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ABSTRACT:
This project has two main purposes; the first is to perform deciduous-coniferous classification for 65 trees by using the leaf-on single
flight LiDAR data. It was done by looking at the geometrical properties of the crown shapes (spherical, conical or cylindrical), these
shapes were developed by a rule-driven method Lindenmayer Systems (L systems). Two more parameters that are data driven
(convex hull analysis and buffer analysis) were developed to further capture the geometrical differences between deciduous and
coniferous trees. Proposed methods are scale independent and arithmetically simple, they were developed simply by looking at the
geometrical differences between the two types of trees. The classification rate was cross-validated and trees are 85% - 88% correctly
classified. The second part of the project is to derive the internal structures of the LiDAR tree according to the results obtained from
the first part. Internal structures include bole and branches; the location and orientation of the bole was done by connecting the
geographic centres of horizontal slices of the tree. The branches were derived by k-means clustering techniques, different types of
trees will yield a different type of branching structures for better visualization.
representation. It would be ideal to have the two conditions for
classification purposes but in many cases, data is available for
either leaf-on or leaf-off condition. One of the goals of this
paper is to classify trees as deciduous or coniferous with single
leaf on flight data therefore benefit both conditions.

1. INTRODUCTION
The taxonomic classification of vegetation, especially trees, has
been a piece of useful information for many studies, but it is a
challenging task because remotely sensed imagery that are
typically obtained from a nadir (or off-nadir) viewing angle,
provide little information about the internal structures of tree
canopies. In many studies, tree classifications are done by
human interpretation using aerial photos. The introduction of
small footprint airborne LiDAR opened up many research
possibilities for forest studies because of the capability of
LiDAR to penetrate canopies vertically and revealed some of
their internal structures, thus, providing geometrical
information about tree crowns and boles. For that reason, it is
logical to develop methodologies that include the internal
structures of individual trees. We have selected five parameters
that involve the consideration of the third dimension. The
results shows that by incorporating three-dimensional geometric
characterizations of tree crowns obtained from LiDAR point
clouds, we are able classify trees into deciduous and coniferous
categories.

Some work that deals with tree crown shape or crown fitting
involve fitting parabolic surfaces to the canopy height model
(Persson et al., 2002; Holmgren and Persson, 2004), we believe
that LiDAR point clouds not only provide us information about
the surface shape, there are also useful information inside the
crown that we should consider. Therefore, instead of using
surface fitting, we try to develop models and rules that consist
of internal point clouds (L system trees). Five parameters were
used to develop a decision tree for classification purposes.
LiDAR applications in forestry have two main approaches, the
first one is canopy height distribution approach and the second
one is an individual tree-based approach (Hyyppä at el., 2008).
The objective of this paper is to classify trees as either
deciduous or coniferous by using three-dimensional tree crown
geometry information obtained during a single leaf-on flight.
The second part of the paper is to reconstruct the internal
branching structures (bole and branches) by implementing kmeans clustering techniques for improved visualization.

A substantial quantity of previous work on studying forest
parameters and the classification of tree species using small
footprint LiDAR has been done by flying over the canopy
during leaf-off conditions (Brandtberg et al., 2003; Liang et al.,
2007). The advantages of using leaf off data are to get better
internal branching structures or to get the difference between
the first last pulse for deciduous-coniferous classification.
However, leaf-on data provide accurate forest parameters such
as height, crown size, crown shape, and tree-top shape
(Holmgren and Persson, 2004; Holmgren et al., 2008 and
Litkey et al., 2007). Also, Reitberger et al. (2008) show that it is
better to use leaf on LiDAR data for deciduous crown

2. METHODS:
2.1 Classification of trees (deciduous and coniferous by
geometry)
The purpose of this section is to use the geometrical properties
of tree crowns for deciduous and coniferous classification.
LiDAR data was collected on September 7, 2008 at State of

* Corresponding author.

158

In: Bretar F, Pierrot-Deseilligny M, Vosselman G (Eds) Laser scanning 2009, IAPRS, Vol. XXXVIII, Part 3/W8 – Paris, France, September 1-2, 2009
Contents
Keyword index
Author index

Pennsylvania; United State of America, using a Riegl LMSQ560 /LMS Q280i at an altitude of 121.9 m above ground level
and speed of 23.15 m/s. The swath width is approximately 190
m and it covered about 233,000 m2, the point density is twentyone points per m2. 65 individual tree crowns were separated
manually and further investigated individually in this paper.
The minimum crown height (difference between the highest
point and the lowest point in each crown) is 3.5 m and the
maximum crown height is 27.5 m, the mean height is 10.1 m.
There are 27 trees classified as coniferous and 38 classified as
deciduous.

