scans of 
some forest stands, are planned in the near future. An expected problem is that in these approaches the 
amount of data per observed area grows very large, but it is unknown if the amount of useful information also 
grows. A lot of the extra data is expected to be redundant, in contrast to the combination of active and 
passive data sets presented in this paper. 
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Abstract 

This paper describes an operational method of forest stand and parameter mapping for the Swiss Canton of 
Appenzell – Ausserrhoden (243 km² with 80 km² of forest), ranging from 400 m up to 2500 m above sea 
level. The method is operational in terms of its commercial use. It is robust against varying data qualities and 
forest conditions. There is well defined product at fixed costs. LiDAR first and last pulse data from a Leica 
ALS50-II scanner and a SPOT 5 multispectral satellite image with a geometric resolution of 10 m were used 
as the basic data sets. In the first step, automatic image segmentation was used to generate forest stands, 
which were then adjusted according to user needs. Subsequently, the following forest parameters were 
calculated per stand: age class (based on tree height); species mixture; crown cover percentage; dominant 
tree height; mean tree height; standing timber volume and living tree biomass. 

 

1. Introduction and Literature Review 
The conventional technology for forest stand mapping in Switzerland is delineation and visual interpretation 
of aerial photographs (stereo or ortho). This guaranties a high quality of forest stand maps to a certain price. 
Customers are per se not interested in technology but in the final product. Their question is: What is the 
advantage of the a forest stand map derived from LiDAR data against the well known and accepted 
conventional forest stand maps from aerial photographs in terms of content, accuracy and costs? To offer 
results from LiDAR technology to customers it is necessary to very accurately define the final product. This 
product is a digital forest stand map with clearly defined attributes at a fixed prize. In a previous pilot project 
SILVACONSULT AG and Joanneum Research had developed a procedure for forest stand mapping using 
LiDAR data and multispectral data [Schmidtke et al., 2008]. In this pilot project financed by four Swiss 
cantons and the Swiss federation, three test sites of 1000 ha each were processed. They represented 
different data situations, different conditions of forests and geomorphology. Target was to develop a robust 
procedure that could be used under different conditions and on large areas. The aim of this pilot project was 
not to implement all scientifically published possible methods and results derived from LiDAR data, neither 
new basic research. Instead, the aim was to collect the robust components of LiDAR data applications 
available and fit them together into a cost-efficient production process. Based on the results of this pilot 
project, the Swiss Canton of Appenzell Ausserrhoden ordered the first forest stand mapping product using 
LiDAR data with our procedure under commercial conditions. This paper describes the procedure. 

 

Airborne LiDAR (Light Detection and Ranging) is an active remote sensing technology emitting laser pulses 
in the visible or near infrared wavelength and measuring the time lag between the emission and the return of 
the reflected pulse(s). If a laser pulse is send out over a vegetated surface such as forest, multiple reflections 
can occur. Typically the first reflection (first pulse) represents the height of the canopy, while part of the 
beam penetrates the canopy and is reflected as a last pulse from the ground. Filtering techniques are used 
to separate ground and canopy signals [Wack and Wimmer, 2002]. This kind of data has proven to be very 
useful to derive main forest attributes, as a large amount of scientific papers have been dealing with this 
issue over the past decade [Hyyppä and Hyyppä, 1999, Hyyppä et al., 2000, Hyyppä et al., 2002,Ziegler et 
al.,2002]. There are basically two different ways of deriving forest parameters using first and last pulse data: 
either on an individual tree basis [Koch et al., 2006, Pitkänen et al., 2004] or on stand level [Andersen et al., 
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2003, Barbati et al., 2009, Koch et al., 2009, Næsset, 2002, Wack and Stelzl, 2005]. For individual tree 
measurements, the most frequently derived forest attributes are tree position, height, crown width, crown 
base height and as secondary products diameter at breast height (dbh), basal area and timber volume of the 
individual trees. Few studies have been trying to extract species information, e.g. [Donoghue et al., 2007]. 
Stand-level forest attributes are most often timber volume or above-ground biomass [Barbati et al., 2009, 
Hollaus et al., 2009].  

 

This paper describes a combined single-tree and stand-wise approach to derive the following forest 
parameters at a stand level: age class, species mixture, crown cover percentage in total and of the upper 
canopy, dominant tree height, standing timber volume and living tree biomass. In this regard, the individual 
tree detection process is only an intermediate result for the derivation of the stand-wise attributes. The aim of 
this development was to generate robust and operational approach of the use of airborne LiDAR data in 
combination with multispectral satellite images for a large area forest mapping exercise done in the Swiss 
Canton of Appenzell – Ausserrhoden. The idea behind this development was to significantly reduce the 
amount of both field work and manual digitizing work and thus to reduce costs for the forest inventory. 

 

Data 

Two main data types were used for the implementation of this work: airborne LiDAR and multispectral 
satellite data from SPOT V satellite. From an airborne LiDAR campaign, first and last pulse data from a Leica 
ALS50-II scanner at a frequency of 150.000 Hz provided a digital terrain as well as surface model. The 
second main data set was a SPOT 5 multispectral satellite image with a geometric resolution of 10 m mainly 
used for tree species classification. In addition, airborne CIR images have been used for selection of training 
data, for the adjustment of the segment border and for final checks. The properties of the used data sets are 
summarized in Table 16. Since no mayor disturbances like storms occurred between 2007 and 2009, the 
time difference between airborne and space borne data sets is not critical. 

 

Table 16: Data properties 

Data Acquisition date Sensor Geometric resolution 

LiDAR data 14.6.–1.8. 2009 Leica ALS50-II  Average: 11 points/m² 

multispectral 
satellite data 

15.8.2007 SPOT V 10 m pixel spacing 

CIR orthophotos 15.–16.8. 2009 UltracamX digital 
frame camera 

10 cm pixel spacing 

 

2. Methods 
The overall process is sketched in Figure 27 with the inputs in light gray and the main processing steps in 
dark gray. First, the LiDAR DSM and DTM are used to calculate a vegetation height model (VHM). Faults in 
the VHM are to be identified and eliminated: power poles, bridges over gullies, overhanging trees on rocks 
etc. The clean VHM is used for the tree top detection (see Chapter 3.1.). In parallel, the CIR orthophotos are 
used to identify ground control points (GCPs) in the SPOT scene which are required to orthorectify the 
satellite image. This orthorectified SPOT image and the VHM are used for the segmentation of forest stands 
(see Chapter 3.2.). For the classification of the tree species, a standard pixel-based maximum likelihood 
classification is performed. Finally, all intermediate results (tree tops, forest stands and species information) 
and auxiliary information on yield are used for the derivation of the stand-wise forest parameters (see 
Chapter 3.3.). 
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Figure 27: Overall process description 

 Individual tree detection 

The method was developed at the Institute of Digital Image Processing, Joanneum Research [Wack and 
Stelzl, 2005] and is based on Laplacian-of-Gauss (LoG) filtering. For mathematical details on this filtering 
approach, see e. g. [Gonzalez and Woods, 2002]. The procedure consists of the following steps; 
intermediate results are shown in Figure 2. 

• The LoG is used to blur the image, with the degree of blurring being determined by the value 
of the standard deviation _. The procedure used here involves three scales of LoG filtering 
based on three different sigma values (2, 3, 4) in order to detect trees of different sizes. The 
results of the LoG filtering with different sigma values are depicted in  Figure 2 b, c and d. 
The dependence of the tree detection success from a single chosen sigma has been 
discussed by [Chen et al., 2006]. 

• A local maximum approach is performed on the original VHM, see Figure 2  e. 

• The LoG images are weighted according to their respective level and then added (Figure 2 f). 

• From this summation image, intensity maxima are detected again using LMA; the result is 
shown in Figure 2 g. 

• Finally, these intensity maxima are dragged to their nearest height maximum (result from step 
2).  

• Result is a vector file with points representing the tree tops detected with coordinates and 
height. The final result is visualised in Figure 2 h. 

