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ABSTRACT:

This paper presents a method for semi-automa&@ipdsitioning of tree tops that can be used fominling tree maps of the photo-
visible trees and tree heights. Such spatio-tenipdetailed information is usable for many applicas in e.g. forestry and
landscape management. The method incorporatessthefipassive, high-resolution optical images withexistent low-resolution
airborne lidar data. The latter is used for comiinthe search space of image matching to agreethgtivolume of photo-visible
trees in the upper canopy and for obtaining an ratelelevation model, which is paramount for rdéabee height estimation. The
method is presented here and tested with restrigtade and field material.

1. INTRODUCTION

Remote sensing is applied currently in almostfaist data
acquisition. Orthoimages and stereopairs of agti@tographs
are used for stratifying the forest into standgelbte images are
employed in the assessment of large areas andrraérbaser
scanning is used for the mapping of topography @arbpies.
Advances in the sensor technologies and analysithate
continuously widen the potential scenarios of newvest
inventory methods that put to use remote sensiegkie 1990,
Baltsavias 1999, Petrie 2003, Naesset et al. 2(EAyle-tree
remote sensing (STRS) that is based on the ideabstituting
the field measurements and mapping of individueégrwith
cost-efficient airborne observations is an exangflea field
made possible by the development. Digital and aatmm
image- and/or lidar-based STRS is a topical dom&ee(
references in Culvenor, 2003; Korpela, 2004; Poudibtal.,
2005), although the concept of STRS is not entimbyel
(Worley and Landis, 1954; Talts, 1977).

STRS aims at a detailed description of the grovgitogk that
is crucial in most applications of forest inventofgeally, it
provides the size-distribution of the standing $reer species
with the two- or three-dimensional map of treesrgéda and
Tokola (2006) examined the potential of image-ba&& and

visits seem inevitable if very accurate data is tednBecause
of the inferior accuracy in comparison to field m@@ments, an
applicable STRS system has to provide the measuteraed

estimates with much lower costs, which calls fotoanatic

procedures. A complete 3D STRS system solves althef
following tasks: (a) tree or crown positioning inD3
measurements of (b) crown dimensions and (c) teéghh (d)

species recognition and (e) allometric estimatibérstem size
(Figure 1).
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3D STRS. The DBH (stem diameter at 1.3 m height) and

volume of individual trees cannot be estimated eutely
with STRS as is it possible in the field. The maagon is the
indirect estimation phase with allometric modelattresults in
both random and systematic, tree and stand levelserThe
model
measurement errors in species, tree height andéemcwidth.
Random errors cancel out effectively, but the agapegesults
of STRS at the stand level are liable to systemaffsets.
Inclusion of tree heights, i.e. the use of 3D STRS ¥ound to
improve the estimation accuracy of both DBH and stetame
considerably in comparison to 2D STRS, in which dreee
measured for species and crown dimensions onladtition,
in STRS the growing stock is inherently underestadagince
some trees always remain unseen at least by algiensors.
In STRS, field calibration is needed for avoidirtge
systematic errors of the allometric equations. Thosne field

Figure 1. An example of the data, tasks and ougfua 3D
image-based STRS-system for stand cruising.

1.1 Hypotheses and objectives

inaccuracies are coupled with photogrammetric

This paper addresses the question of using resssising for
3D treetop positioning and height estimation antemds the
work by Korpela (2000, 2004), in which a semi-auabim
method for treetop positioning was introduced. disvbased on
the use of multiple image-matching of digitized ialer
photographs for the purpose of finding treetopsidmsa
predefined 3D search space in the canopy volungu(€i2).
The algorithm applies template matching for proicesghe
aerial images into correlation images, where logaxima
correspond to 2D image positions of treetops (ofioek, 1996;
Larsen and Rudemo, 1998). The predefined 3D seaatess



processed into a point mesh. The points in the raestback-
projected into the correlation images and aggregdia
volumetric correlation, which is further processedo 3D
maxima that correspond to candidate treetop positidhe
algorithm resembles that of Tarp-Johansen (2001ho w
positioned tree bases of oaks in 3D using multigdé-off aerial
images. Here, it is further assumed that correct t&2top
positions will help in solving the other image-basasks of the
measurement of the crown dimensions and the irgtton of
species (cf. Figure 1).