Figure1a

2.1.1 Creation of L System tree – shape characteristics:
L systems was developed by Aristid Lindenmayer originally
modelling cellular development, it was then applied to model
plant growth (Prusinkiewicz and Lindenmayer, 1990). The
purpose of creating L system trees is to study the relationship
between crown shape and tree classification. L system is a
language contains two elements, the axiom (one rule) is like a
starting point of a tree and the production (a set of rules) is like
the growing patterns of the tree. Tree-like structures were
created based on the movement of user defined productions and
each movement (each node and connectivity) were recorded.
Three types of these tree-like structures are created with various
rules. For this paper, they are generally described as 1.
Spherical (Figure 1a), 2. Conical (Figure 1b), and 3. Cylindrical
(Figure 1c) with each of their nodes recorded as point triplets
(x, y, z). Each shape was produced in three point density levels
(500, 2000, and 7000 points/crown respectively) to
accommodate different sizes of the actual crown. Generated
trees are volume scaled by the height of the crown and
translated to the coordinate system of the real trees, each of the
65 trees were compared to the three generated crown shape and
mean of the minimum Euclidean distance from each point on
real tree to the L system tree is calculated and recorded. Figure
2a, 2b and 2c shows the fitting between one of the LiDAR trees
compared to the three L system trees. These three shapes were
chosen because deciduous trees were believed to be associated
with spherical crowns and coniferous trees were believed to be
associated with conical and cylindrical shaped crowns (Horn,
1971). A normalized model closeness between LiDAR points
and generative models produced based on L systems for each
tree species is measured as follows:
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where

Ds = mean min. inter-point distance for spherical trees
Dc = mean min. inter-point distance for conical trees
Dcy = mean min. inter-point distance for cylindrical

Figure 1b

Figure 1c

Figure 1a shows the structure created and described as spherical
crown shape, Figure 1b shows the structure
described as conical crown shape and Figure 1c
shows the structure described as cylindrical crown
shape

Figure 2a

Figure 2b

Figure 2c

Figure 2a shows the fitting between real tree LiDAR point data
(green) and L system generated spherical crown
(blue). Figure 2b shows the fitting between real
LiDAR (green) and L system conical crown (blue).
Figure 2c shows the fitting between real LiDAR
(green) and L system cylindrical crown (blue)

2.1.2 Convex hull calculation – area to volume ratio: For
each tree crown, the convex hull was created, the volume of the
convex hull was then calculated and the surface area of the
convex hull is the summation of all triangular facets comprising
the hull. This is done to study the spherical nature of the tree
crown, the closer it is to 1.5, the more spherical the tree crown.
Ahull hcrown

V hull
2
=3 for sphere

HullRatio 

(5)

where

Vhull = Volume of the convex hull of the tree crown
Ahull = Surface area of the convex hull
hcrown = height of the tree crown = maximum height –
minimum height for the tree crown
The factor (height/2) was multiplied to correct the dimension
between volume and area.
Figure 3a and 3b shows
visualization of the convex hull of one sample tree.

trees
and Ds, Dc and Dcy are calculated by:
k

 min
n 1



( xi  x j ) 2  ( yi  y j ) 2  ( z i  z j ) 2
k


(4)

Figure 3a

Figure 3b

Figure 3a shows LiDAR point data of a tree crown. Figure 3b:
convex hull of the tree crown created

Where Pi (xi, yi, zi) be any point on the real tree; Pj (xj, yj, zj) be
any point on the L system tree; k= number of points in real tree.
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Figure 5. Scatter plots of types of trees versus normalized
spherical distance; normalized conical distance;
normalized cylindrical distance; convex hull volume
area ratio and polygon to point ratio in buffer
analysis

2.1.3
Buffer analysis – ratio between number of
polygons and points: The buffer analysis was done to study the
layering properties of coniferous trees, the individual branch
layers are separated by a relatively large distance and also
branches are flatly layered so that the trees can tolerate wind
during winter (Smith and Brewer, 1994). Therefore, LiDAR
points are usually clustered on the branching planes, such that
when a tree is viewed from the side, layers of LiDAR points
can usually be found in coniferous trees whereas for deciduous
trees LiDAR points are more evenly distributed.

2.2 Decision tree classification
Figure 5 shows the results calculated from 2.1.1 to 2.1.3 in five
different scatter plots, all the five variables shows there are
some separations between coniferous and deciduous trees.
However, all of the variables have some overlaps between
coniferous and deciduous. Therefore, a tree classification was
performed by using the above five parameters as decisions in an
attempt to separate the 65 trees into two classes: deciduous and
coniferous. The algorithm used (see Breiman et al. 1984)
assumes that each split is binary. Then, by assigning random
samples at each node, the deviances of each node can be
calculated, the best nodes are chosen by maximizing the
reduction of deviance in each split.

