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ABSTRACT:

Analysis of terrestrial laser point clouds in a 3D voxel spacehas been applied recently during a cooperationbetweenDelft
University of Technologyandthe Institutefor ForestGrowth (IWW) in Freiburg. Thepurposewas3D modelreconstructionof trees
in a forest.Forestexpertscanusethese,for exampleto calculatethewoodvolumeandothergeometricparameters,allowing to draw
conclusionsaboutthe timber quality. The reconstructionof the treecrowns is the basisfor investigationsabouthe vitality or the
competitive statusof foresttress.Theability to createexplorablethree-dimensionalmodelsof theforeststandsis anothergoalof this
approach.
A crucial phasein the reconstructionprocessis segmentationof the laserpointsaccordingto thedifferentbranchesof the tree. As a
result,to eachpointa labelis assignedthatis uniquefor eachbranch,whereaspointsareremoved(labeled0) thatdo notbelongto the
stemor a significantbranch(leafs,twigs,noise).
Theproblemresemblesthatof recognizinglinearstructuresis 2- dimensionalimagery, suchasroadsin aerialphotography. Therefore
we decidedto tackle it in a similar manner, i.e. by transferringa variety of imageprocessingoperatorsto the 3D domain,such
as erosion,dilation, overlay, skeletonization,distancetransformandconnectedcomponentlabeling. Also Dijkstra’s shortest-route
algorithmplaysanimportantroleduringthereconstruction.

1 INTRODUCTION

The generalaim of the projectDevelopmentof Algorithms for
the Separationof Tree Crowns from TerrestrialLaserScanner
Data, which is a subprojectwithin NATSCAN — LaserScan-
ner Systemsfor LandscapeInventoriesis the reconstructionof
leaf treesand coniferoustreesfrom terrestriallycapturedlaser
scannerdata.Reconstructionof treesmeansthat thediameterof
branchesand their location(i.e. startandendpoint) have to be
determined.This shallbeperformedautomatically.

A suchdetailed3-dimensionalmodelof a singletreescould be
usede.g. for examinationson correlationsof environmentalin-
fluencesandtreemorphology. A modelconsistingof all recon-
structedtreesof a scannedareacanserve asa basefor visual-
izationsandvirtual reality applications.It is alsoapplicablefor
analysisof forestalstructuresandhabitats.

Programsfor the abovementionedtasksweredevelopedby the
Sectionof PhotogrammetryandRemoteSensing,Delft Univer-
sity of Technology. Datasetsfrom treesareprovided by the In-
stitute for ForestGrowth (IWW), University of Freiburg. One
plot (i.e. one location in a forest) is capturedby one or more
positioningsof the laserscanner. The datasetsareorientedrel-
ative to eachother(i.e. registered).The datawascapturedwith
Zoller+Fröhlich laserscannersandprovidedin theform of point
clouds(sequenceof

�
x � y � z � -triples).

In order to acquirecompletetree modelsand to reduceocclu-
sions,theplot is scannedfrom multiple positioningsso that the
interestingtreesare coveredfrom all aroundwith scanpoints.
Targetsarelocatedin thescanareaso that thesinglescanpoint
cloudscanbematchedtogether(registered)afterwards.Themea-
surementsetupis describedin detailin [Simonseetal, 2003] and
[Thieset al, 2002].

At the final stageof the reconstructioncylinder fitting is car-
ried out for eachof the significantbranches:a cylinder is fitted
throughthosepointsthatareat thesurfaceof a particularbranch
[PfeiferandGorte,2004]. Beforethis is possible,however, it is
necessaryto have a roughideawhich pointsbelongto that par-
ticular branch,in otherwordsto know theinitial subsetof points

thatshouldbe involved in thefitting process.This processitself
will be ableto identify erroneouspoints(that do not fit) within
theinitial subset,andpossiblyto addpointsto thesubsetthatare
in thevicinity andfit on thesamecylinder.