LiDAR DSM LiDAR DTM 

VHM

CIR Orthophotos

Ground control 
points 

Orthorectified SPOT V 

Species information 

Individual tree 
detection (see 3.1) 

Tree tops 
Maximum Likelihood 
image classification 

Segmentation of forest 
stands (see 3.2) 

Training data 

Forest stands

Derivation of stand-wise 
forest parameters (see 3.3) 

Map of forest stands with attributes

Information on 
yield and 
volume 

Original SPOT V 
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There are some uncertainties related mainly to dense deciduous forests. If trees are standing close together, 
especially in young stands, there may be some omission error. Big broadleaf trees without one clear tree top 
may have several superfluous tree top detections. For visual interpretation, the distinction of individual 
deciduous trees of the same species is equally difficult and erroneous. In the case of Appenzell 
Ausserrhoden there are 85 % conifers, which lead to quite precise detections. 

 

 
Figure 28: Processing steps and intermediate results for the LoG approach based on LiDAR data (from 

[Hirschmugl, 2008]) 

 Segmentation of forest stands 

A forest stand is typically defined by properties such as age and age distribution, species, density, yield, 
necessity of measures, site quality etc. These properties are traditionally assessed through field work and 
through visual interpretation of aerial (stereo) images. In this project, the use of automatic segmentation is 
assessed in order to save time for manual delineations. A processing chain of several filtering, segmentation 
and merging steps was set up to generate homogeneous segments. The main input data sets used are 
again the VHM and the SPOT image. In addition, existing information on infrastructure such as roads and 
forest roads, which are generally considered as fixed stand borders, can optionally also be integrated. 

Not all properties typically used for forest stand delineation can be derived from remote sensing data, 
examples are local yield or site conditions. However, some main characteristics can be used: 

• the spectral signature of the SPOT image has a strong correlation with the tree species (especially 
the NIR and SWIR bands for coniferous and deciduous differentiation); 

• the tree height (VHM) is typically correlated with the age of a stand (with some restrictions); 

• tree density and structure are well respresented in the LiDAR VHM. 

Thus, the first step for the forest stand segmentation is the generation of an artificial stack of three bands 
consisting of  

1. the first principal component image of the multispectral SPOT image 

2. the mean height information generated from the LiDAR VHM  

3. a structure feature, also calculated from the LiDAR VHM with a so-called ‘sector-statistics’ approach 

All three inputs were resampled to a common resolution of 5m. This three-band image was then integrated 
with existing forest roads as fixed stand borders and segmented using a region growing approach. In a post-
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segmentation step, segments below the minimum mapping unit were merged with the adjacent, spectrally 
most similar segment. The automatically generated segments of the forest stands were finally revised 
visually where necessary. 

  

(a) (b) 

  

(c) (d) 

Figure 29: (a) SPOT image; (b) VHM; (c) artificial stack of properties; (d) VHM overlaid with segment borders 

 

 Derivation of stand-wise forest parameters 

Number of trees 

The individual tree tops were detected (see Section 3.1). The number of trees per ha (stem density) and the 
total number of trees are the output stand parameters.  

Height information: 

Based on the individual tree detections, three different segment-wise height values are estimated: dominant 
height, mean height and dominant height of the suppressed trees. These three values are calculated as 
follows: 

Dominant height = Mean height of the 20% highest detected trees of the segment 

Mean height = mean height of all detected trees within the segment 

Dominant height of the suppressed trees = mean height of the 20% highest detected trees smaller 
than 2/3 of the dominant height. 
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Crown cover percentages: 

For the estimation of the crown cover percentage of each segment, the VHM was cut off at a user-defined 
threshold (in the current study at 1.3m) and all area above this threshold are considered as covered. By 
intersecting this info with the segments, the crown cover percentages can be calculated. In addition to the 
overall crown coverage that one of the upper canopy layer (upper third of the stand height) was derived from 
the LiDAR data. This is an important silvicultural parameter. 

Stage of stand development: 

In Switzerland the age of the forest stands normally is not known and often stands are uneven aged and 
mixed. Main parameter is the stage of development. This is defined through the stem diameter at breast 
height (dbh) of the dominant trees which means the 100 biggest trees per hectare (ddom). According to the 
yield tables from [Badoux, 1983], the stage of stand development is defined as given in Table 17. The 
diameter at breast height correlates with the tree height depending on tree species and yield class. For each 
yield class the related tree height classes can be taken to calculate the stage of development of each stand 
out of the tree heights derived from the LiDAR data. Because in Appenzell Ausserrhoden there is no 
standwise information on soil types or productivity, an average yield class was taken for the whole Canton. 

Table 17: Definitions for stages of stand development 

Structure Stage of 
development 

Crown cover Diameter of 
dominant layer 
(ddom) 

Dominant height 

(hdom) 

Code 

homogeneous Young stands  > 20%  <= 1.3 m 1 

Thicket > 20% <12 cm > 1.3 m - 2 

Pole timber 1 >= 20% 12-20 Relation between 
hdom - ddom 
according to yield 
tables from Badoux 

3 

Pole timber 2 >= 20% 21-30 4 

Timber 1 >= 20% 31 -40 5 

Timber 2 >= 20% 41 -50 6 

(Timber 3 - 
strong timber) 

>= 20% > 50 7 

heterogeneou
s 

mixed >= 20% mixed Threshold through 
standard deviation 
of height values 

8 

N/A Not 
interpretable 

 - - 99 

 

Tree species 

From the classification of the SPOT V data we classified four classes of tree species mixtures and one non-
forest class: 

• pure conifer stand (>80% conifers) 

• mixed conifer stand (50 – 80% conifers) 

• mixed broadleaf stand (20 - <50% conifers) 

• pure broadleaf stands (<20% conifers) 
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This grid was the basis for the stand wise species mixture calculation. 

Timber volume and total living tree biomass: 

The timber volume of the whole project area was known from a terrestrial sample plot inventory. This amount 
is then distributed to the stands according to each stand’s integral of the VHM per species. This measure can 
be visualized in the form of a wave as shown in Figure 30. To create such a waveform, all laser points of a 
stand were accumulated according to their height above ground. Furthermore each data set was scaled by 
the stand area, thus making it possible to directly compare the waveform like distribution (see Figure 30). 
The variations between the vertical forest structures are caused by different age classes, species and 
growing conditions at each site. The sum beyond the waveform is calculated and used to divide the total 
timber volume to the stands. The hypothesis is that we are much closer to the real standing timber volume 
per stand than any stratum mean. This was confirmed by the client. The parameter was standing timber 
volume in m3/ha and total m3 for each stand. In the final step, standard procedures were used to calculate 
the living tree biomass in tonnes of CO2 and tonnes of carbon from the standing timber volume [IPCC 2006]. 

 

 

Figure 30: Vertical vegetation structure from LIDAR data (from [Wack, 2006]) 

3. Results 
Result of the project is a digital forest stand map. This consists of the digital vegetation model and of a 
polygon coverage of the forest stands with attribute data. In addition there is a point coverage with the tree 
tops and a SPOT V classification of the main species combination. The processing has been done for the 
whole Canton of Appenzell - Ausserrhoden. The results are used by the forest administration of the Canton 
and thus undergo a usability assessment by practical usage. Due to missing ground truth data, no typical 
accuracy assessment could be performed. Accuracy assessments in previous projects under similar 
conditions showed the following results: 

The quality of the pixel-based species classification of the four classes deciduous, coniferous and two mixed 
classes based on SPOT data has been around 85%. [Wack, 2006] showed a correlation coefficient between 
the calculated and field-measured timber volume of between 0.89 and 0.99 depending on the tree species. 

An example of the final forest map including all calculated parameters is shown in Figure 31. A simple height 
class coded visualisation of the VHM (Figure 32) shows all trees with their specific height. Such maps are 
useful for further planning within the forest enterprises and forest administrations, such as for example to 
plan harvest operations or to find anchor tree candidates for cable way systems in the mountainous terrain.  
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Figure 31: Example of final result a GIS forest stand map indicating stage of development with all parameters 

 

         
Figure 32: VHM colour-coded with tree tops and stand borders. The numbers indicate standing timber 

volume per ha and in total for each stand.  
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4. Discussion and Conclusions 
This project is a showcase for practical usability of remote sensing based assessments for forestry. LiDAR 
data is an important source of information especially for forest parameters like tree height, stem density and 
structure of the stand. Species determination is the main weak point of LiDAR data processing compared 
with aerial photo interpretation, thus the information is completed by using multispectral satellite imagery to 
classify species. Minimum information on the proportion of conifers and deciduous trees is crucial for the 
estimation of biomass, since different parameters apply for the two species groups. The procedure used is a 
combination of satellite imagery with all steps, of LiDAR data evaluation and orthophoto interpretation. The 
procedure is robust because it is focussed on parameters that can be derived with high accuracy under 
varying data situations and forest conditions. The project proofed that the procedure is fit for commercial use 
and that the technology transfer was successful.  