First, each tree is projected onto a vertical two dimensional
plane, then, points are thinned out randomly so that each tree
crown has about 200 points; this is to avoid over-aggregation of
buffered polygons for high density trees later. Next, buffer
polygons were created using buffer distance = 2% of the crown
height, then, the ratios for all 65 trees were calculated as:
Ratio 

number of polygon
number of thinned out LiDAR po int s

(6)

Figure 4 shows the result from one of the sample trees. Lower
ratios indicate the likelihood of being a conifer

Let:
Decision 1 = Normalized spherical distance between L
system and true trees
Decision 2 = Normalized conical distance between
L
system and true trees
Decision 3 = Normalized cylindrical distance between
L system and true trees
Decision 4 = Corrected volume to surface area ratio of tree
crown hull
Decision 5 = Ratio of buffered polygon to LiDAR points
The classification tree was pruned at the level with the
minimum number of nodes (the most possible simple tree)
when the cross validation (10-fold cross validation) error is
within one standard error of the minimum error. Figure 6 shows
the error rates for the two classification trees with increasing
number of nodes for each tree. There were six nodes and four
nodes for un-pruned classification tree using decisions 1-3 and
1-5 respectively. In the second classification tree (involve
decisions 1-5), the first three decisions were automatically
removed because they were relatively weak classifiers. From
the results obtained in figure 6, decision tree using decision 1-3
was pruned to two nodes and decision tree using decision 1-5
was pruned to three nodes. The results are shown in figure 7a
and figure 7b.

Figure 4. Result of a sample tree for calculating the ratio of
buffered polygon to thinned out LiDAR points
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Graph of classification error rate with number of nodes in
the two different classification trees
error rate for classification
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Figure 6 shows the decreasing error rate for the two
classification trees with increasing number of nodes
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Then, the coordinates are connected to form the major trunk of
the tree; Figure 8 shows the connected bole for two sample
trees.

and the optimal number of nodes chosen for both
trees displayed in figure 7a and figure 7b
Classification rate was 64.62% and 84.62% respectively. In
addition, outliers are labelled and removed for each of the
parameters in Figure 5. Seven trees were removed and the
decision tree analyses were run again, the classification rates
improved to 67.21% and 87.93% respectively.

Decision 1 <0.284597

deciduous

coniferous
Figure 8. Figure showing the reconstructed bole for two sample
trees

Misclassification rate: 35.38%
Figure 7a shows the classification tree result by using decisions
1-3

3.3 Branches
For deciduous trees, the branching structure derivation was
done by k-means clustering using Euclidean distance in three
dimensions. Before performing k-means clustering, the number
of groups has to be determined; the separateness of the clusters
can be calculated by finding the mean silhouette values for each
k-means clustering. First, k means clustering was performed
with number of groups equal to 2 – 50, then; the mean
silhouette was calculated for each k-means clustering. The
silhouette value was determined to find out the optimal number
groups (number of k) for the set of point cloud. The smaller the
silhouette value, the more separation there is among groups. For
deciduous trees, the number of clusters is defined by the first
local minimum for the mean silhouette. This is because the
“general shape” of deciduous trees is hierarchical and to get the
first order branch, the number of clusters should be large, but
clusters should far apart enough to allow development of
second order branches. The number of clusters which yield the
first local minimum silhouette value should serve the purpose
for deciduous trees because the number of clusters would not be
large and the local minimums identify the relative importance
of the separations among groups.

Decision 4 <3.47861

Decision 5 <0.383736
deciduous
coniferous

deciduous

Misclassification rate: 15.38%
Figure 7b shows the classification tree result by using decisions
1-5
3. 3D TREE MODELING
3.1 Internal structure reconstruction
In this section of the paper we address the reconstruction of the
internal branching structures for individual trees. A similar
approach was used for coniferous and deciduous bole
derivation. However, for branch derivation, the number of
classes for performing k-means clustering is defined differently
for deciduous and coniferous trees. The purpose of this section
is to use the results obtained from the previous chapter to derive
bole and branches for the LiDAR tree crown. This approach is
to try to get branching structures (leaf-off information) from
leaf-on data, so to benefit from both types of data collection.
When using LiDAR or aerial data to locate trees, one very
common method is to estimate the location of the tree by the
local maximum of the canopy height model (CHM) distribution
(Dralle and Rudemo, 1996; Wulder et al., 2002). The
assumption is that the boles of the trees grow straight from the
ground; this might not be true for many trees. Therefore, tree
trunks in this project are developed by using the entire point
cloud profile.

After the clustering was performed, the first order branches
were defined as the closest (minimum Euclidean distance) point
in each cluster joined to the furthest point in each cluster. This
way, it formed the basic structure of the tree. After all the first
order branches is derived, the entire first order structure is then
transformed to the closest point in each cluster group and
therefore creates the second order branches. Figure 9 shows a
schematic diagram of the situation with two clusters.