Figure 2. Image matching for 3D tree top positign{Korpela,

2004). The search is restricted to a predefinecharameter fupoy 1

with real field, image and lidar data. By combiniagrial
photographs with lidar this paper exploits the gipte of the
photo-lidar approach presented by St-Onge et @D4R A low
sampling rate airborne lidar is used to keep thterz costs to
a minimum. The proposal in this article is that {mgolution
lidar can be combined with multiple image-matchifgaerial
images for accurate and cost-efficient, semi-aut@mnieee top
positioning and tree height estimation.

2. METHOD FOR SEMI-AUTOMATIC 3D TREETOP
POSITIONING USING AERIAL IMAGES AND
LIDAR BASED SURFACE MODELS

The method consists of the step® Biven below. Automation
of steps 2 and computations in step 5 have beesiafsed most
in comparison to the algorithm presented in (Kaap2D04).

1) Delineation of the area of interest. Here, ttee ttops were
positioned inside circular plots with a radius riaggfrom 15 to
20 m. In general, the geometry of the area of astecan vary
and a homogenous stand would be a natural choigegtice.

2) Delineation of the 3D search space in the uppeopy. This
is done by analyzing the lidar-DTM and the lidar-CHMch
that the search space is filled by a 3D point meigh 0.5 m
spacing. The maximal elevation or local dominanglhiein a
given XY point is given by the CHM, which is multiptl by
[1, 1.3] to reduce the inherent

volume in the canopy. A DEM/DTM is used for ,nderestimation. ParameteiDepthi [0, 1] defines the depth
height estimation. The scale of the images (N>1) isyf the search space with respect to the local damtiheight of

not restricted as such, but the full orientatiorthaf
images has to be established reliably.

The discernibility of treetops is a major restanot of optical
STRS. Only the dominant, co-dominant and intermedigges
are visible with a high likelihood. The probabilitpf
discernibility is an exponential function of théatéve height of
the tree; such probability-of-discernibility curveary between
stands according to the density of the stand (Karf#004). In
most cases trees with a relative height of beloé %0e not
seen at all in the images. The 50% relative hedgimstitutes
thus a lower limit for the volume from where to daict the
manual or automatic search of treetops at leastcliosed
canopies. Respectively, the upper limit is at theimal height
of trees. These two parameters vary spatially airgdriecessary
to obtain reasonably accurate estimates of themawvoid
commission errors by the treetop positioning attoni
(Korpela, 2000; 2004) as the locally restrictedtdeqf the 3D
search space is the geometric (epipolar) constthattis used
for the solution of the mathematically ill-posedrespondence
problem for tree tops. The results can only benogtiif the
search is set to cover the upper canopy volumep@&ar 2004;
p. 35, 6566).

The estimation of tree height is straightforwavdce the
treetop is positioned in 3D. A DTM gives the eléwatof the
butt. The error of the height estimate consists fhom possible
treetop positioning errors and DTM errors. A DTM asso
needed for defining the lower limit of search spat¢he app.
50% relative height level below which treetops aanihe
expected to be measurable. Korpela (2004) suggékstdan
accurate DTM obtained by means of low-resolutioseta
scanning could be incorporated in the algorithm fboe
delineation of the search space and for accurate teight
estimation. Similarly, laser scanning was proposed the
estimation of the local, maximal height of trees dyanopy
height model (CHM). These proposals/theses areoptaist here

trees HDepth= 1) and the terrain elevatiolDepth= 0).

3) Selection of a sample tree and the measurenfeits 8D
treetop position using manual image-matching. Tagtwre of
elliptic templates representing the tree in allges (Figure 3).

d anduaign
positioned sample spruce tree with parameters:
EllipseHeight= 3.0 m, EllipseWidth= 2.6 m and
EllipseShift = -1.0 m. The shift downwards by
EllipseShiftis seen in the image on the right: the
image position of the hot-spot i.e. the tree tod an
the template centre deviate. The vertical lines
connect the measured 3D tree top position and the
DTM. This photo-lidar height estimate was 15.53 m
and the field measurement was 15.7 m.