In addition to the standard product of a digital forest stand map, other analysis can be done on request: 
forest canopy gap detection, critical gaps in canopy related with danger of avalanches, stability of forest 
stands against storm damages, forest road detection and other types of DTM evaluation. 

Further developments of the standard product digital forest stand map will include: 

• the improvements of the automatic stand segmentation procedure to be closer to the traditional 
forester’s stand borders;  

• the use of surface models from stereo-photogrammetry to replace the costly LiDAR campaign for 
frequent updates;  

• the calculation of parameters giving an indication on the biomass usable for energy purposes, which 
is an important topic in the current EU-2020 (energy directive) discussion 
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Abstract 

Light Detection and Ranging (LiDAR) technology can be used to describe and quantify vegetation structure 
by measuring the return time and intensity of light beams. As such, this technology may help to unravel the 
impact of the contribution of woody and foliar structures to the light intercepted by a spectral sensor.  

In this study the LiDAR FARO LS880 is used. This device also measures an Intensity Return (Int-Re). A 
preliminary study is conducted to test how Int-Re can be used to determine the beam incidence angle to the 
leaf. First, the distance effect was corrected. Then 10 leaves of the Conference Pear (Pyrus communis) are 
scanned on a goniometric platform to provide the averaged Int-Re from a scatter plot selection on those 
leaves: this aims to determine the relationship between Int-Re and beam incidence angle. Finally, this 
relationship is tested on a selection of leaves that still are attached on the tree. The results show that the 
incidence angle versus Int-Re law can help to determine the beam incidence angle for pear trees with a 
precision of 10° for an incidence angle >45°, whereas the average Int-Re for an incidence angle <45° is 
more variable: in this case, the undulation effect on the averaged Int-Re appears to be the reason of such a 
variability.  

 

1. Introduction 
Leaf inclination (elevation, roll and azimuth) gives precious information on the photosynthesis process as 
they are directly linked. Leaf movements have two principal effects on the environmental aspect of 
photosynthesis: first, they provide a mechanism whereby the plant is able to achieve favorable 
photosynthesis rates at specific times during the day. Secondly, they allow the leaf to avoid high incidence 
photon irradiance at the times of the day that are not favorable for photosynthesis (Ehleringer & Forseth, 
1989). 

 

Traditionally, leaf elevation is determined directly with a protractor (Takenaka et al. 1998, Norman & 
Campbell, 1989) or with the angle determined by point’s positions given by an electromagnetic digitizer 
(Thanisawanyangkura et al. 1997). However those two methods are time-consuming and labor intensive.  

 

A more general index that describes leaf inclination is the leaf angle distribution (LAD). This index is an 
essential parameter to characterize canopy structure and plays a crucial role in the simulation of radiation 
transmission (Wang et al. 2007). In such studies, canopies could be represented by two kinds of objects: 
either a turbid medium or discrete scatterers defined by a Leaf Normal Distribution Function or LNDF (Otto & 
Trautmann, 2008, Chelle, 2006). However, in the case of a complete simulation of radiative transfer on 
object like trees, a complete description of the tree would be more relevant because the leaf orientation is not 
random in most cases, but is directly linked to the position of the leaf in the tree (Stuckens et al. 2009, 
Biswas, 3007).  
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Another important index for vegetation is the Leaf Area Index or LAI which is used in any flux transfer study 
as gases exchange e.g. CO2 (Arkebauer et al. 2009) or radiation (de Castro & Fetcher, 1998). In regard to 
the radiation interception, it is defined as the total one sided leaf area per unit ground surface area (Montheit 
& Unsworth, 1973). However, the research of Chen and Black (1992) noticed the problem within the LAI 
definition of the one-side area. It proposes a new definition of LAI that takes into account curvature and 
undulation. 

 

TLiDAR (Terrestrial – Light Detection And Ranging) is an optical remote sensing technology that measures 
properties of scattered light to find the distance of a target. This principle uses Time Of Flight (TOF), phase 
shift or frequency modulated continuous wave technology (Nejad & Olyaee, 2006). Combined with one or 
two axial rotations (azimuth and elevation), TLiDAR provides a 3D picture of the scene surrounding it. This 
picture is a 3D (x,y,z) Cartesian scatter plot of scanned points, but also could be conceived as a 2D 
(elevation, azimuth) spherical view of scanned points with their distance values, d. Tanks to such 
information, TLiDAR became a very common tool in archeology, architecture and topography (eg. 3D-
RiskMapping, 2006-2008), but also in agriculture and forestry. In forestry, TLiDAR has been used to 
determine forest metrics such as the diameter at breast height (dbh), tree height, stem density and volume 
estimation (Hopkinson et al. 2004), gap fraction (Danson et al. 2007) and Leaf Area Index (Zheng et al. 
2009). In agriculture, this device has been used to estimate the vegetative volume and surface area (Rossel 
et al. 2008, Rossel et al. 2009). 

 

To get an accurate geometric description of the position or angle, the number and density of points will be 
determinant and for scanned tree. Many problems may occur, especially for foliage scanning. For instance, 
the shadow effect (van der Zande et al. 2008) could give a lack of information on leaves. Instead of having 
the complete leaves, those leaves have a few points that may avoid any angle analysis. In addition to that, 
the lack of information due to the quality of the scanned scene caused by wind and the variable accuracy of 
the scatter plot due to object reflectance, device calibration, range (Kersten et al. 2005) and incidence angle 
(Soudarissanane et al. 2009, Linderbergh et al. 2005), could provide scans of low quality. In addition, the fact 
that lasers are spherical range finders means that the distance between two points on a flat surface will 
increase with the range to the beam aperture (van der Zande et al. 2006) determines also the quantity and 
quality of the scan. Finally, light ambiance for large distance will have an impact on the quality of the data as 
well (Voegtle et al. 2008).  

 

In recent TLiDAR scanners the intensity return (Int-Re), which is the ratio between the outcome and income 
of emitted light, is an extra value provided by the device. This Int-Re is influenced by the range (Kaasalainen 
et al. 2008), material (Voegtle et al. 2008) and incidence angle with the material (Voegtle et al. 2009). 
Avoiding the range for a specific material and making an analysis of the relationship between Int-Re and the 
beam incidence angle with the material, would give extra information to determine the leaf angle. However, if 
the beam angle is not in line with the NADIR orientation, this Int-Re/ incidence angle relationship would be 
relative to the TLiDAR scanners position and to get the absolute leaf angle, extra measurement or 
information is needed. (see figure 1.)  

 

In this case of curved and undulating leaves, the combination of distance measurement and the Int-Re could 
help to determine a complete mapping of the leaf angles: as the undulation/curvature range has in general a 
small diameter, the linear regression problem will be the same as in a case of a lack of data. At this point, 
flux transfer studies have a powerful understanding of flux behavior within tree canopies: working with 
reconstructed virtual trees (Coté et al. 2009), accurate description of leaf curvature and undulation would 
give better simulations for flux transfer studies. 

The Int-Re is affected by the distance and reflectance of the scanned material combined with the actual 
incidence angle with the laser beam. Those variations can be corrected (Kaasalainen et al. 2009). Thus, to 
get comparable data, it is necessary to avoid the distance effect on the Int-Re as a first step and then to 
compare the Int-Re given by the TLiDAR for different incidence angles of the leaf material. 



Silvilaser 14th - 17th September 2010, Freiburg - Session 4  557 

The Int-Re is affected by the distance and reflectance of the 
scanned material combined with the actual incidence angle 
with the laser beam. Those variations can be corrected 
(Kaasalainen et al. 2009). Thus, to get comparable data, it is 
necessary to avoid the distance effect on the Int-Re as a first 
step and then to compare the Int-Re given by the TLiDAR for 
different incidence angles of the leaf material. 

