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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 Freiturg. The purposewas3D modelreconstructiorof trees
in aforest. Forestexpertscanusethese for exampleto calculatethe wood volumeandothergeometricparametersallowing to drav
conclusionsaboutthe timber quality. The reconstructiorof the tree crowns is the basisfor investigationsabouthe vitality or the
competitve statusof foresttress.The ability to createexplorablethree-dimensionahodelsof the foreststandss anothergoal of this

approach.

A crucial phasen the reconstructiorprocesss segmentationof the laserpointsaccordingto the differentbrancheof thetree. As a
result,to eachpointalabelis assignedhatis uniquefor eachbranch whereagpointsareremoved (labeled0) thatdo not belongto the

stemor a significantbranch(leafs,twigs, noise).

Theproblemresembleshatof recognizindinear structureds 2- dimensionaimagery suchasroadsin aerialphotographyTherefore
we decidedto tackleit in a similar manner i.e. by transferringa variety of image processingoperatorsto the 3D domain, such
aserosion,dilation, overlay, skeletonizationdistancetransformand connecteccomponentabeling. Also Dijkstra’s shortest-route

algorithmplaysanimportantrole duringthereconstruction.

1 INTRODUCTION

The generalaim of the project Developmentof Algorithms for
the Separationof Tree Crowns from TerrestrialLaser Scanner
Datg which is a subprojectwithin NATSCAN — LaserScan-
ner Systemsfor Landscapdnventoriesis the reconstructiorof
leaf treesand coniferoustreesfrom terrestrially capturedlaser
scannedata. Reconstructiorof treesmeanghatthe diameterof
branchesandtheir location (i.e. startand end point) have to be
determinedThis shallbe performedautomatically

A suchdetailed3-dimensionamodelof a singletreescould be
usede.g. for examinationson correlationsof ervironmentalin-
fluencesandtree morphology A modelconsistingof all recon-
structedtreesof a scannedareacan sere asa basefor visual-
izationsandvirtual reality applications.It is alsoapplicablefor
analysisof forestalstructuresandhabitats.

Programsfor the aborementionedaskswere developedby the
Sectionof Photogrammetnand RemoteSensing Delft Univer-
sity of Technology Datasetdrom treesare provided by the In-
stitute for ForestGrowth (IWW), University of Freilurg. One
plot (i.e. onelocationin a forest) is capturedby one or more
positioningsof the laserscanner The datasetsare orientedrel-
ative to eachother(i.e. registered). The datawas capturedwith
Zoller+Frdhlich laserscannersaindprovidedin the form of point
clouds(sequencef (x,y, z)-triples).

In orderto acquirecompletetree modelsandto reduceocclu-
sions,the plot is scannedrom multiple positioningsso thatthe
interestingtreesare covered from all aroundwith scanpoints.
Tametsarelocatedin the scanareaso thatthe single scanpoint
cloudscanbematchedogethe(registeredafterwards. Themea-
suremensetupis describedn detailin [Simonseetal, 2003 and
[Thiesetal, 2002.

At the final stageof the reconstructioncylinder fitting is car
ried out for eachof the significantbranches:a cylinder is fitted
throughthosepointsthatareat the surfaceof a particularbranch
[PfeiferandGorte,2004. Beforethisis possible however, it is
necessaryo have a roughideawhich pointsbelongto that par
ticular branch,in otherwordsto know theinitial subsebf points

thatshouldbe involvedin thefitting process.This processtself
will be ableto identify erroneouspoints (thatdo not fit) within
theinitial subsetandpossiblyto addpointsto the subsethatare
in thevicinity andfit onthe samecylinder.

The crucial pointin theabove is to detectstructuresn the point

cloudwhichrepresenamainbranch(thosethathave asignificant
amountof wood). Besidespointsthatdo not seemo correspond
to ary mainbranchmustbeidentifiedasnoise. Thisis the prob-

lem addresseth this paper We are presentingan algorithmthat

subdvides (segments)a laserpoint cloud of a treeinto subsets
thatcorrespondo themainbranches.

Thealgorithmsegmentsa point cloudaccordingto branchesand
at the sametime identifieshow the branchesare connectedo
eachother As aresult,a "tree” datastructureis constructed,
whichrepresentshetopologyof the branchewithin atree.