Object space parameterBllipseShift EllipseHeight and
EllipseWidthdefine the position, size, and shape of the @lips
in the imagesEllipseShiftshifts the center of the template in the
Z direction. Using this parameter, the templates tgpically
moved down to capture more of the crown than tledpraund.
Ellipseheightdefines the major axis of the elliptic template,
which in the images is made parallel to the dimectdf the Z
axis (trunks)EllipseWidthdefines the length of the shorter axis.



The shape is conditioned to circular i.e. the tergd are
allowed to be elliptic for oblique views only andthe direction
of the radial displacement (i.e. Z axis, tree tjurikhese 3
parameters take metric values. The actual tempisdges are
rectangular copies of the aerial images. Pixels fddhoutside
the ellipse are masked out. The location of thettqe inside the
template, the so called hot-spot, is stored fohe¢amplate and
is accounted for in cross-correlation computatithras follow.

4) Template matching. Template matching with noizeal
cross-correlation is carried out for each imagengisthe
template of that aerial image. This procedure nthpsaerial
images into cross-correlation imagegx,y) T [-1,1], in which

position of the cluster is the mean of the 3D poitat belong
to the cluster andr3D is used in linear weighting of the
coordinatesRIimit is a parameter that controls the quality of the
clusters. Only the best clusters are accepted es top
candidates, ifRlimit is set to a high value. In such cases,
omission errors are few assuming that the searabesfs set
correctly. A low value oRlimit brings about new clusters at the
cost of commission errors. The merge-paramexefthin
controls the density of the clusters. A value tisatoo large
causes neighbouring trees to be merged. Simildr)Ythinis
set too low it can result in several clusters oiding from the
actualr3D response of a single tree.

high values ofr indicate good match at image location X,y The description of the steps & below applies to any practical
(Figure 4). Ideallyr (x,y) would consist of very sharp peaks at implementation of the algorithm in situations where ground

the correct positions of the treetops.

Figure 4. Cross-correlation images computed usiagéptured

truth exists. In the experiments of this study Stepas replaced
by a numerical quality assessment, and steps ®amere not
performed.

7) Visual quality assessment of the treetop pasitig. The
visual evaluation of the matching results is basedvisual
examination of the candidates that are superimpegéér on
monoscopic or stereoscopic views. If necessarycthstering
algorithm is re-run by adjusting the paramet&réthin and
Rlimit. Sometimes the procedures have to be repeatedtfrem
start by selecting and positioning a new model.tree all
subsequent steps need to be re-computed it is fengdp have
good approximate values for the parameters to avoid

templates and aerial images of Figure 4. Highuhnecessary iteration.

correlation is displayed in white.

space is back-projected to the cross-correlatioagas using
collinear equations and an affine fiducial markngf@rmation

with pixel accuracys3D is computed for each point in the 3D

search space seen as a geometric mean of the imesydsng
in r3D/ [0, 2].

Figure 5. lllustration of the volumetric, discreteD data in the
search space with three transects (slices) supes@tpin an
oblique aerial view. The brightness of the poingaatesr3D.
The undulation is due to changes in terrain elewatind local
dominant height of trees. The white dots that ftimas are the
terrain points.

6) Clustering of ther3D data into 3D treetop candidate
positions. The point set is first sorted in theessting order of
r3D. Clusters are formed from points witl3D above a limit,
Rlimit. Points are merged into existing clusters whike sbrted
list is processed. Merging is controlled by a phaetiric distance

.

A . -, A - e Wy

Figure 6. Candidate positions and the borders ofilzEr photo-
plot (r=15 m) superimposed in an image pair. Theleiis
drawn at the elevation of the treetop of the maoisl.

8) Manual correction of the semi-automatic matchiesgults. In
it, the bad candidates are removed or correctefddsition. The
unrecognized tree tops are completed manually ustegeo
interpretation (for operators with a good steresion) or using
manual image matching with monocular observationsl a
epipolar constraining (Korpela, 2004)