In addition, new opportunities in the use of Int-Re to detect 
the leaf physiological aspect like the chlorophyll content with 
a LEICA ScanStation2 (532nm) (Eitel et al. 2010) or the 
water content as moisture have an impact on FARO 
LS880HE80 laser Int-Re (785nm) (Kaasalainen et al. 2010). 

 

 

Figure 33. The incidence angle will provide a set of 
isotropic objects that have this incidence angle with 
the beam: this set could be represented as a cone. 
This incidence angle coincide with leaf elevation at 
NADIR. 

2. Materials and method 

TLiDAR and Int-Re parameters 

The TLiDAR FARO LS880 was used in this study: it is a panoramic scanner which combines horizontal and 
vertical rotations created by the rotation of a mirror placed at 45° to the laser beam (horizontal rotation) and 
by the rotation of the trunnion of the TLiDAR (vertical rotation). This device employs a Class 3R of 
continuous wave (CW) semiconductor laser operating at 785 nm (near-Infrared) and with a maximal 
range of 76 m. The amplitude modulated technique related to CW aims to measure ranges: amplitude of the 
laser is modulated and an analysis of the frequencies of the signal provides the distance. The beam power is 
20 mW, it has a diameter (circular) of 3 mm and its divergence is 0,014°. The sensor field of view is 
approximately of 3 mrad. Between the mirror and the photodiode of the scanner, optical elements deserve to 
reduce the light for small distances and in addition to that, the electric-converted signal passes through a 
logarithmic converter that gives the logarithmic relationship between different reflectance. Thus the 
relationship between Int-Re and distance won’t follow the inverse square law or any linear function and small 
differences between scanners in the Int-Re behavior through range would appear. In conclusion the Int-Re 
and distance relationship needs to be studied. Light ambiance has few impacts on Int-Re: indeed a light 
signal is added (in term of union) to the laser’s signal that doesn’t fade out the presence of frequencies that 
would be in the signal without other light sources. However, there is more noise with increasing range and 
sometimes even no data at all, especially for low Int-Re. Thanks to FARO Company, the impact of the sun 
on the quantity of data is perceptible for a range higher than 10 meters and/or low reflectance object. 

 

This Int-Re is influenced by the range (Kaasalainen et al. 2008), the material (Voegtle et al. 2008) and the 
angle (Voegtle et al. 2009) which could be consider as the expression of the brightness of the material. 
Indeed, the Int-Re/incidence angle relationship study is in some way finding the bidirectional reflectance 
factor with the same view and illumination direction as defined in Schaepman-Strub et al. (2006) for a 
variable incidence angle. The Int-Re is not influenced by the light ambiance in our case because the TLiDAR 
FARO LS 880 used in this study is an active device using phase shift technology, and according to the 
constructor, the Int-Re and distance data provided by the TLiDAR are not influenced by the light ambiance at 
range <10 m.  

The TLiDAR data could be viewed as a 3D scatter plot in a Cartesian XYZ-basis or a 2D matrix with (i,j) = 
(elevation, azimuth) as indices (spherical view) and a range value. Each point has an extra value that is the 
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Int-Re with dimensionless value (from 0 to 2047). The scans are proceeded with an angle resolution of 
0.018° for both azimuthal and elevation rotation.  

 

In Kaasalainen et al. (2008), the Int-Re relationship with range for the FARO LS80, which is a similar device 
like the FARO LS880, present a shift between two Int-Re of different reflectance value at a fixed distance. 
However, because each device has a specific behavior for its Int-Re at small range due to a physical filter in 
front of the sensor, this relationship should be studied for each particular device. Thus, to make this study, a 
preliminary distance effect study should be done. As summed up in the flow chart below (figure 2.), a first 
study to set the relationship between Int-Re and distance is proceeded.  

 

Figure 34. Selection tool and analysis flowchart: (I) The Int-Re/distance relationship is determined by a 
polynomial regression of a graph with different (distance; Int-Re) points. This relationship is determined with 
different mate Canson® paper and a 99%-Spectralon®; (II) Once the Int-Re is corrected, each selection on 
leaf materials with a different beam incidence angle provides an averaged Int-Re with its standard deviation. 

 

Leaf angle relationship with Intensity Return 

After testing the accuracy of the incidence angle with the goniometric platform, the incidence angle between 
the beam and the leaf will be compared to the averaged Int-Re on the leaves to deduce an angle and Int-Re 
relationship for pear tree leaves. 

Those pear tree leaves are picked up from 24 Conference Pear trees of 2 years old in pot of approximately 
40 000 cm³ placed in 2 rows of 12 trees in an East-West direction with a distance of 30 cm between the trees 
and 360cm between the rows. The soil mixture has not been specified by the supplier.  
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Pear tree leaves are curled (Baugher, 2004), so before the scanning procedure, they are cut in two parts 
along their central vein to be flattened as much as possible. They are fixed (back and front side) on the 
goniometric platform with black painted strings and are scanned within the hour they were picked up from the 
tree. The goniometric platform is placed in a position such that the center of its platform is facing the beam at 
φ,θ=0. An incrementation of 20° around vertical and then horizontal axis is applied for each scan to get 
incidence angles between 90° and 10°. 

 

After the data have been corrected, many scans for those 10 pear trees leaves are proceed. For the 
selection of the leave material, the Int-Re boundary is fixed at 80° to avoid a selection of the goniometric 
platform, undulations that are still present and border effect of the leaf (Eitel et al. 2010). The Int-Re and 
incidence angle ω graph will give the relationship between both of them. A comparison between an 
azimuthal and an elevation rotation will be done. To get a reference relationship between the incidence angle 
and Int-Re, the incidence angles are rounded to get a resolution of 5°. The overall average (the average of 
each averaged Int-Re) for each 5° is taken as reference. The maximum Int-Re standard deviation at each 5° 
is also taken for the validation analysis as a condition of selection. 

 

The two trees in the middle (n° 5 and 6) are taken as validation trees: this relationship will be tested by 
selecting many samples from leaves in the scene in respect to the maximum Int-Re standard deviation we 
found. The Int-Re and distance bound are changed thanks to a rough estimation of the incidence angle. For 
small incidence angles, a Int-Re limit of 100 with a distance boundary of 0.02 m are used, whereas for big 
incidence angles, those limitation are the same as in the case where leaves are flattened. 

3. Results 

Distance correction 

Between each graph for each reflectance, a constant shift appears as in Kaasalainen et al. (2008). The 
correction with the n-polynomial avoids the distance effect for range >1m. Indeed, the correlation between 
the n-polynomial regression of the 99%-spectralon graph, used as reference (raw Int-Re corrected data: 
1781), and the other graph gives a r² of 1 for reflectance >48% (raw Int-Re corrected data: 1619) and of 0.98 
+/- 0.01 for reflectance below 22 % (raw Int-Re corrected data: 1408). The slopes of the regression of the 
correlation graph equals 1 +/- 0.3 for reflectance > 48 % with intercept < 33 (raw data). For reflectance <22 
%, the slope of the correlation graph regression is bellow 0.85 with an intercept > 150.  

 

Leaf Int-Re/angle relationship 

The incidence angle provided by the least square regression gives a very good result on the goniometric 
platform. The correlation graph between the beam incidence angle on the goniometric platform manually 
calculated and the one given by the least square regression provide a regression with a r² of 1, a slope of 1 
and an intercept of 1° for azimuthal angle and 2.8° for elevation angle.  

 

For pear tree leaf material, in a first phase the variability on Int-Re was tested with two scans of the leaves at 
the same goniometric position. No difference appears between those two scans of one hour of time 
difference (graph not shown). The analysis also shows that there were no clear differences between the 
azimuthal or elevation rotation of the leaves that means that those type of leaves have an isotropic behavior 
for this experimental set up and at this laser wavelength (785nm). In addition, the differences between back 
and front leaves Int-Re are also not perceptible in those conditions. Figure 3. summarizes all the averaged 
Int-Re of a leaf selection from the scanned scene. There is a clear increase of the Int-Re with the incidence 
angle, and we could expect to see this with this method, an angle of +/-10°. For an incidence angle >45°, the 
averaged Int-Re are within d, the averaged standard deviation whereas the dispersion of the averaged Int-
Re is greater for the incidence angle <45°. 
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Figure 35. Int-Re and incidence angle relationship with (1) averaged Int-Re measurement for each 5°-angle 

and (2) Int-Re overall average at each 5°-angle with the averaged standard deviation (on the scatter plot 
selection) for each 5°-angle.  

