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Abstract

Cutting up a comple objectinto simpler sub-objectss a funda-
mentalproblemin variousdisciplines.In imageprocessingimages
are sggmentedwhile in computationalgeometry solid polyhedra
aredecomposedin recentyears,in computergraphics polygonal
meshesredecomposeihto sub-meshedn this paperwe propose
anovel hierarchicameshdecompositioralgorithm. Our algorithm
computesa decompositiorinto the meaningfulcomponentof a
given mesh,which generallyrefersto segmentationat regions of
deepconcaities. Thealgorithmalsoavoidsover-sggmentatiorand
jaggyboundariebetweerthecomponentsFinally, wedemonstrate
theutility of thealgorithmin control-sleletonextraction.

Keywords: Mesh decomposition meshsegmentation,control-
skeletonextraction

1 Introduction

A hard problemmight becomeeasierif only the objectsat hand
could be cut up into smallerand easierto handlesub-objects.In
computationafjeometry solid corvex decompositiorhasbeenex-
haustvely investigatedChazelleand Palios 1994]. Similarly, in
imageprocessingimagesementatiorhasbeenconsidereda fun-
damentalproblem, which is a necessanpre-processingtep for
mary higherlevel computervision algorithms[Sharonet al. 2000;
ShiandMalik 2000]. Thelastfew yearshave witnesseda growing
interestin meshdecompositiorfor computergraphicsapplications
[Chazelleet al. 1997; Gregory et al. 1999; Manganand Whitaker
1999;Li etal. 2001;Shlafmaretal. 2002].

Mesh decompositiorbene ts mary applications. In metamor
phosis[Gregory et al. 1999; Zockler et al. 2000; Shlafmanet al.
2002], meshdecompositionis usedfor establishinga correspon-
dence. CompressiorfKarni and Gotsman2000] and simpli ca-
tion [Garlandet al. 2001; Zuckerbeger et al. 2002] usedecom-
position for improving their compressiorrate. In 3D shapere-
trieval, adecompositiorgraphsenesasa non-rigidinvariantsigna-
ture[Zuckerbegeretal. 2002]. In collision detection,decomposi-
tion facilitatesthecomputatiorof bounding-wlumehierarchiegLi
etal. 2001]. In texturemapping parameterizatiois appliedto each
componenfLevy etal. 2002]. Otherpotentialapplicationgnclude
modi cation andmodelingby parts.

Figurel: Decompositiorof adino-pet

Several approachesiave beendiscussedn the pastfor decom-
posingmesheslin [ChazelleandPalios 1992;Chazelleetal. 1997]
corvex decompositionschemesare proposed,where a patchis
calledcorvex if it lies entirely on the boundaryof its corvex hull.
Cornvex decompositiongreimportantfor applicationssuchascol-
lision detection. However, small concaities in the objectsresult
in over-segmentation,which might posea problemfor other ap-
plications. In [Manganand Whitaker 1999] a watersheddecom-
positionis described.In this case,a post-processingtepresohes
over-segmentation.One problemwith the algorithmis the depen-
deny on the exact triangulationof the model. Furthermore the
meaningfulcomponentsgven planarones,might get undesirably
partitioned.In [Garlandet al. 2001],faceclusteringis proposedo
thatthe clustersmay be well approximatedvith planarelements.
This algorithmis useful for simpli cation andradiosity and less
for applicationsseekingthe meaningfulcomponents.In [Li etal.
2001], skeletonizatiorandspacesweepareused.Nice-lookingre-
sultsareachieved with this algorithm.However, smoothingeffects
might causethe disappearancef featuresfor which it is impossi-
ble to geta decomposition.In [Shlafmanet al. 2002]a -means
basedclusteringalgorithmis proposed. The meaningfulcompo-
nentsof the objectsare found. However, the boundariesbetween
the patchesareoftenjaggedandnot alwayscorrect.

In this paperwe proposea new algorithm for decomposing
meshes.Our work improves upon previous techniquesn several
aspectsour algorithmis hierarchicaljt handlesorientablemeshes
regardlessof their connectiity, andavoids over-segmentatiorand
jaggyboundariesWe elaboratebelaw.

Previous algorithmsproduce* at” decompositions.As a con-
sequenceshouldthe numberof componentdere ned, thewhole
decompositiorhasto be calculatedfrom scratch.Moreover, com-
ponentswhich belongto a re ned decompositiomeednot neces-
sarily be containedn component®f a coarserdecomposition.A
main deviation of our algorithmfrom previous onesis beinghier-
archical.