3.2 Bole
Bole derivation is done by letting each point of the major trunk
of the tree (assumed to have one major trunk per tree) is located
in the geographic centre (x and y coordinate) of each predefined
thickness (z) within the point cloud. This fixed thickness act
like a moving window from the bottom to the top of the point
cloud until no points can be read.

Figure 9. Schematic diagram of branch reconstruction for trees
that are classified as deciduous, with number of
cluster = 2, the left diagram connect the trunk point
to the closest point and the furthest point in each
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classified the different crowns into two major classes,
deciduous and coniferous. From the classified results, bole and
branching structures were reconstructed according to the type of
tree. The shape of the tree crown is inherited in the gene
(adaptation) and therefore a certain species will have the similar
crown shape and branching structures. The other factor
affecting crown shape and branching structure is the growing
strategies, which is adopted by the growing neighbour
environment and those are more difficult to model (Horn,
1971). As a result, crown geometry is believed to be an
important piece of information for species classification.

cluster and mimic the first order branch. The
diagram on the right takes the left diagram and
replaces the clusters mimicking the second order
branches
For coniferous trees, branches extend out from the trunk
forming multiple layers; thus, the number of clusters is
expected to be large. Silhouette values decreases as the number
of clusters increases; therefore, the numbers of clusters for
coniferous trees are defined by the largest possible number of
clusters that can be produced without any empty clusters within
twenty iterations. After the clustering was performed, the
branches are drawn by connecting by the furthest point of each
cluster to the closest point on the trunk by Euclidean distance.
Figure 10a shows the result of the clusters for a sample
deciduous tree and figure 10b shows the result for branch
reconstructions of the same tree. Figure 10c shows the result of
the clusters for a sample coniferous tree and figure 10d shows
the branch reconstruction for the same tree.

Figure 10a

By using just the three geometrical shapes (sphere, cone and
cylinder), results were improved from 65% to 67% when the
outliers were removed. If other parameters are included (area to
volume ratio of convex hull and point to polygon buffering
analysis), results were improved from 85% to 88%. Using
crown shapes to classify trees is an intuitive method, but in this
study it did not show promising results. By looking at the other
geometrical properties, the results for classification increased
considerably. Although different from what was expected, it is
still believed crown shape and internal structure are good
indicators for classifying trees, and future studies should be
conducted in this direction.
This method of classification is quite simple to produced and
arithmetically easy. Tree bole and branches reconstructions are
for visualization, but can also be used to study growth
behaviour and to provide insight regarding why trees grow in a
particular directions. These results are useful in many types of
studies. For example, it can be used to study the potential
hazards of a tree growing into structures, by classifying trees
into deciduous and coniferous provide a better growth
estimates.

Figure 10b

5. FUTURE DIRECTIONS

Figure 10c

It is believed that tree crown geometry plays an important role
in tree classification and should be continue to invest work on.
In the future, it is expected to have better (more complex, more
varieties) shape, more work will be done on developing internal
structures of the L system tree to model real tree by integrating
generative rules with data-driven information such as obtained
from k-means clustering. Instead of having rigid rules resulting
perfectly symmetrical tree crown, we would like to develop
some flexible rules for tree crown detection. We also think that
normalized distance for comparing LiDAR tree crowns and L
system tree crowns is ineffective; having too much local
variability and a different measurement method should be
applied.

Figure 10d

Figure 10a shows different clusters in colours for a sample
deciduous tree (in this example, number of clusters
= 6). Figure 10b: Figure showing the location of
derived bole and branches for the tree in figure 7a.
Figure 10c shows the different clusters in colours for
a sample coniferous tree (in this example, number of
clusters = 80). Figure 10d shows the location of the
bole and branches for the tree in figure 10c

More work will also be done on convex hull analysis, including
the complexity and orientation of the convex hull. On top of
considering the different crown shapes for classification, like
aerial photo interpretation, the roughness of the tree surface
should also take into account. Optical and spectral data will be
incorporated for verification and/or analyses. A sensitivity
analysis will also be done to study individual tree parameters.
Full waveform sensors record the signals that represent the
vertical structures of the targeted area as a time series, the time
series are then modelled by different curves (e.g., Gaussian,
log-normal) for physical property interpretations (Anderson et
al, 2008; Koetz, 2006; Chauve, 2007). Riegl LMS-Q560 /LMS
Q280i have full waveform recording capability which this
project also has not taken into considerations but further

4. DISCUSSION / CONCLUSION
There are two major types of LiDAR systems for research and
commercial use, full waveform and discrete returns. This paper
has used only the discrete returns of the range data, and by
studying the geometry of the crown shape properties, we
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research will. The trees selected for this paper have relatively
complete tree crown point clouds (single isolated trees rather
than a tree within a forested area), but in a forested area, the
segmentation for individual trees for further clustering and
classification can be problematic and should be taken into
account in a subsequent study.
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