 

Validation of the Int-Re and angle relationship 

The validation shows good result for angle ≥ 45° (Figures 4. and 5.). However, it gets a lot variability for an 
angle below 45°. With this method we could expect to have an accuracy of +/- 10° for angle ≥45°. The bad 
correlation for angle < 45° may be due to undulation, curvature and quality of the least square regression 
that is influenced by the noise and ghost point that are not eliminated by the selection and more present in 
such cases (Table 4.). The low quality of the result for an incidence angle < 45° could be explained by the 
presence in the selection, of a part of the leaves that are curveted (Figure 6.): those are more difficult to 
avoid for such angles as in this case, the problem of number of points occurs. The selection tool should have 
a more large selection scale for Int-Re and distance to get enough points for the least square regression. 
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Figure 36 and 5. Validation of the Int-Re/incidence angle relationship for two pear trees. The bold line 
represent the reference curve as the average value of the Int-Re at each 5°-angle with their standard 

deviation. 

Table 4. Statistical result for the validation case for two conference pear trees with case of an incident angle 
smaller than 45° and a case with an incidence angle bigger than 45.  

 Slope Intercept r² Average 
residuals 

RSME 

Tree 1 (<45°) -0.01 50.87 0.00 -26.23 23.16 
Tree 1 (≥45°) 0.83 16.15 0.47 -4.71 10.08 
Tree 2 (<45°) 0.69 25.98 0.17 -18.40 17.45 
Tree 2 (≥45°) 0.77 17.04 0.49 -1.74 9.84 
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Figure 6. Comparison between two partial leaf selections with their normal vector found by the least square 
regression. Color represents the difference between the Int-Re angle for each point of the selection and the 
Int-Re angle on the average Int-Re. A negative value would mean that the Int-Re angle from the averged Int-
Re is higher than the Int-Re angle of the point. (a) A low incidence angle with a geometric incidence angle of 

17.8° and an Int-Re angle of 40°. In this case, the spread of the Int-Re angle difference goes from -20° to 
+20° (+/- 5°). The curvature of the leave is clearly present. (b) A high incidence angle with a geometric angle 
of 72.8° and a Int-Re angle of 85°. In this case, most of the points have an Int-Re angle difference of 0° or -

20° (+/- 5°) 

4. Discussion 
As in Soudarissanane et al. (2009), the incidence angle decreases the accuracy of the scatter plot. 
Combined with the density of the scatter plot at this incidence angle (Lindenbergh et al. 2009) the least 
square regression may present some problems the correct representation of the incidence angle.  

In addition to that, the distance correction that gives an Int-Re below 1619 will present errors. Kaasalainen et 
al. (2009) suggests in that case that a repeatable method of calibration should be set up. This error may 
have an impact on the validation because the leaf samples were not at the same range, whereas the case 
with the goniometric platform.  

For practical matter, this could be reduced with the measurement set-up (Van der Zande et al. 2006): indeed, 
finding a measurement geometry that increases the number of leaves that face the beam reduces then the 
possibility (low incidence angle) that the Int-Re couldn’t provide any results.  

The leaf undulations and curvature may also have a great impact on the quality of the validation in the scope 
of this research as it has been shown in point 3.3. Further research should be done in this scope to know the 
quality of the information that can be provided by the Int-Re. 

5. Conclusions  
Finding angles with Int-Re without taking into account undulation and curving of the leaves is very difficult. To 
get better validation, this study should be done with species with more flat and uniform leaves. In general, 
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the linear regression on flat material is enough to get the incidence angle with the beam. To improve this 
method, a more complete probabilistic analysis could be done: instead of having a simple Int-Re and 
incidence angle relationship, the probability to get a specific angle with a given Int-Re could be given. This 
study would imply to determine which distribution of Int-Re appears for each angle. A simple assumption 
would be to use a normal distribution with the overall average and standard deviation. 

Though we can see a future for the use of Int-Re in the study of those two parameters: indeed, using the 
incidence angle between the laser beam and the linear regression of curveted/undulating leaves and 
comparing it with the different angle due to those undulation/curvature of the leaves would give an estimation 
of them. This method would be more efficient in terms of computer processing because it would be a matter 
of simple trigonometric computing instead of a heavy non-linear fitting algorithm. In addition, some 
undulations that are present on leaves could be detected by a change in the Int-Re whereas it can’t be with a 
simple geometric approach. Even the incidence angle has a visible variation, the surface of this undulation 
can be not big enough, or within the range resolution of the laser to be seen in the XYZ scatter plot.  

With other leaves and/or laser wavelength, some study could be done on the spread of diseases or other 
stress in the tree.  

In general, this method could be used for scanned trees with low quality due to the distance or with scans 
where data are missing, e.g. due to wind. However, this method gives an incidence angle with the beam 
which is not the elevation. One of the most obvious cases where we can easily find the elevation angle is 
when the laser beam is at nadir: in this case, the elevation angle is the same as the incidence angle.  
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Abstract 

The airborne laser scanner information has often been applied for stand/plot scaled prediction of forest 
attributes in Nordic areas; whereas its integration in forest inventories is still in experimental stage in central 
Europe. In a survey in a mixed temperate forest in southwestern Germany, a high dimensional predictor 
variable set was formed of various plot-level metrics extracted from TM data and height/intensity values of 
small footprint laser scanner information. Aiming to build parsimonious models, a genetic search algorithm 
was applied for variable selections. Optimal variable subsets of different cardinalities were derived. An 
automated process was used to stratify coniferous, deciduous and mixed forest strata using colour infrared 
orthoimages in a two-dimensional feature space. The selected variable subsets were applied for 
nonparametric predictions of structural stand attributes using the regression tree-based method "Random 
Forest" (RF). The model performance was assessed based on leave-one-out cross validations on bootstrap-
resample data. Furthermore, the gain of the prior stratification was examined. The results indicate that the 
stratification of forest areas significantly improved the results of predictions. Moreover, the predictions were 
of higher accuracy for the forest type-related attributes compared to the total rates. The accuracy follows a 
slightly increasing trend along with an increased number of selected variables. However, the privilege of 
using parsimonious models shall be taken into account for practical applications. 

 

1. Introduction 
During the last few years, the use of regional scale remote sensing plays a key role in small scale forest 
inventory in Europe. For instance, the Airborne Laser Scanner (ALS) data have been extensively used as 
auxiliary information for predictions of attributes on forest stand, plot or single tree level. The ALS data have 
been applied for the characterization of highly variable forest canopy structures rather than passive optical 
imagery (Koukoulas and Blackburg, 2005; Koch et al., 2009). 

 

In the Federal state of Baden-Württemberg in southwest Germany, the classification of forest stands into 
forest types is usually accomplished during terrestrial surveys for mensurational descriptions, in which the 
personal expertise of the forestry technician plays a major role. Due to the high number of dominant species 
in forest stands, the stratification is often a time-consuming task in terrestrial surveys. Therefore, a 
straightforward automated method of forest type stratification by means of remote sensing data would 
provide a valuable assistance in the current data processing workflow. The near infrared (NIR) spectral 
information has been assessed to be useful elements of remote sensing data for stratifying forest areas into 
deciduous and coniferous forest types (e.g. Stibig et al., 2004; Straub et al., 2009). Here, an automated 
procedure is applied for the classification of forest types, which is based on spectral information from Colour 
Infrared (CIR) orthoimages (Straub et al. 2009). 
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The prior classification is used here feed the nonparametric predictions of a set of important forestry 
variables on plot level. In contrast to parametric regression models, the nonparametric methods may enable 
more flexible facilities for using the unknown regression relationships (Härdle, 1990). Yet, they often require 
larger sample sizes than parametric regression models, as the data itself serves as model. Nearest 
Neighbour (NN) imputation methods select units from the reference set to serve as surrogates for members 
of the target sets using a measure of similarity based on predictor variables (Stage and Crookston, 2007). 
These methods have been used for predictions of stand characteristics in Scandinavia (Packalén and 
Maltamo, 2006; Packalén and Maltamo, 2007), the US (Hudak et al., 2008), and central Europe (Nothdurft et 
al., 2009; Latifi et al., 2010). Here, the Random Forest (RF) method was used, which consists of regression 
and classification trees for resampled predictor variable sets (Breiman, 2001). The RF method allows for the 
simultaneous usage of various variables (e.g. multiple remote sensing features) as predictors. This may 
theoretically improve its precision in a regression; yet the model is always threatened by the risk of 
overfitting, meaning that the random effects, possible local optima, or noises are being estimated rather than 
the expected values. This may occur particularly when the number of samples is relatively low or when a 
high dimensional predictor set is in use. Although the RF method is proved to be more robust against 
overfitting (Breiman, 2001), there is always a common interest to build parsimonious models, as the models 
should often be valid beyond the underlying region of parameterization. 