Thecrucialpoint in theabove is to detectstructuresin thepoint
cloudwhichrepresentamainbranch(thosethathaveasignificant
amountof wood).Besides,pointsthatdonotseemto correspond
to any mainbranchmustbeidentifiedasnoise.This is theprob-
lem addressedin this paper. We arepresentinganalgorithmthat
subdivides (segments)a laserpoint cloud of a tree into subsets
thatcorrespondto themainbranches.

Thealgorithmsegmentsa point cloudaccordingto branchesand
at the sametime identifieshow the branchesare connectedto
eachother. As a result, a ”tree” datastructureis constructed,
which representsthetopologyof thebrancheswithin a tree.

Basically, thetaskof thealgorithmboilsdown to detectingelon-
gated,cylindrical structuresin a point cloud. However, point
cloud segmentationcan be considereda difficult subject,espe-
cially in presenceof the before-mentionednoise, gapswithin
branches(missing points, e.g. causedby occlusionsby other
branches)andvaryingpoint densities(asa resultof varyingdis-
tancefrom thescanner).To establishthetopologyof brancheson
thebasisof point cloudsis anunsolvedproblemaswell.

Thereforewe decidedto performthis part of theanalysisin the
three-dimensionalrasterdomain.

2 RASTER DATA STRUCTURES

It is not uncommonto perform certainstepsin processingair-
bornelaser(LIDAR) point cloudsin the2-dimensionalgrid (im-
age)domain. Quite naturally, a LIDAR point cloud represents
a 2.5D surface. When converted to a 2D grid, grid positions
are definedby the

�
x � y � coordinatesof the points, and their z-

coordinatesdeterminethepixel values.Dependingonthechosen
spatialresolution,i.e. thesizeof eachpixel in the terrain,some
accuracy is lostduringtheconversion,sinceplanimetric

�
x � y � po-

sitionsarenotrepresentedexactlyanymore.Two additionalprob-
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lemsmay occur. At onehand,several pointsmay endup in the
samepixel, andthepixel valuewill have to bea functionof the
differentz-values(average,median,minimum, maximum,etc.),
which implies that someinformationis lost. At the otherhand,
theremaybe grid positionswithout any laserpoints. Underthe
assumptionthat thesurfacedoesnot have holes,interpolationis
requiredto fill theemptygrid positions.

To the resulting regular-grid DSM, image processingopera-
tions can be applied to perform certain analysis functions.
Examplesare thresholdingto distinguishbetweenterrain and
e.g. buildings in flat areas, mathematicalmorphology to
filter out vegetation and buildings in hilly terrain, textural
feature extraction to distinguish betweentrees and buildings
[OudeElberinkandMaas,2000], andregion growing to identify
planarsurfaces[GeibelandStilla, 2000].

2.1 From Images to Voxel Spaces

As opposedto the2.5D airbornecase,point cloudsobtainedby
terrestriallaserscanningare truly 3D. It may be arguedthat a
terrestriallaserscannerlocatedat a certainpositionrecordsdis-
tancesasa functionof 2 angles,whichstill couldbeconsidereda
2.5Dresult(Fig. 1), but especiallywhenrecordingsfrom several
positionsarecombined,thereis not a singlesurfacethat canbe
modeledby z � f

�
x � y � or by d � f

�
φ � θ � asthereis in the2.5D

case(Fig. 2).

Figure1: Terrestriallaserscanof a treerecordedfrom onescan
position.

Converting suchpoint cloudsto a 2D grid would causea great
lossof information. In this paper, we adoptthe alternative ap-
proachof converting a 3D point cloud into the 3- dimensional
grid domain. Thecells in a 3D grid aresmall cubescalledvox-
els(volumeelements,asopposedto pixelsor pictureelementsin
2D). Thesizeof thegrid cellsdeterminestheresolutionof the3D
grid. The3D grid spacecanbethoughtof asa numberof images
stackedasplaneson top of eachother, sothepositionof a voxel
is identifiedby a(plane,line, column)triplet (Fig. 3). During the
conversionof apoint cloudto a 3D grid, the

�
x � y � z � positionof a

point, togetherwith thechosenresolution,determinesthe(plane,
line, column)positionof thecorrespondingvoxel.