9) Height estimation using the existing DTM.
3. EXPERIMENTS
3.1 Data

The field data in Hyytidala, southern Finland BN,
24°20'E) consists of fully mapped and measured stands
(Korpela 2004). The field measurement errors fee fpositions
and the basic tree variables are known through atege
observations. The positions of the field trees hdeen

into existing clusters and do not form a new cluslde 3D

field levelling. The image data consisted of digptli aerial



photographs, which have been orientated in oneelanglti
temporal (1946-2004) image block (Korpela 2006)re;i¢eaf-
on images from summers of 2002 and 2004 were usdbei
experiments. These were taken using standard mereras
with 15 cm and 21 cm lenses and the images have arll5-
micron pixel size. The experiment allowed for tegtithe
following nominal scales: 1:6000, 1:8000, 1:120Q014000,

1:16000 and 1:30000. The images have forward adé si

overlaps that vary from 60 % to 80 %. Lidar datasvitaom
August 2004 with an Optech ALTM2033 sensor fromyi§
height of 900 m. The pulses had a footprint diamefed.3 m
and the pulse density was 1.1 m by 1.3 m, on aeerdbe
instrument recorded 1 or 2 returns. The full geoynef each
pulse was available: time stamp, position and ¢ai@m of the
lidar, ranges, intensities and positions of ther 2 geturns. A
raster DTM was processed from the lidar returnagisi simple
gradient-based method and a RMSE of 0.30 m wasnmutan
a test set of 10947 tacheometer points represetdimgin of

wooded areas. A raster CHM was constructed fromr lida

maxima in 5 m by 5 m cells.

3.2 Performance of tree top positioning

A treetop was considered to be correctly fouhd) (if a
candidate was inside a 2.4-meter wide and a 6-nhégér test-
cylinder. The dimensions of the test-cylinder dffethe
performance measures. The field errors in treetipogig using
tacheometer, in height measurements, errors madedating
heights to the time of the photography, possibde slant and
sway as well as the stand density of the test sitese
considered. The test-cylinders can have overlageise forests
and excessive candidates in a test-cylinder omiarsecting
cylinders were considered as commission errors @eds
without a candidate were considered as errors agsiom. A
buffer around circular test plots (Figure 7) wasdias trees can
be hit by a candidate from the buffer and vice aers

Hit-rate was the ratio between the number of &itd the total
number of trees. An accuracy index was computeddean the
numbers of omissionof and commissionc] errors and the
number of treesn) (cf. Pouliot et al. 2005): Al =f(- 0- ¢)/
n] ©~ 100. The 3D-positioning accuracy was evaluatedth wie
RMSE that were computed separately for the XY and
although the positioning is entirely 3D. The RMSEelude the
imprecision of the ground truth and therefore ostneate the
true inaccuracy. The positioning error-vectbX[ DY, DZ] was
defined asfield- candidate thus a positiveDZ indicates
underestimation. Mean differences@X, DY and DZ measure
systematic offsets. To evaluate the averaging tefédctree
heights, a regression line was fitted in tB&" tree height
distribution and the slope coefficient (trend) atsl standard
error were computed. The set of field trees wasficed to
those that were discernible to the operator. Thée tset
represents the potential trees to be found. In ssiaveds such a
criterion can leave out 50% or more of the treesydver, the
proportion of the total volume in the non-discetailrees is
normally small, from 0 % in managed stands to 1 %atural
forests (Korpela, 2004).

3.3 Tests in a spruce stand

Treetop positioning was tried out using images setscales
1:8000-1:16000 (Table 1) in one managed sprucel starages
in the scale of 1:6000 were
computational burden of template matching and stz86000

was omitted because individual treetops were notl we
measurable in that scale anymore.

Figure 7. Results of treetop positioning for a dacuest plot.
Unfilled squares depict the candidate positions for
correct hits (56), squares with a cross depict exiss
treetop positionso(= 2), and the crosses depict the
commission errorsc(= 1). The Al was [(58-2-
1)/58] 100 = 94.8%. The hit-rate in total stem
volume was 97.1%, RMSE dbXY was 0.55 m,
RMSE ofDZ was 0.67 m with a slope coefficient of
0.055 m per m of tree height. The errors in the DTM
elevations had an RMS of 0.27 m.

One model tree was used in all trials, and thematers
defining the shape and position of the elliptic pdates were
kept fixed. The exact 3D position of the treetopswaeasured
separately for each set of images using manual,ostmpic
multi-image matching. It varied in Z because of teeporal
mismatch of the May 2002 and June 2004 images anduse
of small orientation and observation errors. Tharce space
was kept fixed with parametefisyon andHDepth Tree heights
from May 2002 were simply added +0.7 m, which cepmnded
to the average height growth of three summers. retss
Rlimit and XYthin were tuned for obtaining optimal results in
the Al-measure.