 

A method is used here to reduce high-dimensional remote sensing data and select the optimal candidates 
for RF models. While the deterministic methods such as stepwise selection are proved to have shortcomings 
when being applied on highly-correlated variable sets, stochastic search algorithms proved to be more 
efficient (Barros and Rutledge, 1998; Tomppo and Halme, 2004). Genetic Algorithm (GA) is an approach 
which works by evolving sets of variables to meet a certain optimization (fitness) criterion. Tomppo and 
Halme (2004) applied the GA method for selecting predictor variables amongst a set of optical features, 
whereas Latifi et al. (2010) applied it on discretized response variables for selecting variables amongst CIR 
orthoimages, TM and ALS– extracted features. Although the latter study evaluated the GA to efficiently 
reduce the relative root mean squared error (RMSE) of total volume and biomass at plot-level compared to 
stepwise selection methods, the GA was shown to produce unstable results in multiple runs. More 
appropriate hypothesis tests were applied here to show that GA based search may result in stable and 
parsimonious variable sets for building efficient NN regression models. 

 

By applying the GA for subset selections, the aim is here to enhance the nonparametric RF models for a 
simultaneous modelling of a set of forest structural attributes. It is also studied whether the prior classification 
into forest type strata may lead to more accurate predictions of 6 common forestry attributes. The statistical 
metrics extracted from medium resolution TM imagery and normalized ALS points were used for the 
analysis. The model performance was assessed by means of randomly bootstrapped leave-one-out cross 
validations, and the RMSE was used as the diagnostic tool. 

 

2. Material and methods 

Study site 

The study site is located in the north of Karlsruhe in the state of Baden- Württemberg, Germany (49° 03' 37" 
N and 8° 24' 09" E to 49° 01' 15" N and 8° 25' 49" E) and covers nearly 900 ha of managed forests. The 
stands are dominated by Scots Pine (Pinus sylvestris L.) (56.3%), European Beech (Fagus sylvatica L.) 
(17.8%) Sessile Oak (Quercus petraea Liebl.) and Pedunculate Oak (Q. rubra L.) (jointly 14.9%). Other 
species only play a minor role. The mean standing timber volume is 264.8 m3 ha-1 which is less than the 
average in Baden-Württemberg (362 m3 ha-1). Approximately, the stands have 492 trees ha-1 featuring the 
mean basal area of 25.7 m2 ha-1. 

Forest inventory data 

The reference data were collected in summer 2006 on permanent circular sample plots arranged in a regular 
100×200 m grid, with each plot consisting of four concentric circles featuring 2, 3, 6 and 12 m of radii. 
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Various characteristics were measured on the plots. The heights of trees without measurement were 
predicted by uniform stand height curves. The single tree timber volume was calculated using the taper 
functions of Kublin (2003). The plot-level total timber volume in m3 ha-1 was derived by summing up the 
single tree volumes weighted by the inverse of the corresponding sample plot area, and the single tree 
biomass (i.e. total above-ground biomass including bark, branches, and needles) was estimated with Zell 
(2008) parameters for the allometric equation: 

 

  (1) 

 

The total biomass on each sample plot was derived by summing up all single tree biomass estimates. The 
following attributes were selected as the response variables: total standing timber volume [m3 ha-1], volume 
of coniferous trees [m3 ha-1], total volume of trees featuring > 40cm DBH [m3 ha-1], stem number of trees 
featuring >25 cm DBH, total biomass [tons ha-1], and biomass of coniferous trees [tons ha-1]. The stems with 
DBH > 25 cm were applied to correspond the first-pulse ALS metrics, as they mostly characterize the 
overstory of the stands. The volume of trees with DBH > 40cm was also used as the information on the 
portion of mature wood is of major relevance for the forest utilization planning. 

 

Remote sensing data 

A Harrier56 LiDAR system was mounted on a Helicopter in August 2007 to acquire Full wave ALS data by 
Toposys GmbH, in which a Riegl LMS-Q560 scanner was used. The flight was carried out twice over the 
study site to enable collecting a high point density of 16 points per m2. A large side lap of over 50% was used 
in scanning. The “RiANALYZE 560” software was used by the data provider to process the collected full-
wave data which was finally delivered as a pulse-form data with a point cloud featuring height, echo signal 
intensity values and pulse information. 

 

The CIR optical data in 4 spectral bands were recorded in July 2008 using a RGB/NIR line scanner installed 
on a “Falcon II” system. The data covers an approximate range of 450 nm in the electromagnetic spectrum 
including visible (RGB) and near infrared (NIR) domains. This data were used to automatically classify 
coniferous and deciduous forest areas based on a two-dimensional feature space (Straub et al., 2009). In 
order to keep the predictions independent from the forest stratification process, the CIR data was excluded 
from the underlying predictor data set of the NN models. 

 

The medium resolution TM images were utilized to extract spectral predictor variables as to provide features 
of visible and near/mid-infrared domains. Spectral metrics from TM data could be used as surrogate for high 
resolution CIR images in plot scale predictions, without causing a considerable reduction in prediction 
accuracy (Latifi et al., 2010). Thus, the cloud-free satellite images recorded by TM sensor in July 2006 were 
acquired for the study area. The thermal band was excluded from the analysis due to the coarse spatial 
resolution. The technical parameters of remote sensing data are listed in Table 1. 
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Table 1.Flight and technical parameters of LiDAR system “Harrier 56”, RGB/NIR line scanner “Falcon II”, and 
Landsat- TM satellite scanner. Measurement units in [] 

Harrier 56 LiDAR system 
Measurement rate 100 [kHz] 
Field of View 45 [°] 
Flying height 450 m above ground level 
Flying speed 30 [m/s] 
Point density 16 [points m2] 
Vertical/horizontal accuracy < 0.20 [m] / < 0.50 [m] 
RGB/NIR Falcon II line scanner 
Flying height 700 [m] 
Spectral channels B: 450-490 [nm] 

G: 500-580 [nm] 
R: 580-660 [nm] 
NIR: 770-890 [nm] 

Viewing angle 21.6 [°] 
Line rate Up to 330 [Hz] 
Pixel per line 682 
Ground sampling distance 0.4 [m] 
TM satellite data 
Spacecraft Landsat 5 
Acquisition date 04.07.2006- Day 
Sun elevation 59.42506336 
Sun azimuth 140.94471286 
Spectral channels Band 1: 0.45-0.52 [nm] 

Band 2: 0.52-0.60 [nm] 
Band 3: 0.63-0.69 [nm] 
Band 4: 0.76-0.90 [nm] 
Band 5: 1.55-1.75 [nm] 
Band 7: 2.08- 2.35[nm] 

 

Methods 

Forest stratification  

An unsupervised classification technique was developed for stratification of the study site into coniferous, 
deciduous and mixed forest applying the CIR data. To this aim, coniferous and deciduous trees in the 
overstory were segmented using the two-dimensional pixel classification technique described in Straub et al. 
(2009). Near infrared and green channels were selected to define the feature space. Clusters were 
delineated within the feature space using the following procedure: 