Anotherdeviation of the currentalgorithmis theway the bound-
ariesbetweencomponentsare handled. Previously, the focushas
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Figure2: Deformationof a dino-pet

beenon generatingeithermeaningfulcomponentor components
which comply with certaingeometricproperties. The boundaries
betweenthe componentshowever, were a by-productof the pro-
cess. As aresult,the boundariesvere oftentoo jagged[Chazelle
etal. 1997; Manganand Whitaker 1999; Shlafmanet al. 2002] or
too straight[Li et al. 2001] in a way that did not always t the
model.Thecurrentalgorithmaimsatavoiding jagginessby specif-
ically handlingthe boundaries.

Finally, thealgorithmavoidsover-segmentatioranddecomposes
the objectsinto meaningfulcomponentsA meaningfulcomponent
refersto acomponentwhich canbeperceptuallydistinguishedrom
theremainingobject. Theboundariebetweerthemeaningfuktom-
ponentspassat regions of deepconcaities [Biederman1987], as
illustratedin Figure 1, wherethe dino-petis decomposedhto its
organs.(Eachcomponents coloreddifferently)

To demonstratahe usefulnesof the algorithm, we shav that
decompositiomivesriseto anautomaticgenerali.e.,mesheseed
neitherbe closednor -manifolds),fast,andsimple algorithmfor
extracting control-slkeletons[Gag\wani et al. 1998; Teichmannand
Teller 1998; BloomenthalandLim 1999; Wadeand Parent2002].
Sinceskeletonextractionis doneautomaticallyskeletalanimations
canbe createdby novice userg(Figure?2).

Therestof thispapelis structuredasfollows. Section2 describes
theproblemandoutlinesour hierarchicadecompositioralgorithm.
Section3 discusseshe detailsof the algorithmfor the binarycase,
whereasSection4 describeghe extensionto the -way case.Sec-
tion 5 shavs someresults. Section6 presentghe control-skeleton
extractionapplication. Finally, Section7 concludesanddiscusses
futuredirections.

2 Overview

This sectionbegins with a few notationsandthenprovidesanout-
line of ouralgorithm.Let beanorientablemesh.It needneither
betriangulatedhor closedor a -manifold. (Non-manifoldmeshes
mightyield lessexpectedresults.)

De nition 2.1 k-way Decomposition: is a k-way
decompositiorof 0] , , (i),

is connected(iii) , and areface-wise
disjointand (iv)

De nition 2.2 Binary Decomposition: is a binary decom-
positionof ifitisa  waydecompositionvith

De nition 2.3 Patch: Given
tionof ,eadr iscalledapatc of

, a k-way decomposi-

The algorithm proceeddrom coarseto ne. Eachnodein the
hierarchytreeis associatedvith a meshof a particularpatchand
therootis associateavith thewholeinputobject. At eachnode the
algorithmdetermines suitablenumberof patches , andcomputes
a -waydecompositiorof this node.If theinput objectconsistf
multiple connecteccomponentsthe algorithmis appliedto each
componenseparatelyThe examplesin this papercontaina single
connectedomponentwhichis themorechallengingcase.

A key ideaof ouralgorithmisto rst nd themeaningfulcompo-
nentswhile keepingtheboundariebetweerthecomponentfuzzy.
Then,the algorithmfocuseson the smallfuzzy areasand nds the
exactboundariesvhich go alongthefeaturesof the object.

To nd fuzzy componentsyerelaxtheconditionthateveryface
shouldbelongto exactly onepatch,andallow fuzzy membership.
In essencethisis equivalentto assigningeachfacea probability of
belongingto eachpatch.Thealgorithmconsistsof four stages:

1. Assigningdistancedo all pairsof facesin themesh.

2. After computinganinitial decompositionassigningeachface
a probability of belongingto eachpatch.

3. Computingafuzzy decompositiorby re ning the probability
valuesusinganiterative clusteringscheme.

4. Constructingthe exact boundarieshetweenthe components,
thustransformingthefuzzy decompositionnto the nal one.

Forinstancewe wishto partitiontheobjectsin Figure3 into two
componentsAfter computingdistanceseachpolygonis assigned
a probability of belongingto the patches.In Figure 3(a), a green
polygonhasa high probability of belongingto the back(or upper)
patch.Conversely ablue polygonhasa high probabilityof belong-
ing to thefront (or lower) patch.Thefuzzy decompositiotis shavn
in Figure3(b), wherethe fuzzy regionis drawvn in red. Figure 3(c)
illustratesthe nal binarydecompositionaftertheexactboundaries
arefound.