Basically thetaskof thealgorithmboils down to detectingelon-
gated, cylindrical structuresin a point cloud. However, point
cloud segmentationcan be consideredh difficult subject,espe-
cially in presenceof the before-mentionedoise, gapswithin

branchegmissing points, e.g. causedby occlusionsby other
branchespandvarying point densitieqasa resultof varyingdis-
tancefrom thescanner)To establisithetopologyof branche®n

thebasisof point cloudsis anunsolhed problemaswell.

Thereforewe decidedto performthis partof the analysisin the
three-dimensionakasterdomain.

2 RASTER DATA STRUCTURES

It is not uncommonto perform certainstepsin processingir-
bornelaser(LID AR) point cloudsin the 2-dimensionadrid (im-
age)domain. Quite naturally a LIDAR point cloud represents
a 2.5D surface. When corvertedto a 2D grid, grid positions
are definedby the (x,y) coordinatesof the points, and their z-
coordinatesleterminghe pixel values.Dependingonthechosen
spatialresolution,i.e. the size of eachpixel in the terrain,some
accurag is lostduringthecorversion,sinceplanimetric(x, y) po-
sitionsarenotrepresentedxactly anymore. Two additionalprob-
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lemsmay occur At onehand,several pointsmay endup in the
samepixel, andthe pixel valuewill have to be afunction of the
differentz-values(average median,minimum, maximum,etc.),
which implies that someinformationis lost. At the otherhand,
theremay be grid positionswithout ary laserpoints. Underthe
assumptiorthatthe surfacedoesnot have holes,interpolationis
requiredto fill theemptygrid positions.

To the resulting regulargrid DSM, image processingopera-
tions can be applied to perform certain analysis functions.
Examplesare thresholdingto distinguish betweenterrain 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,200(, andregion growing to identify
planarsurfacegGeibelandStilla, 2000.

2.1 From Imagesto Voxel Spaces

As opposedo the 2.5D airbornecase,point cloudsobtainedby
terrestriallaserscanningare truly 3D. It may be arguedthat a
terrestriallaserscannetocatedat a certainpositionrecordsdis-
tancesasafunctionof 2 angleswhichstill couldbe considered
2.5Dresult(Fig. 1), but especiallywhenrecordingsrom several
positionsare combined thereis not a single surfacethat canbe
modeledby z= f(x,y) or by d = f(¢,0) asthereis in the2.5D
case(Fig. 2).
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Figurel: Terrestriallaserscanof atreerecordedfrom onescan
position.

Corverting suchpoint cloudsto a 2D grid would causea great
loss of information. In this paper we adoptthe alternatve ap-
proachof converting a 3D point cloud into the 3- dimensional
grid domain. The cellsin a 3D grid aresmall cubescalledvox-

els(volumeelementsasopposedo pixelsor pictureelementsn

2D). Thesizeof thegrid cellsdeterminesheresolutionof the3D

grid. The3D grid spacecanbethoughtof asa numberof images
stacled asplaneson top of eachothet sothe positionof a voxel

is identifiedby a (plane line, column)triplet (Fig. 3). Duringthe

corversionof apoint cloudto a 3D grid, the (x, Y, z) positionof a

point, togethemwith the choserresolution determineshe (plane,
line, column)positionof the correspondingoxel.
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Figure 2: Terrestriallaserscanfrom 4 scanposition combined
into asinglepoint cloud.

columns

(0,0,0)

planes

z
y
X
——

Figure 3: 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
value 0 andto the otheronesvalue 1. Theresultis a binary 3D
grid, with objectand backgroundvoxels. Note thatin caseof
laserscanningthe objectvoxels will bethe surfacesof the real-
world objects. A slightly moreadwancedschemes to countthe
numberof pointsthatfalls into eachgrid cell andto assignthis
numberasavoxel value. Semanticallyvoxel valuesnow denote
laserpoint densitiesandquite naturallythe emptyvoxelsremain
0. If the laserscannerecordsthe intensityof the returnedaser
beam thenthis canalsobe usedasa voxel value. This resultsin
a 3D grey scaleimage, ThevalueO canstill be usedto represent
empty voxels, taking into consideratiorthat surfaceswith a re-
flectedintensityof O do notexist, or atleastwill notberecorded.
Semanticallyhowever, sucha0-valueis differentfrom the other
ones sinceblackis notthe sameasempty
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3 3D RASTER PROCESSING