Figure2: Terrestriallaserscanfrom 4 scanpositioncombined
into a singlepoint cloud.
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Figure3: Voxel spacewith
�
x � y � z � and

�
p � l � c � coordinatesys-

tems.

2.2 Voxel Values

Thevalueof thevoxel canbedefinedin differentways.Thevast
majority of voxels (grid positions)will containno laserpoints.
One possibility is thereforeto assignto those”empty” voxels
value0 andto theotheronesvalue1. The resultis a binary 3D
grid, with object and backgroundvoxels. Note that in caseof
laserscanningtheobjectvoxels will be thesurfacesof the real-
world objects.A slightly moreadvancedschemeis to countthe
numberof pointsthat falls into eachgrid cell andto assignthis
numberasa voxel value.Semantically, voxel valuesnow denote
laserpoint densitiesandquitenaturallytheemptyvoxelsremain
0. If the laserscannerrecordsthe intensityof the returnedlaser
beam,thenthis canalsobeusedasa voxel value.This resultsin
a 3D grey scaleimage,Thevalue0 canstill beusedto represent
emptyvoxels, taking into considerationthat surfaceswith a re-
flectedintensityof 0 donotexist, or at leastwill notberecorded.
Semantically, however, sucha 0-valueis differentfrom theother
ones,sinceblackis not thesameasempty.
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3 3D RASTER PROCESSING

Similar operationsasin 2D imageprocessingcanbe appliedto
the 3D voxel spaces.For examplethresholdingpoint densities
may help to distinguishbetween”significant” objectvoxels and
thosecontainingnoise(Fig. 4).

Figure4: Treeafter rasterizationandthresholdingon numberof
pointspervoxel.

3.1 Neighborhood Operators

Neighborhoodoperatorsconstitutean important class of 2D
imageprocessingoperators,including filters (discreteconvolu-
tions),morphologicoperations(dilation, erosion,opening,clos-
ing) anddistancetransforms.Thepurposeof this paperis to in-
vestigatethe useof 3D neighborhoodoperatorsin the 3D do-
main for modelingtreesusingterrestriallaserscansrecordedin
a forest.3D neighborhoodshave to betakeninto account,which
meansthat filter templates(convolution kernels,morphological
structuringelements)become3 dimensionalaswell, i.e. consist
of planes,linesandcolumns(Fig. 5).

Figure5: 3D Filter kernelsandstructuringelements.

Mathematicalmorphology[Serra,1985] is asettheorybasedap-
proachto processingdigital rasterdata. It fits quitenaturallyto
binaryimagesandrastermaps,whereobjects(setsof objectpix-
els) aredistinguishedfrom a background.The operationsserve
to shrink and enlarge objects,suppress‘binary’ noise, remove
smallobjects,fill holesandgapsin/betweenlargerobjects,count
andlabelobjects,recogniseobjectstructures,etc. etc. We have
appliedthe 3D extensionof morphologicalclosing to “fill” the
stemandthemainbranchesof thetreewith objectvoxels— after
rasterizationandthresholdingon densitythesearehollow, since

objectvoxels arefound only at the surfaces(Fig. 6). It should
benoted,thatgrayscaleextensionsof mathematicalmorphology
have beendevelopedaswell.

Figure6: Crosssectionthroughtreestembeforeandaftermor-
pholicalclosing.