Number of images| Al- c Mean | RMS | RMS
scale, overlaps (%) % Dz, Dz, DXY,
Z focal length (cm) m m m
2 1:800060/6021 61.1 1B-0.04 | 1.29 0.70
2 1:800060/60217 779 9 -0.39 | 124 | 0.73
4 1:8000 60/60 21 85.3 1 +0.06 0.76 0.68
4 1:800060/60 21 88.4 9 -0.21 | 0.99 0.67
6 1:800060/60 21 85.3 4 -0.08 | 0.72 0.61
21:1200070/6015 821 1p +0.22 0.80 0.60
31:12000 70/60 15  91.4 5 +0.18 0.70 0.56
4 1:12000 70/60 1§ 88.4 4 +0.3[L 0.85 0.57
31:14000 80/60 21 87.4 4 -0.09 | 0.83 0.68
41:1400080/6021 874 1 -0.20 | 0.93 0.65
6 1:14000 80/60 21 94.7 3 -0.15 | 0.87 0.60
7 1:1400080/6021 93.7 2 -0.12 | 094 | 0.62
2 1:16000 60/60 15  85.3 9 -0.25 | 0.87 0.66
31:16000 60/60 15§ 88.4 +0.1p 0.93 0.62
41:16000 60/6015 74.7 4 +04p 098 0.58

Table 1. Results of treetop positioning using déférnumber
of images in different scales. Plot S6 with 95 phot
visible trees in a circular plot with radius of 2@
fHDOM = 115,HDepth= 0.65.

left out because of the

Increasing the number of images usually improvéed t
performance in the Al measure; however there weigges in



which the crown of the model tree was not seennafja clear
background, which resulted in a poor cross-cori@iatmage
that deteriorated treetop positioning. The imaggepmetry
affects treetop positioning; best results were iabth with an
image set that consisted of six images taken wdttmal-angle
cameras at the scale of 1:14000. These images \ad l@rge
overlaps and the elevation of the sun was high8%) @uring
the photography. These factors affect occlusion siratling in
aerial views that can impede image matching. linsethat the
optimal scale for the type of spruce trees in 86t (heights
from 12 to 22 m) is somewhere between 1:10000 ab&0DO.
The images in 1:8000 had details that did not lelfreetop
positioning, but may be needed for example in sseci
recognition with texture measures.

Parameteffypom corrects the local dominant height given b
the CHM and thus defines the upper limit of searphcs.
Similarly, the parameteHDepth defines the lower height and
depth of the search space. Treetop positioning tred at
different values of these parameters. The optinalies for
fupom were from 1.1 to 1.3, whedDepthwas kept at 0.65. All
performance measures showed best performancesirahge.
Here, the CHM was calculated using a 5 m grid, wimety be
too coarse in sparse stands. Similarly, the derdithe lidar
data will most likely affect the quality of the CHMhich needs
to be considered in setting the valueffgyoum.

Al- Mean RMS | RMS Trgnd
fupom % c DZ. m Dz, DXY, DZ h,
m m m/m
0.95 | 46.3| 21| +1.03 1.35 0.71 0.33
1.00 | 78.9| 11/ +0.88 1.28 0.69 0.31
1.05 | 88.4| 7| +0.48 0.92 0.7( 0.24
1.10 | 94.7| 4| +0.21 0.74 0.69 0.1
1.15 | 93.7| 5| +0.064 0.74 0.7( 0.16
1.20 | 89.5| 7| -0.09| 0.80 0.70 0.17
1.25 | 90.5| 5| -0.18 | 0.86 0.71 0.16
1.30 | 88.4| 5| -0.21| 0.85 0.71 0.14
135 | 85.3| 6| -032| 091 0.71 0.13
1.40 | 73.7| 15/ -0.39 | 0.93 0.72 0.13

Table 2. Performance of the 3D tree top positioratgprithm
for different values of the parametkpom. Plot S6 with 95
trees in a circular plot with radius of 20 mlimit = 1.41,
XYthin= 1.5 andHDepth= 0.65. Four images in scale 1:12000.