Similar operationsasin 2D imageprocessing:an be appliedto

the 3D voxel spaces.For examplethresholdingpoint densities
may helpto distinguishbetween’significant” objectvoxels and
thosecontainingnoise(Fig. 4).

| VRMLView Pro [rend.uri]

Figure4: Treeafterrasterizatiorandthresholdingon numberof
pointspervoxel.

3.1 Neighborhood Operators

Neighborhoodoperatorsconstitute an important class of 2D

image processingoperators,ncluding filters (discreteconvolu-

tions), morphologicoperationgdilation, erosion,opening,clos-
ing) anddistancetransforms.The purposeof this paperis to in-

vestigatethe use of 3D neighborhoodoperatorsin the 3D do-

main for modelingtreesusingterrestriallaserscansrecordedn

aforest.3D neighborhood$ave to betakeninto accountwhich
meansthat filter templateg(corvolution kernels,morphological
structuringelementspecome3 dimensionakswell, i.e. consist
of planesjinesandcolumns(Fig. 5).

Figure5: 3D Filter kernelsandstructuringelements.

Mathematicamorphology{Serra,198] is a settheorybasedap-
proachto processingligital rasterdata. It fits quite naturallyto
binaryimagesandrastermaps whereobjects(setsof objectpix-
els) aredistinguishedrom a background.The operationssene
to shrink and enlage objects,suppressbinary’ noise, remove
smallobjectsfill holesandgapsin/betweenargerobjectscount
andlabel objects,recogniseobjectstructuresetc. etc. We have
appliedthe 3D extensionof morphologicalclosingto “fill” the
stemandthemainbranche®f thetreewith objectvoxels— after
rasterizatiorandthresholdingon densitytheseare hollow, since

objectvoxels arefound only at the surfaces(Fig. 6). It should
benoted thatgray scaleextensionf mathematicainorphology
have beendevelopedaswell.

[

Figure6: Crosssectionthroughtreestembeforeandafter mor
pholicalclosing.

The convolution type of filters finds its origin in 1-dimensional
signal processingand was extendedto the 2D image domain.
Whereasa signalcanberegardedasa continuousunction (such
asavoltageasfunctionof time),andanimageasa continuouD

function (gray level asfunction of (x,y)-position),digital image
processingequiressomediscretizationyegardingdomainof the

function (into pixel positions),aswell asits range(into discrete
gray levels). The operationstherefore aresuitablefor digitally

processingyray level imagery

At a higherlevel, 2D operationdike connectedccomponenta-
beling,distancearansformandskeletonizatiorcanbe extendedo
3D. In thesecasesthe benefitof voxel spacescomparedo the
original pointcloud,liesin theimplicit notionof adjaceng in the
former

3.2 Connected Component Labelling

Above, we mentionedhe notion of objectandbackgroundoix-
elsin binaryimagesandtheir 3D equivalentsin voxel spacesit
is commonto considergroupsof adjacentobject pixels as sin-
gle objects. In otherwords,ary two objectpixels belongto the
sameobjectif andonly if asequencef objectpixels existsthat
containghesewo pixels,suchthatarny two consecutie pixelsin
thesequencareadjacentAn algorithmthatidentifiesobjectsin
theimageandassignlabelsall to objectspixels thatare unique
for eachobject,is commonlyreferredto asconnecteadomponent
labelling

When determiningpixel adjaceng in 2D it hasto be decided
whetheronly horizontalandverticalneighborsaareconsideredd-
jacent(4-adjaceng), or also diagonalneighbors(8-adjacenyg).

Note that when 4 adjaceng is assumedor objects,the back-
groundis bestconsidered-adjacentyice versa. The first view

regardsa chesshoardasa white backgroundwith a lot of small
blackobjects;in thesecondt is seerasasingleblackobjectwith

alot of white holes.