The convolution type of filters finds its origin in 1-dimensional
signal processingand was extendedto the 2D imagedomain.
Whereasa signalcanberegardedasa continuousfunction(such
asavoltageasfunctionof time),andanimageasacontinuous2D
function (gray level asfunctionof (x,y)-position),digital image
processingrequiressomediscretization,regardingdomainof the
function (into pixel positions),aswell asits range(into discrete
gray levels). Theoperations,therefore,aresuitablefor digitally
processinggraylevel imagery.

At a higher level, 2D operationslike connectedcomponentla-
beling,distancetransformandskeletonizationcanbeextendedto
3D. In thesecases,thebenefitof voxel spaces,comparedto the
originalpointcloud,lies in theimplicit notionof adjacency in the
former.

3.2 Connected Component Labelling

Above, we mentionedthe notion of objectandbackgroundpix-
els in binary imagesandtheir 3D equivalentsin voxel spaces.It
is commonto considergroupsof adjacentobjectpixels assin-
gle objects. In otherwords,any two objectpixels belongto the
sameobjectif andonly if a sequenceof objectpixelsexists that
containsthesetwo pixels,suchthatany two consecutive pixelsin
thesequenceareadjacent.An algorithmthatidentifiesobjectsin
the imageandassignlabelsall to objectspixels that areunique
for eachobject,is commonlyreferredto asconnectedcomponent
labelling.

When determiningpixel adjacency in 2D it hasto be decided
whetheronly horizontalandverticalneighborsareconsideredad-
jacent(4-adjacency), or also diagonalneighbors(8-adjacency).
Note that when 4 adjacency is assumedfor objects,the back-
groundis bestconsidered8-adjacent,vice versa.The first view
regardsa chessboardasa white backgroundwith a lot of small
blackobjects;in thesecondit is seenasasingleblackobjectwith
a lot of whiteholes.

In the 3D case,a voxel has26 neighbors;looking at voxels as
cubesthattogetherfill thespace,6 of theneighborssharea face,
12 shareanedgeand8 sharea cornerwith thevoxel undercon-
sideration.This leadsto a distinctionbetween6-adjacency, 18-
adjacency (6+12) and26 adjacency (6+12+8). Which of these
views is mostappropriate,dependsmostlyon theresolutionwith
respectto the (expected)sizeof objectsconsidered.Whenin a
‘poor’ resolutionthethicknessof linearobjectsissmallcompared
to thesizeof avoxel, 26-adjacency will berequired.Otherwiseit
mayhappenthatvoxelsbelongingto thesame‘real world’ object
do not belongto thesamegroup.At thesametime,6-adjacency
will beassumedfor thebackground.With high resolutions,such
that any crosssectionof objectscontainsmultiple voxels, 6-
adjacency for objects(and26-adjacency for thebackgound)may
beconsidereda ‘cleaner’solution,with lessprobabilityto create
falseconnectionsbetweennearbyobjects.18-adjacency is not a
goodcompromise,sinceit leadsto object/backgroundanomalies.
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In forestlaserscans,we assumethatthestemandmainbranches
of a treetogetherform oneobject,andthatdifferenttreesarefar
enoughapartfrom eachotheras to belongto differentobjects,
evenunder26-adjacency for objects.Althoughour scansarein-
tendedto capturesingletrees,it cannotbeavoidedthat partsof
other treesare recordedat the sametime. 3D connectedcom-
ponentlabelling is thereforeappliedto distinguishbetweenthe
trees,andthe largestcomponent(with mostvoxels) is assumed
to bethetreeunderconsideration.

3.3 Skeletonization

Skeletonization(thinning) in 2D binary imagesis the reduction
of elongatedobjectsto single pixel width. When the objects
form a network (suchasaroadnetwork thathasbeendetectedin
an aerialphotograph),the connectionsbetweenthe objects(i.e.
the object toplogy) is preserved. The numberof objectsis not
changedby skeletonization. When both connectedcomponent
labellingandskeletonizationareto beapplied,theorderin which
theseoperationsareperformeddoesnotmatter.