3 Algorithm - the binary case

This sectiondescribessachstageof the algorithmfor the binary
case(i.e., eachnodein the hierarchyis decomposedhto two sub-
meshes)An extensionto the  way caseis presentedn the next
section.

3.1 Computing distances

Theprobabilitythatafacebelongsto a certainpatchdepend®nits
distancerom otherfacesin this patch.The underlyingassumption
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Figure3: Binary decomposition

is thatdistantfacesbothin termsof their geodesidistanceandof
their angulardistance arelesslikely to belongto the samepatch
thanfaceswhich areclosetogether

Given and ,two adjacenfacesand , theanglebetween
their normalswe de ne theirangulardistanceto be

When , convex and concae dihedral anglesare treated
equally Sincea concae featuremakes a better candidatefor a
boundarywe checkfor convexity prior to computingdistancesA
small positive is usedfor convex anglesand is usedfor
concae angles.

Let be the averagegeodesiadistancebetweenthe
centersof massof all the adjacentfacesin the object, and

_ be the averageangulardistancebetweenthese

faces. Considerthe dual graphof the mesh,whereevery faceof
themeshis avertex in this graphandtwo verticesarejoined by an
arcif andonly if theircorrespondindacesareadjacentTheweight
of thearcconnectinghe dualverticesof and isthende ned
asfollows:

@)

The rst termis affectedby the geodesidistancevhereaghe sec-
ondtermis affectedby the angulardistance Note thatthe latteris
zerowhenthefacesarecoplanar The denominatoreducesffects
thatmayappearor similar objectshaving differentsamplingrates.
Given ary pair of facesonthemesh and , their distance
is de ned to bethe shortestpathbetweertheir dual
verticeson the dual graph. The distancesbetweenall pairs of
facesarecalculatednce,in apre-processingtep,usinganall-pair
shortestpathsalgorithm[Cormenet al. 2001], wherethe distance
betweenfaceswhich belongto differentconnecteccomponentss
de nedto be

3.2 Initialization and assigning probabilities

Duringaninitializationphase, faceswvhichareconsideredherep-
resentativesf the initial patchesarechosen.n thebinarycase,
theinitial pair of representates and (representing
patches and |, respectrely) is chosersuchthatthedistancebe-
tweenthemis thelargestpossible.

Our goal is to assigneachface its probability of
belongingto patch . Let and

(c) decomposition

. Wede ne (andequwalently ) as

follows:

@)

It canbe easilyveri ed thatif afaceis closerto patch than
to , theprobability of belongingto s largerthanthe probabil-
ity of belongingto , andvice-versa. Moreover, a facewhich is
equallydistantfrom andfrom is aslikely to belongto oneas
to the other Finally, , ,

andfor all otherfaces

3.3 Generating a fuzzy decomposition

Oneway to obtaina decompositionis to applya -meanscluster
ing schemgDudaandHart1973]asdonein [Shlafmanetal. 2002].
Our goal, however, is to constructa fuzzydecompositionthuswe
usefuzzy clustering.

Let beafacerepresentingpatchandlet beaface.Thegoal
of our algorithmis to clusterthe facesinto patchesy minimizing
thefollowing function

@)

During aninitialization phasea subsef representatives
is chosenasdescribedabore. Then,the algorithmiterateson the
following steps.

1. Computethe probabilitiesof facesto belongto eachpatch,as
describedn Equation2.

2. Re-computethe set of representates
functionin Equation3.

, minimizing the

3. If is differentfrom , set andgobackto 1.

Choosingthe setof new representaties(i.e., Step2) is doneby
usingthefollowing formulas:

Next, if theprobabilityof afaceof belongingto apatchexceedsa
certainvalue, it is assignedo the patch. Thereare,however, faces
which are almostaslikely to belongto one patchasto the other
In this case,the facesare considereduzzy. In the binary case,
the meshis decomposedéhto threepatches , and , where
containsall the faceswhich are (almost)aslikely to belongto
asto . Thisis doneby partitioningthe facesasfollows andis
illustratedin Figure3(b) where istheredregion.