In the 3D case,a voxel has26 neighbors;looking at voxels as
cubesthattogetheffill thespacep of theneighborssharea face,
12 sharean edgeand8 sharea cornerwith the voxel undercon-
sideration. This leadsto a distinction between6-adjaceny, 18-
adjaceng (6+12) and 26 adjaceng (6+12+8). Which of these
views is mostappropriatedependsnostly on theresolutionwith
respecto the (expected)size of objectsconsidered.Whenin a
‘poor’ resolutiorthethicknesof linearobjectsis smallcompared
to thesizeof avoxel, 26-adjacengwill berequired.Otherwiseit
mayhapperthatvoxelsbelongingto thesamereal world’ object
do not belongto the samegroup. At the sametime, 6-adjaceng
will beassumedor the background With high resolutionssuch
that ary crosssectionof objectscontainsmultiple voxels, 6-
adjaceny for objects(and26-adjaceng for thebackgoundmay
be considered ‘cleaner’ solution,with lessprobabilityto create
falseconnectiondetweemearbyobjects.18-adjaceng is nota
goodcompromisesinceit leadsto object/backgroundnomalies.
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In forestlaserscanswe assumehatthe stemandmainbranches
of atreetogetherform oneobject,andthatdifferenttreesarefar
enoughapartfrom eachotherasto belongto differentobjects,
evenunder26-adjaceng for objects.Although our scansarein-
tendedto capturesingletrees,it cannotbe avoidedthat partsof
other treesare recordedat the sametime. 3D connectedcom-
ponentlabelling is thereforeappliedto distinguishbetweenthe
trees,andthe largestcomponen{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 anetwork (suchasaroadnetwork thathasbeendetectedn
an aerial photograph)the connectiondbetweenthe objects(i.e.
the objecttoplogy) is presered. The numberof objectsis not
changedby skeletonization. When both connecteccomponent
labellingandskeletonizatiorareto beapplied,the orderin which
theseoperationareperformeddoesnot matter

Differentversionsof skeletonizationexist, accordingto whether
‘loose’ endsof lines becomeshorterof not, or whethercertain
kinds of extremitiesare presered or removed. In all cases8-
adjaceng is assumedor objects,and thereforethe remaining
numberof objectpixelsis minimal underthe constraintof topol-
ogy preseration.

Skeletonizationhas been a difficult problemin 2D and even
more so in 3D, but novadaysvarious solutionscan be found
in literature[Borgeforsetal, 1999, [Lohou andBertrand 2007,
[Palagyietal, 2001, [TeleaandVilanova, 2003.

In 3D, a distinction hasto be madebetweensurface and line

skeletonization. Both variantsiteratively ‘peel’ layersof vox-

els from the outsideof objectsuntil the minimum is reached.
Remawing one more voxel would createa hole. Surfaceskele-

tonizationstopswhen surfacesare formed that cannotbe made
thinneranymore (whenthick walls have becomethin foils). Line

skeletonizationcontinuesuntil only linear structuregemain. In

all cases26-adjacengis assumed.

Someapproachesanbe subdvided accordingto the numberof
subiterationsvithin eachiteration. Thisnumbercanbe6, 8 or 12,
dependingonwhethera cubicobjectto be skeletonizedvould be
‘attacked’ from thefacescornersor edgesrespectiely. For this
projectwe implementedan 8-subiteratiormethod,describedby
[PalagyiandKuba,1999, which shavs excellentperformance.

In our application,we apply line skeletonizationto reducethe
thicknessof tree trunks and branchedo onevoxel. After that,
it will be possibleto identify differentbranchesandreveal topo-
logical relationsbetweerthem(Fig 7). Notethatskeletonization
only remoresobjectvoxels andnever introducesnew ones.The
skeletononly containsexisting objectvoxels. This explainsthe
importanceof filling the ‘hollow’ stemandthick branchegFig.

6 abore). As aresult, the skeletonwill be locatedcentrallyin

the interior of these,whereasotherwiseit would have to spiral

somehw overthesurface.