Differentversionsof skeletonizationexist, accordingto whether
‘loose’ endsof lines becomeshorterof not, or whethercertain
kinds of extremitiesarepreserved or removed. In all cases,8-
adjacency is assumedfor objects,and thereforethe remaining
numberof objectpixelsis minimal undertheconstraintof topol-
ogy preservation.

Skeletonizationhas been a difficult problem in 2D and even
more so in 3D, but nowadaysvarious solutionscan be found
in literature[Borgeforset al, 1999], [Lohou andBertrand,2001],
[Palágyiet al, 2001], [TeleaandVilanova,2003].

In 3D, a distinction has to be madebetweensurface and line
skeletonization. Both variantsiteratively ‘peel’ layersof vox-
els from the outsideof objectsuntil the minimum is reached.
Removing onemorevoxel would createa hole. Surfaceskele-
tonizationstopswhensurfacesare formedthat cannotbe made
thinneranymore(whenthick wallshave becomethin foils). Line
skeletonizationcontinuesuntil only linear structuresremain. In
all cases,26-adjacency is assumed.

Someapproachescanbesubdividedaccordingto thenumberof
subiterationswithin eachiteration.Thisnumbercanbe6,8 or 12,
dependingonwhetheracubicobjectto beskeletonizedwouldbe
‘attacked’ from thefaces,cornersor edges,respectively. For this
projectwe implementedan8-subiterationmethod,describedby
[PalágyiandKuba,1999], which shows excellentperformance.

In our application,we apply line skeletonizationto reducethe
thicknessof tree trunks andbranchesto onevoxel. After that,
it will bepossibleto identify differentbranchesandreveal topo-
logical relationsbetweenthem(Fig 7). Notethatskeletonization
only removesobjectvoxelsandnever introducesnew ones.The
skeletononly containsexisting objectvoxels. This explainsthe
importanceof filling the ‘hollow’ stemandthick branches(Fig.
6 above). As a result, the skeletonwill be locatedcentrally in
the interior of these,whereasotherwiseit would have to spiral
somehow over thesurface.

3.4 Skeleton Segmentation using Dijkstra’s Algorithm

After skeletonization,object voxels situatedin the ‘middle’ of
a branchwill have only two neighborswithin the samebranch.
Only at junctions,wherebranchessplit or smallerbranchesap-
pear from bigger ones,object voxels may have threeor more
neighbors. Unfortunately, when two branchesarenearto each
other(comparedto thevoxel size),ambiguitiesmayarise.Also
it is not alwayspossibleto exactly distinguishbetweenjunction
voxelsandothervoxelsby justcountingthenumberof neighbors

Figure7: Skeletonizationappliedto the largestconnectedcom-
ponent,i.e. themaintreein thedataset.
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Figure 8: 2D illustration of skeleton segmentation. A. input
skeleton;B. graphnodesandedges;C. spanningtreewith short-
estdistances;D. segmentsandtopology.

(Fig. 8.A). Therefore,establishingbranchtopoplogy requires
someextra attention.

As suggestedby [Palágyi,2003] this stepis basedon Dijkstra’s
algorithm,a well-known methodfor finding shortestroutesin a
weighteddirectedgraph(representing,for example,a roadnet-
work).

First, a graphis created. Its nodesare the voxels that partici-
patein the skeleton,and any pair of adjacentvoxels generates
two arcsbetweenthenodes,onein eitherdirection(seeFig. 8.B,
but thereeachpair of arcsis representedby only oneline). Arcs
areassignedweightsof either3, 4 or 5, dependingon whether
the two voxels sharea face, an edgeor a point respectively
[Verwer, 1991].

In this graph,Dijkstra’s algorithmsfindsfor eachnodetheshort-
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estrouteto adestinationnode(theroot!). Thecollectionof short-
estroutesleadingfrom anywhereto therootformsaspanningtree
of the graph,which providesa logical modelfor a treein a ras-
terizedlaserpoint cloud. Any ambiguities,suchasloopscaused
by falsely-connectedbranches,areresolvednow (Fig. 8.C).