RMS | Trend
Al- Mean | RMS ,

HDepth % c DZ. m | Dz, m DXY, DZ h,

m m/m
0.45 64.2| 31| +0.28 0.84 0.72 0.11
0.50 75.8| 22| +0.19 0.77 0.71 0.11
0.55 88.4| 10/ +0.12 0.72 0.7( 0.12
0.60 90.5 8 +0.06 0.71 0.7( 0.13
0.65 93.7 5 +0.06 0.74 0.7( 0.16
0.70 92.6 3 +0.01 0.75 0.7( 0.19

0.75 89.5 3| -0.06 0.75 0.71 0.21

0.80 89.5 2| -0.21 0.77 0.72 0.22

0.85 82.1 3| -0.42 0.82 0.73 0.22

0.90 69.5 2| -0.70 | 0.94 0.74 0.20

Table3. Performance of the 3D tree top positiorafgprithm
for different values of the parameteiDepth Plot
S6 with 95 trees in a circular plot with a radidi6
m. Rlimit = 1.41,XYthin= 1.5 m,fypom = 1.15. Four
images in scale 1:12000.

4. DISCUSSION

Semi-automatic 3D tree top positioning of indived trees
using image-matching is an alternative or compldneridar-
based techniques in which trees are found by psowgsery
high-resolution lidar data with from 5 to 30 poimtsr nf. The
method presented here combines optical images @metdst
lidar with emphasis on the use of images. The Jmted
surface models that approximate the canopy elavatia give
the terrain relief accurately are a necessity froueate height
estimation, since the ground is seldom seen in émagken
under leaf-on conditions. If the image-matchingitggy here is
compared with common techniques of stereo matctiorg
surface modelling, it can be said that the lidar CEiMi DTM
provided a short-cut and gave a good approximafionthe
possible space of solutions, which normally areamiatd by
hierarchical image matching techniques and theseetmr-fine
strategy (Schenk, 1999). The results of the expmmimgave
support to the thesis that low-resolution lidaradean be used
for delineating and bounding the search space énctinopy
semi-automatically by adjusting the parameters tiedine the
relative underestimation of the lidar-CHMyfom) and the

ParameteHDepth gives the lower height of the search SpaceleWest relative height of the trees that expectebd visible in

and this parameter should be adjusted accordingtaod
density since in dense stands only the talless tremain photo-
visible The dominant height of plot S6 was 20.6 nd dhe
shortest discernible tree had a plot-level relatieght of 0.53.
However, the neighboring trees of this 10.6-m higde had
heights from 15 to 18 m, which means that the loehdtive
height of this tree is approximately 0.6. Best rssin Al-%
were obtained wittHDepth at 0.65. Commission errors ("short
ghost trees") start to appear, if the search sigastarted from a
too low height. If the search space is not deepughpthe
heights of the short trees are overestimated aedateraging
effect increases. These effects are seen in Table 3

the aerial viewsHDepth.

The implementation described here is not venusblagainst
the variation in the size of tree crowns and thsilte presented
here were good mainly because the test stand eyess a
rather regular forest. In stands with a large sseaiixture and
variation in crown sizes, the results have beemdouferior. It
may be possible to incorporate the use several Isamges (or
synthetic images of crowns; see Larsen, 1997) imgen
matching to improve the possibilities to detect gabition
trees of varying size. Similarly, it would be desie, if the
feature detector, template matching in this caseildvyield not
only the 2D image positions of tree tops but algmimlic
information similar to what is utilized by an opemawhen the
task is performed manually (species, crown sizejould then
be possible to rule out automatically some of thpraventable
commission errors.

A semi-automatic approach seems to be the onlitisalto 3D
tree top positioning using aerial views becausthefnature of
the problem. Occlusion and shading are inherentbsgnt in



aerial views and trees vary in size, shape andomaglric
properties. In the development of the methods ptesehere,
the strategy has been to provide a system for megsas many
tree tops as possible automatically with a highitjmrsng
accuracy and a low commission error rate. After uahn
amendment the 3D tree tops provide tree height2&nioinage
positions that can be used as seed points forethaining tasks
of species identification and measurement of crdimmensions,
which can possibly be solved in the 2D image domain
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