The feature space was iteratively smoothed until only two maxima were found. One maximum represented 
the centre of the “coniferous cluster” and the other one the centre of the “deciduous cluster”. The defined 
cluster centres were used as the initial starting values to delineate the cluster boundaries with the help of a 
“pouring algorithm” which considers the feature space as topographical surface (MvTec 2010). Starting from 
the maxima, regions were grown downwards until “valley bottoms” were reached. Then each pixel of the 
image domain was assigned to one of the clusters. Additionally, ground pixels were extracted using the 
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height information from ALS. Afterwards, the inventory plots were assigned to one of the Coniferous ( ) 

forest, Deciduous ( ) forest or Mixed ( ) forest strata. Finally, the plots were assigned to a stratum using the 

following definition: 

 

  (2) 

 

Processing of remote sensing data  

The ALS point cloud was normalized using a Digital Terrain Model (DTM) to represent the height above 
ground. The DTM was created using the filtering algorithm adapted from Kraus and Pfeifer (1998) and 
implemented in LiDAR analysis software "Fusion" (McGaughey, 2009), which is based on linear prediction 
implemented as an iterative process. Following the creation of a surface with equal weights for all ALS 
points, the distance and direction to the surface is used to compute weights for each ALS point using the 
following weight function: 

 

      (3) 

 

Where a and b determine the steepness of the weight function, and  determines which points are assigned 
a maximum weight of 1.0 (assigned to the points below the surface by more than ). The above ground 

offset parameter  is used to establish an upper limit of points, which results in assigning a weight of 0 to the 
points above the level ( ).  is the residual value, which is the oriented distance from the prior 
surface to the measured point. Following the iteration, the points satisfying the first two conditions of the 
weight function are considered bare-earth points (McGaughey, 2009). 

 

As the ALS data was acquired during summer time, both first and last pulse data showed approximately 
similar patterns because of high density of the recorded point cloud. Therefore, the last pulse data was kept 
out of the analysis. The near-ground laser hits were excluded by taking the points higher than 2 m (i.e. 
canopy hits) into account when calculating canopy metrics (Packalén and Maltamo, 2006). The height 
metrics included measures of central tendency, measures of dispersion, height percentiles and height 
proportions which were computed directly from the normalized first pulse point cloud. The similar statistics 
(except proportions) were calculated for the ALS intensity values. 

 

The spectral bands of the TM imagery were first used to derive the mean gray values at sample plot level. In 
addition, the Normalized Difference Vegetation Index (NDVI) IR/R ratio, two main components of Principal 
Component Analysis (PCA), and the Tasseled Cap components were extracted at plot level.  
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Variable screening 

Though heuristics may also be used when dealing with highly-correlated variable sets, application of 
appropriate variable selection methods has also become an important issue. The performance of 
forward/backward stepwise selection procedures has often been criticized compared to the local search 
heuristics, which have shown an improved performance in feature selection (Barros and Rutledge, 1998; 
Cadima and Joliffe, 2001). 

 

GA is a variable search procedure which is based on the principle of evolution by natural selection. The 
procedure works by evolving sets of variables (called chromosomes) that fit certain criteria from an initial 
random population via cycles of differential replication, recombination and mutation of the fittest 
chromosomes. The procedure is now adaptable to different optimization scenarios including classification, 
regression and survival analysis (Trevino and Falciani, 2006). For further information on the theory of GA-
search, the reader may refer to Mitchell (1996). 

 

The currently implemented GA optimization procedure (Cerdeira et al., 2009) essentially consists of the 
following steps (Fig 1): The procedure starts with creating a number of random variable sets (initial 
chromosomes), forming a population of chromosomes (niche). Couples are formed as half the size of the 
population. Those parents are mated to produce children, inheriting the parent’s properties. The children are 
consisted of the variables belonging to both parents, but also of the variables with equal probability from the 
parents’ symmetric difference. The number of generations (200 generations here) is used as a stopping rule, 
through which cross-over and mutations may be randomly occurred in the chromosomes. The procedure is 
iterated until an accurate chromosome is obtained. 

 

Based on the GA a subset of regressor variables is searched, which leads to a maximum of the Tau squared 
index  as fitness criterion, which is analogous to the minimization of the Wilk’s Lambda criterion . For the 
matrix of response variables , and any GA selected subset  of the full regressor matrix  , Wilk’s 

Lambda is calculated by  . The GA was implemented in the context of canonical 

correlation analysis. Hereof, the hypothesis matrix  is calculated as  

and the error matrix  as . The Tau squared index is then  with  being the 

rank of . In addition, a local improvement algorithm was applied to the GA selected optimal variable subset 

(details in Cadima et al., 2004; Cerdeira et al., 2009). 

 

A high solution rate of 1000 bootstraps with a random split into training and test sets was set to stabilize the 
GA results in repeated runs. The variable selection algorithm was applied for a sequence of different given 
subset sizes ranging from 5 to 18 variables per subset. The performance of the NN model was assessed for 
each of the optimal variable subsets of given cardinalities.  
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Fig. 1. GA-search in its current implementation 

NN Predictions 

The classification and regression tree based method of RF was used for simultaneous predictions of the 
response variables using the selected optical/ALS features. The RF algorithm works briefly as follows (Liaw 
and Wiener, 2002): It draws bootstrap samples from the original data. For each bootstrap sample, an 
unpruned regression tree is grown, in which the best splits are chosen from the randomly-sampled variables 
at each node. Then, the new predictions will be made by aggregating the predictions of the total number of 
trees. The distance between the target and reference units is calculated as one minus the proportion of 
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terminal nodes from all regression trees, where the target observation is in the same terminal node as the 
specific reference unit (Crookston and Finley, 2008). 

 

One NN for predictions of each cell was used here by setting . Increasing  leads to a stronger shift of 
the predictions towards the sample mean, which may cause serious biases particularly in cases where the 
distribution of observations is skewed. However, an increase of k reduces the estimation error (Hudak et al., 
2008). The RF prediction was applied on both sets of stratified and unstratified sample plots using the 
variable subsets of different sizes selected from GA search procedure. The performances of the predictions 
were compared amongst different variable cardinalities, as well as different response variables. 

 

Accuracy assessment 

Performance of variable predictions was assessed by means of leave-one-out cross validation. The results of 
cross validation were reported as diagnostics including relative RMSE% and performance 

enhancement . If the absolute RMSE of the unstratified samples would be 

 , where  is the total number of sample plots,  is the observed 

response variable on plot , and  is the prediction of the response variable on corresponding plot, the 

relative RMSE% is obtained by .  

For stratified predictions, given the RMSE of the corresponding stratum  as 

 , where  is total number of samples,  is number of 

sub-samples for each forest stratum, and  is absolute RMSE of the respective stratum, its percentage 

can be calculated here as . The performance enhancement was 

derived as  . The above-mentioned statistics were calculated 

for 1000 randomly-bootstrapped sub samples, and the mean values of the entire runs were reported as final 
rates. 

 

3. Results 
Most of the GA-selected variables were those from ALS height metrics (Table 2). While some of the 
variables are repeated as the cardinality increases, some are replaced by the variables being highly 
correlated with them. As revealed as an example in Fig.2, the stratification of the entire regression space into 
forest types led to notably enhanced performances of the RF predictions for all of the six attributes. Using the 
prior classified data for predictions proved to be superior compared to the application of the unclassified data 
for all the subset sizes. The improvement is more obvious in two strata-related response variables including 
coniferous volume and coniferous biomass. 
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Table 2. GA -selected predictor variables from remote sensing data. The superscripts present the size of 
variable subsets in which the corresponding metric is included 