After the algorithmfinishes,eachnode(exceptthe root) knows
its parent,thenext nodealongtheshortestrouteto the root. By
traversingthetreeoncemoreit is easyto find branchesandjunc-
tions,thelatterbeingnodes(voxels)thatappearasaparentmore
thanonce.During this traversaleachvoxel is assigneda unique
branchidentificationnumber, andtheresultis asegmentedskele-
ton. Eachtime a junction is found,a new identificationnumber
is given to this voxel andto theothervoxels in thesamebranch
closerto theroot.(Fig.8.D, Fig. 9).

Figure 9: Segmentedskeleton: every branchobtainsa unique
value(branchlabel).

3.5 Distance Transform

After segmentingthe skeletonof a tree into differentbranches,
the next step is to segment the remainingvoxels of the tree.
Themethodwe designedassignsto everynon-skeletonvoxel the
numberof the nearestbranchin the segmentedskeleton. This
is implementedby a distancetransform,a well-known rasterop-
erationthat gives to every backgroundpixel (or voxel) the dis-
tanceto the nearestobject. When acceptingapproximatedis-
tances(with lessthan2%averageerror),veryefficientalgorithms
exist [Borgefors,1996]. A small modificationto the algorithm
allows to uselabeledobjectpixels andcalculatefor eachback-
groundpixel not only thedistanceto thenearestobjectpixel, but
alsorecordits label(Fig. 10).

3.6 Point cloud labelling

As thefinal segmentationstep,branchlabelsareassignedto the
original laserpoints. This is doneby examining for eachpoint
which was the correspondingvoxel during the initial rasteriza-
tion. The label that hasbeenassignedto this voxel during the
above-describedsegmentationprocess,is now assignedto the
laserpointaswell.

Note that a large numberof laserpoints went into voxels that
finally did not obtaina branchlabel: voxels that wereremoved
becauseof insufficient point density(Section2.2),but alsothose

Figure10: Segmentedvoxel spacewith branchlabelsassignedto
all voxels.

belongingto othercomponents(Section3.2). Thesevoxels are
not includedin thelabeledset(Fig 11).

Figure11: Segmentedpoint cloudwith branchlabelsassignedto
laserpointsandotherlaserpointsremoved.

4 CONCLUSIONS

Theabove is a descriptionof a pipelineto segmentpoint clouds
of terrestrially laserscannedtreesinto different branches(Fig.
12). It is basedonacarefullyselectedandimplementedsetof 2D
rasterandimageprocessingoperatorsinto the 3D raster(voxel
space)domain.Theoperatorsaretakenfrom aratherwiderange,
but they fit togetherwell and form a coherentsystem. The re-
sulting segmentedpoint cloud can be easily split into different
branches,of whichthestartingandendingpointsarenow known.
Thelaserpointscannow besubmittedto thenext phasein there-
constructionprocess,i.e. cylinderfitting, onebranchata time.
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Umėa,S: 251-257.

[TeleaandVilanova,2003] Alexandru Telea and Anna Vi-
lanova,A robustlevel-setalgorithmsfor centerlineextraction,
Joint EUROGRAPHICS-IEEESymposiumon Visualisation
(2003)

[Thiesetal, 2002] Thies, M., B. Koch, H. Spiecker: Ein-
satzm̈oglichkeiten von Laserscannernfür Wald- und Land-
schaftsinventuren.AFZ/ Der Wald57(8)(2002),395-397.

[Verwer, 1991] B.Verwer, Local Distancesfor DistanceTrans-
formationsin Two andThreeDimensionsPatternRecognition
LettersVol.12,No. 11 (1991),671-682

Hintz
International Archives of Photogrammetry, Remote Sensing and Spatial Information Sciences, Vol. XXXVI - 8/W2

Hintz
- 44 -