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-
pearfrom bigger ones, object voxels may have three or more
neighbors. Unfortunately whentwo branchesare nearto each
other(comparedo the voxel size),ambiguitiesmay arise. Also
it is not alwayspossibleto exactly distinguishbetweenunction
voxelsandothervoxelshby justcountingthe numberof neighbors

Cuads ' 2084 -!
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Figure 7: Skeletonizationappliedto the largestconnectectom-
ponent,.e.themaintreein thedataset.
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Figure 8: 2D illustration of skeleton sggmentation. A. input
skeleton;B. graphnodesandedgesC. spanningreewith short-
estdistancesD. sggmentsandtopology

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

As suggestedby [Palagyi,2003 this stepis basedon Dijkstra’s
algorithm,a well-known methodfor finding shortestroutesin a
weighteddirectedgraph(representingfor example,a road net-
work).

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

In this graph,Dijkstra’s algorithmsfinds for eachnodethe short-
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estrouteto adestinatiomode(theroot!). Thecollectionof short-
estroutedeadingfrom arywhereto therootformsaspanningree
of the graph,which providesa logical modelfor atreein aras-
terizedlaserpoint cloud. Any ambiguities,suchasloopscaused
by falsely-connectetiranchesareresohednow (Fig. 8.C).

After the algorithmfinishes,eachnode(exceptthe root) knows

its parent,the next nodealongthe shortestouteto the root. By

traversingthetreeoncemoreit is easyto find branchesandjunc-

tions,thelatterbeingnodegvoxels)thatappeamasa parentmore
thanonce. During this traversaleachvoxel is assigneda unique
branchidentificationnumberandtheresultis asggmentedskele-
ton. Eachtime ajunctionis found, a new identificationnumber
is givento this voxel andto the othervoxelsin the samebranch
closerto theroot.(Fig.8.D, Fig. 9).

| VRMLView Pro [rend.uri]
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Figure 9: Seymentedskeleton: every branchobtainsa unique
value(branchlabel).

3.5 Distance Transform

After sggmentingthe skeletonof a treeinto differentbranches,
the next stepis to sggmentthe remainingvoxels of the tree.

Themethodwe designedassigngo every non-slkeletonvoxel the

numberof the nearestbranchin the segmentedskeleton. This

is implementedy a distancetransform,a well-knowvn rasterop-

erationthat givesto every backgroundpixel (or voxel) the dis-

tanceto the nearestobject. When acceptingapproximatedis-

tancegqwith lessthan2% averageerror),very efficientalgorithms
exist [Borgefors,199. A small modificationto the algorithm

allows to uselabeledobjectpixels and calculatefor eachback-

groundpixel not only the distanceo the nearesbbjectpixel, but

alsorecordits label (Fig. 10).

3.6 Poaint cloud labelling

As thefinal sggmentatiorstep,branchlabelsareassignedo the
original laserpoints. This is doneby examining for eachpoint
which was the correspondingroxel during the initial rasteriza-
tion. The label that hasbeenassignedo this voxel during the
abore-describedsggmentationprocess,is now assignedo the
laserpointaswell.

Note that a large numberof laserpoints went into voxels that
finally did not obtaina branchlabel: voxels that were removed
becausef insuficient point density(Section2.2), but alsothose

Cuads & 11608
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Figure10: Sgmentedsoxel spacewith branchlabelsassignedo
all voxels.

belongingto othercomponentgSection3.2). Thesevoxels are
notincludedin thelabeledset(Fig 11).

Figure1l: Sggmentedpoint cloudwith branchlabelsassignedo
laserpointsandotherlaserpointsremoved.

4 CONCLUSIONS

The above is a descriptionof a pipelineto segmentpoint clouds
of terrestriallylaserscannedreesinto different brancheqFig.

12). It is basedn a carefullyselectedandimplementedsetof 2D

rasterandimage processingoperatorsinto the 3D raster(voxel

spacedomain.Theoperatoraretakenfrom aratherwide range,
but they fit togetherwell andform a coherentsystem. The re-
sulting sgmentedpoint cloud can be easily split into different
branchespf whichthestartingandendingpointsarenow known.

Thelaserpointscannow besubmittedo thenext phasen there-
constructiorprocessi.e. cylinder fitting, onebranchatatime.
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Figure 12: Rasterprocessingvork flow. The arrows represent
processingtepsjabelledby thenamesof thecorrespondingou-
tines.
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