 
Data source 

 
Selected predictors 

 
Description  

 
Normalized 
LiDAR points - 
First pulse  

 
Height. Mean 5,16 

Height. StdDev 5,18 

Height. InterquartileDistance 12,16,18 

Height. Skewness 7,11,13,14,15,18 

Height.P10 8,13 

Height.P20 6,12,16,18 

Height.P30 18  
Height.P60 10,12,16 

Height.P80 9,12,13 

Height.P90 10 

Height.P95 6,8 

Percentage.FR.2-5m 9,10,11,12,15,16,18 

Percentage.FR.10-12.5m 7,11,13,14,15 

Percentage.FR.12.5-15m 9,14,16,18 

Percentage.FR.15-17.5m 16 

Percentage.FR.17.5-20m 14,18 

Percentage.FR.20-25m 6,7,8,9,11,12,13,14,15,16,18 

Percentage.FR.25-30m 5,6,7,8,9,10,11,12,13,14,15,16 

Int. Mean 8,18 

Int. Mode 10,11,13,14,15,16,18 

Int. Median 7,15 

Int. StdDev 18 

Int. InterquartileDistance 9 

Int. Skewness 6 

Int.P10 14,15,16,18 

Int.P20 11,15,16 

Int.P30 7,10,11,14,18 

Int.P40 10,11,12,14,16,18 

Int.P60 5,12 

Int.P70 8,13  

Int.P95 9,10,12,13,14,15,16 

 
Height mean 
Height Standard Deviation 
Height interquartile distance 
Height skewness 
Height 10th percentile 
Height 20th percentile  
Height 30th percentile  
Height 60th percentile  
Height 80th percentile 
Height 90th percentile 
Height 95th percentile 
Percentage of first pulses >2 and <5m 
Percentage of first pulses >10 and <12.5m 
Percentage of first pulses >12.5 and <15m 
Percentage of first pulses >15 and <17.5m 
Percentage of first pulses >17.5 and <20m 
Percentage of first pulses >20 and <25m 
Percentage of first pulses >25 and <30m 
Intensity mean 
Intensity mode 
Intensity median 
Intensity Standard Deviation 
Intensity interquartile distance 
Intensity skewness 
Intensity 10th percentile  
Intensity 20th percentile  
Intensity 30th percentile  
Intensity 40th percentile  
Intensity 60th percentile  
Intensity 70th percentile  
Intensity 95th percentile  

 
TM data 

 
TM2 10,14,15,18 

TM4 13 

TM5 6,13,14 

TM7 8,9,11 

TM NDVI 13,15 

TM IR/R 12,13,18 

TM_B457_PC1 8,9,10,11,12,15 

TM_B457_PC2 7 

TASSEL.BRIGHTNESS 15 

TASSEL.GREENNESS 5,15,16 

TASSEL.WETNESS 14,16,18 

 
TM band 2 
TM band 4 
TM band 5 
TM band 7 
NDVI 
IR/R band Ratio 
2nd principal components of infrared bands 
2nd principal components of infrared bands 
Tasseled Cap transformation- Brightness 
Tasseled Cap transformation- Greenness 
Tasseled Cap transformation- Wetness 

The RMSE% of the RF predictions decreased for all the response variables along with an increasing number 
of selected predictors. Whereas both total timber volume and total biomass proved to gain the lowest RMSE, 
the standing volume of trees > 40cm DBH yielded the worst RMSE compared to other variables under 
prediction (Fig. 3). Fig. 4 and Table 3 demonstrate a comparison of the performance enhancement rates for 
all the predicted variables across the variable subset sizes. While the improvement were the lowest for the 



Silvilaser 14th - 17th September 2010, Freiburg - Session 4  575 

total stem number of trees having DBH > 25cm, the enhancements were apparently higher for the 
predictions of those strata-related response variables (i.e. coniferous volume and coniferous biomass). 

 

Furthermore, the highest RMSE-enhancement in most of the response variables was observed when the 
size of subset was 12 variables. 

 

 
Fig 2. The relative RMSE% of RF predictions of the six response variables for the classified and the 

unclassified variant from 1000 bootstrap resample for subset of 12 variables. Non-overlapping notches 
between boxplots provide a strong evidence of significant difference of medians (Chambers et al., 1983). 
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Fig. 3. Relative RMSE% of RF predictions for growing size of the optimal variable subsets for the unstratified 
(solid lines) and the stratified variant (dashed lines). 

 

 
Fig. 4. Performance enhancement rates induced by the prior forest stratification for RF predictions of six 

response variables in different GA-selected subset sizes. 
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Table. 3. Performance enhancement rates in RMSE% induced by the prior forest type stratification for RF 
predictions of six-fold response variables in different GA-selected subset sizes. 

Number 
of 
Variables Performance enhancement rates [%] 

 
Total 
volume 

Coniferous 
volume 

Total volume in 
trees> 40cm DBH

Number of 
stems in 
trees> 25cm 
DBH 

Total 
biomass 

Coniferou
s biomass 

5 3.08 8.76 3.63 1.64 3.11 8.94 
6 3.33 8.53 3.88 1.66 3.38 8.77 
7 4.37 9.34 4.52 2.48 4.46 9.53 
8 4.82 9.28 4.60 2.93 4.87 9.55 
9 4.42 9.44 5.02 3.04 4.53 9.63 
10 4.12 9.42 4.76 2.97 4.16 9.56 
11 4.59 9.34 4.57 3.60 4.68 9.41 
12 5.18 10.12 5.00 3.97 5.32 10.10 
13 4.76 9.80 5.15 3.82 4.92 9.80 
14 5.07 9.23 5.29 4.35 5.26 9.24 
16 4.98 9.26 5.32 4.55 5.21 9.32 
18 4.63 8.82 5.43 4.32 4.88 8.86 

 

4. Discussion and Conclusion 
Here, an efficient variable pruning scheme was carried out to reduce the dimensionality of correlated high-
dimensional predictor variable set. The use of GA resulted in parsimonious NN models for plot-level 
predictions of relevant forest attributes. Whereas some studies (e.g. LeMay et al. 2008) used the canonical 
correlations as a standalone variable selection measure, we used it as an input to the evolutionary GA 

procedure to take all the possible combinations of predictors into account. Here, the  optimization criterion 

based on Wilk’s Lambda was applied to obtain a tentative solution, which can then be fed to a local 
improvement algorithm for refinement. The latter enabled further enhancement of the selected subset, as 
also stated by Cadima et al. (2004) and Cerdeira et al. (2009).  

The prior stratification used here does not require any user-defined training regions. However, further studies 
will be required to test the possibility of a more detailed classification of trees species. The results of RF 
modelling showed an increase in prediction accuracy across growing subset cardinalities. For majority of 
response variables, the improvement was maximized at the cardinality of 12 variables. Our optimal number 
of predictors is in line with previous studies in the field (Hudak et al., 2008, Breidenbach et al., 2010). The 
majority of the selected variables consist of first pulse height metrics extracted from ALS data, which reveals 
the dominance of topographic LiDAR data when predicting the forest structural attributes (e.g. Maltamo et al., 
2006; Hudak et al., 2008). Yet, few optical metrics were also present in all the variable subsets.  

 

RF takes simultaneously both predictor and response variables into account. Because of the Law of Large 
Numbers, it is reported to be less prone to overfit as more trees are added to the analysis (Breiman, 2001). 
Although increasing the number of regression trees built for each response variable may stabilize the 
estimates, the RF predictions may still diverge slightly from run to run. Therefore, the predictions were 
carried out numerous times as a resolve to stabilize the RF prediction results. The results of predictions 
using different subset cardinalities showed a stable increment of accuracy, meaning that the predictions are 
consequently protected of being trapped in possible local optima. The volume of trees > 40 cm DBH was 
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predicted least accurately (i.e. featuring > 80% RMSE), which is commonly due to the low frequency of old 
stems across the study area.  

Both volume and biomass showed nearly equal performances, which was evident as the biomass is 
estimated by allometric equations with the standing volume as independent variable. Our results also support 
the results already obtained by Packalén and Maltamo (2007) and Maltamo et al (2009), in both of which the 
predictions of stem number are generally worse than those of plot/stand volume. Coniferous volume and 
biomass achieved far better performance enhancements compared to other attributes. This revealed the gain 
of the prior classification which led to more precise predictions by means of homogeneous strata. 

  

This study yielded promising results in terms of applicability of the nonparametric methods for making area-
based predictions of stratified forest structural attributes in the study area. It showed how an evolutionary GA 
search can be applied to a high dimensional remote sensing dataset to produce parsimonious variable 
subsets for NN regressions models. According to the results, the methodology is expected to produce 
promising results across similar areas, where the problems of small sample size and multiple variables seem 
to be challenging. Yet, supplementary studies are still required. 
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