A practicalproblemwhich arisesin this stepis the dependence
of the probability valueson the speci ¢ representatie of thepatch.
Onewayto overcomethis problemistore-de ne  and  using
the averagedistances: and

. Empirically, this de nition improvesthe
resultsandexpeditescorvergence.
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Figure4: Hierarchicalbinary decompositionsf adove

3.4 Generating the nal decomposition

In the previous stagethe meaningfulcomponentsvere found but
nottheexactboundanbetweerthem. Thegoalof thecurrentstage
is to constructhis boundarywithin region . Oncetheboundaryis
determinedthefacesof areassignedo eitherpatch or patch

We formulateour problemasagraphpartitioningproblem.Con-
siderthedualgraphof themesh andthesetof thedual
verticesof patches and , and respectiely. Our goal
is to partition  into two subsetsof vertices and , such
thatthe disassociatiometween  and is minimized. We are
essentialljlooking for a constrainedninimumecutin , requiring
that:

is minimal.

We denotethedualgraphof by andthe set
of all verticesin ~ whosecorrespondingacesn shareanedge
with facesin by (resp., ). We now constructan undi-
rected o w network graph addingtwo new vertices

and , asfollows (Figureb).

(4)

N

Figure5: The o w network graph,where istheredregion

Next, the capacitiesof the arcsneedto be de ned. Thereare
mary waysto de ne capacitieswithin this framewvork. The key
principle is that the minimum cut tendsto passthrougharcswith
smallcapacitiesWe experimentedvith variouscapacityfunctions,
somewhichtake only dihedralanglesnto accountaindotherswhich
alsotake arclengthinto account.We foundthefollowing function

to producegood results. For two vertices and , let be
the angle betweenthe normalsof their dual faces. The capacity

is de ned asfollows (wherethe averagefactorhandles
precisionproblems):

if
®)

else

A boundarybetweenthe componentgannow be found by ap-
plying a maximum ow (minimum cut) algorithm from  to
(e.g.,[Cormenet al. 2001] [Goldbeg and Tarjan 1988]). By the
de nition of , the cuttendsto passthroughedgeshaving
highly concae dihedralangles.

3.5 Stopping conditions

Eachnodein the hierarchyis recursvely decomposedntil atleast
oneof thefollowing conditionsis met: (a) thedistancebetweerthe
representatiesis smallerthana giventhreshold;(b) the difference
betweerthemaximaldihedralangleandtheminimaldihedralangle
is smallerthanathreshold sothatpatcheshaving afairly constant
cunaturewill notbedecomposedi) theratiobetweertheaverage
distancen the patchandthat of the overall objectdoesnot exceed
athreshold.Sincethe averagedistancecaptureshoththe size(i.e.,
thegeodesiaistanceandthe angularinformation,furtherdecom-
positionis unnecessarwhenbotharesmallrelative to the original
object.

Figure4 demonstratesesultsof a hierarchicabinarydecompo-
sition. Note how thedifferentorgansareprogressiely extracted.

4 Algorithm - the k-way case

A way decompositions a generalizationof the binary case.
Thereare, however, threeissueswhich requireexplanation. The
rst issueis the determinatiorof the numberof patchesa nodein

the hierarchyshouldbe decomposeihto. The secondssueis the
assignmenof probabilities. Thethird issueis the extractionof the
fuzzy area.We discusgheseissuedelow.

Unlike the binary case,in the  way case the representates
arechoseniteratively. The rst representate is assignedo bethe
face having the minimum sum of distancesfrom all other faces.
This is donein orderto representhe main “body” of the object.
Then, representaties are added,eachin turn, so asto maximize
theirminimumdistancedrom previously assignedepresentates.

Theremainingguestionis hov mary representatiesto add. We
look at the following function which is the minimum distanceof
the  representate from previously assignedepresentates:

Olwviously this functiondecreaseaswe addmorerepresentates.
Empirical experimentsshav that after assigningrepresentatesto
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Figure6: Determiningthe numberof patches

all themajorpartsof anobject,addingonemorerepresentatie will
causea largedecreas®f . This obsenationaidsin determining
the numberof components . We choose to be the value that
maximizeghe rst derivative of . SeeFigure6.

Thesecondssueis the assignmenof probabilities.For arepre-
sentate, the probability of belongingto its own patchis de nedto
be . Otherwisefor aface ,theprobability of belonging
to patch isde nedas:

It canbe easilyveri ed thatthis functionis an extensionof the
binary case.Moreover, complieswith the following con-
straints:(1) , (2) thesumof the probabilitiesis

, and(3) asthedistanceof a facefrom arepresentade increases,
the probabilityto belongto this patchdecreases.

Thethird issueis the extractionof thefuzzy areasoncethe com-
ponentshave beenfound. We considereachpair of neighboring
componentandproceedsimilarly to thebinarycase.

Figures7—8demonstratseveral hierarchicak-way decomposi-
tions.

The overall computationalcomplity of the algorithms is

where is the numberof verticesand

is the numberof iterationsin the meansalgorithm. The rst
phase,distancescomputation,is done once, in a pre-processing
step,usingDijkstra's algorithmin . The next phases
involve aniterative algorithmwherefacesare assignedo patches
andare performedin . (In the actualimplementation is
boundedby a constant.)Finally, the minimum cut canbe foundin

[Goldbeg and Tarjan1988]. In our case,the mini-
mum cuts are computedwithin the fuzzyregions. Thus, this step

(a) rst level (b) secondevel

(c)third level (d) fourth level

Figure7: Hierarchicalk-way decompositiorof adino-pet
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Figure8: Hierarchicalk-way decompositionsf a cheetarandaninnerpartof ahumanear

costs where isthesizeof thefuzzyregion.

5 Results

In orderto handlelarge models,we utilize the consisteng in the
way similar objectsaredecomposedThe procedurdor decompos-
ing large modelsconsistsof four stages.First, the modelis sim-
plied [GarlandandHeckbert1997]. Second.a decompositioris
computedor the simpli ed modelusingour algorithm. Third, the
boundariedound for the simpli ed model are usedto de ne the
fuzzyregionsin the original model, by “projecting” the facesad-
jacentto the boundariego the original model. This projectionis
performedby assigningeachfacein the original modelto the patch
containingtheclosesfacein thesimpli ed model,wherevoxeliza-
tionis usedto furtheraccelerat¢his step.Fourth,theminimumcuts
arecomputedn thesefuzzy regions(in the original model),which
arevery small. In orderto avoid erroneousprojections,this pro-
cessis performedprogressiely, usingsimpli ed modelsat various
simpli cation levels.

Figure9 shavs several objectsat differentlevels of hierarchyas
decomposedby our algorithm, wherefor Figures9(e)-(f), a sim-
pli cation wasapplied,asdescribedabore. The runningtimesfor
the objectsdescribedn this paperona MHz, Mb
RAM PC, vary between secondfor the mechanicapartand
seconddor the dino-pet( faces, levels of hierarchy). The
runningtimesof decomposing/enusandthe skeletonhand(Fig-
ure 9(e)-(f)), usingsimpli cation asdescribedabove, are sec-
ondsand secondsespectiely (includingloading,simpli ca-
tion andstoring).

Figure 10 demonstratesesultsof threealgorithms: [Li et al.
2001], [Shlafmanet al. 2002] and the algorithm describecdhere.
First, notice the boundariesbetweenthe backlegs and the body
Only in Figure 10(c), the “natural” oneswere extracted. Second,
theboundariesn Figure10(a)tendto bevery straightdueto space
sweepingutilized in the algorithm, whereasin Figure 10(b) the
boundariesare jaggy In Figure 10(c), the boundariegpassalong
the objects features. Finally, sinceour algorithmis hierarchical,
only the major organswere found, but not the smalleronessuch
asthe ngers andthetoes. Thelatterwould be extractedata ner
level of the hierarchyasshavn in Figure?.

An alternatie approacHo oursis to usegraphpartitioningmeth-
odsonthewholemodel,ratherthanon constrainedegions. Possi-
ble cutsareminimalcuts Theirdravbackis thatthey tendto favor

(a) alien—3999faces (b) camel-2674faces
6 patches 14 patches
(c) mechanicapart— 1270faces (d) heart- 1619faces
7 patches 4 patches
(e) Venus-67,170faces (f) skeletonhand- 654,666faces
3 patches 6 patches

Figure9: Decomposition®f variousobjects



(a)[Li etal] (b) [Shlafmanetal]

Figure10: Comparisorto [Li etal] and[Shlafmanetal]

small setsof isolatednodessincethe weight of the cut increases
with the numberof edgedWu andLeahy1993].

Anotheroptionis to usenormalizedcuts[Shi and Malik 2000],
which is an NP-completgoroblem. We implementedan extension
of [Shi andMalik 2000]to mesheswherethe weightis de ned to
take into accountboth the geodesiaistanceand the angulardis-
tance. Theresultsvaried. For someobjects,gooddecompositions
wereproducedvhile for otherobjects the meaningfulcomponents
were not found or the boundariesbetweenthem were jaggedor
step-wise. This canbe explainedby the fact that the cut approx-
imationmight causeartifacts.In addition,balancinghe sizeof the
partsneednotalways t themodel.

6 Contr ol Skeleton Extraction

Control skeletonsare bene cial for various applications,includ-
ing matching,retrieval, metamorphosigand computeranimation.
Previous algorithmsare basedon medial surfaceextraction[Gag-
vanietal. 1998;TeichmanrandTeller 1998;BloomenthafndLim
1999;WadeandParent2002],level setdiagrams[LazarusandVer-
roust1999]or ReebGraphs[Shinagava etal. 1991]. Meshdecom-
positiongivesriseto a novel control-sleletonextractionalgorithm,
wherethejoints arecalculateddirectly from the hierarchicalkstruc-
tureof thedecompositionThealgorithmis generali.e.,themodels
neednotbeclosedor 2-manifolds) fully automaticsimpleandfast.
It is thusbene cial for applicationgequiringautomatioraswell as
for novice usersof applicationswhereuserinterventionis accept-
ableor desirable.Figure 11 demonstratethe useof skeletonsfor
animatingotherwisestaticobjects.

The algorithmstartsby decomposinghe given model. It is es-
sentialthatfeaturesvhich dependnthepositionof anotherfeature
becomeits descendant® the hierarchy For instance the elbor
joint of a humanoidobjectshouldbe a descendanuf the shoulder
joint, sothata shouldemotionwill causeanelbor motion. A sim-
ple way to achieve this is to guarantedhat the decompositiorof
every nodein the hierarchyconsistsof a centralpatchconnectedo
all otherpatches.

To forcethis starshapediecompositiorstructure the decompo-
sition algorithmis slightly modi ed. We considerthe centralpatch
to betheonewhich containghe rst assignedepresentatie. After
decomposing given patch,the algorithmveri es thatthe decom-
positionis starshaped.If not, a patchwhichis not adjacento the
centralpatchis mergedwith a neighboringpatchwith whichit has
thesmallestaverageanglebetweertheir normalsalongthe cut.

Oncethehierarchicak-way decompositioris computedthe de-
compositiontreeis traversedanda tree of joints is generated At
eachlevel of the hierarchy joints betweerthe centralpatchandits
adjacenpatchesarecreated.Eachjoint is positionedat the center

(c) Ouralgorithm

of massof theboundarybetweerthe patchesEachnodein thetree
of joints is associatedvith a list of faces. Initially, the root node
is associatedvith the whole model. As the treeis traversedfrom
coarseo ne, therelevantfacesaretransferedrom a parentnode
toits children.

In orderto animatearticulatedobjects,it is necessaryo bind
thejoints andposeof the object. Eachvertex  of the meshis as-
signedaweight  indicatingtheextentto whichit belonggo joint

. The simplestapproachs to let be the percentagef faces
that belongto joint andadjacentto vertex . This guarantees
thataninternalvertex is boundonly to the patchit resideson, that
eachvertex correspondso atleastonejoint andthat
More advancedmethodsake alsothe cut's anglesinto account. Fl-
nally, to posethe object, a skeleton-subspacdeformationmethod
is used[Lewis etal. 2000].

Objectsare deformedby adjustingthe joints' anglesof their
skeletons.To computethe modi ed vertex positionwe usethefol-

lowing equatiofWeber2000]: where

is thenumberof joints,  istheoriginal vectorpositionof  rel-
ative to thecoordinatesystenof joint ,and isthetransforma-
tion matrix of joint . Thus,avertex whichbelonggo asinglejoint
hasa constantpositionrelative to this joint, while a vertex which
belongsto morethanonejoint is positionedbetweerthe locations
it would have, hadit belongecentirelyto eachof thejoints.

7 Conclusion

We have presentedan algorithm for hierarchicallydecomposing
meshes.The algorithm avoids jaggy boundariesas well as over
segmentation. The key idea of the algorithmis to rst nd the
meaningfulcomponentof the meshand only thenfocuson gen-
eratingthe exactboundariebetweerthe componentsTo nd the
componentshothgeodesiaistancesndcorvexity areconsidered.
Computingtheboundariess doneby formulatingthe problemasa
constrainechetwork o w problem. We demonstratethe applica-
bility of thealgorithmfor controlskeletonextraction.

Several enhancementsan be addedto our algorithm. For in-
stancedifferentdistanceunctionsanddifferentcapacityfunctions
canbe experimentedwith. Furthermore non-geometrideatures,
suchascolor andtexture, canbe embeddedn the algorithm. We
believe that the spectrumof applicationswhich will bene t from
meshdecompositiorwill further grow in the future. We are cur
rently looking at compressiormandtexture mapping.
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