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Abstract

Cutting up a complex object into simplersub-objectsis a funda-
mentalproblemin variousdisciplines.In imageprocessing,images
are segmentedwhile in computationalgeometry, solid polyhedra
aredecomposed.In recentyears,in computergraphics,polygonal
meshesaredecomposedinto sub-meshes.In thispaperwe propose
a novel hierarchicalmeshdecompositionalgorithm.Ouralgorithm
computesa decompositioninto the meaningfulcomponentsof a
given mesh,which generallyrefersto segmentationat regionsof
deepconcavities. Thealgorithmalsoavoidsover-segmentationand
jaggyboundariesbetweenthecomponents.Finally, wedemonstrate
theutility of thealgorithmin control-skeletonextraction.

Keywords: Mesh decomposition,meshsegmentation,control-
skeletonextraction

1 Intr oduction

A hard problemmight becomeeasierif only the objectsat hand
could be cut up into smallerandeasierto handlesub-objects.In
computationalgeometry, solid convex decompositionhasbeenex-
haustively investigated[Chazelleand Palios 1994]. Similarly, in
imageprocessing,imagesegmentationhasbeenconsidereda fun-
damentalproblem, which is a necessarypre-processingstep for
many higher-level computervision algorithms[Sharonet al. 2000;
Shi andMalik 2000]. Thelastfew yearshave witnesseda growing
interestin meshdecompositionfor computergraphicsapplications
[Chazelleet al. 1997;Gregory et al. 1999;ManganandWhitaker
1999;Li et al. 2001;Shlafmanet al. 2002].

Meshdecompositionbene�ts many applications. In metamor-
phosis[Gregory et al. 1999; Zockler et al. 2000; Shlafmanet al.
2002], meshdecompositionis usedfor establishinga correspon-
dence. Compression[Karni and Gotsman2000] and simpli�ca-
tion [Garlandet al. 2001; Zuckerberger et al. 2002] usedecom-
position for improving their compressionrate. In 3D shapere-
trieval, adecompositiongraphservesasanon-rigidinvariantsigna-
ture[Zuckerbergeret al. 2002]. In collision detection,decomposi-
tion facilitatesthecomputationof bounding-volumehierarchies[Li
etal.2001]. In texturemapping,parameterizationis appliedto each
component[Levy et al. 2002].Otherpotentialapplicationsinclude
modi�cation andmodelingby parts.

Figure1: Decompositionof a dino-pet

Several approacheshave beendiscussedin the pastfor decom-
posingmeshes.In [ChazelleandPalios1992;Chazelleetal. 1997]
convex decompositionschemesare proposed,where a patch is
calledconvex if it lies entirelyon theboundaryof its convex hull.
Convex decompositionsareimportantfor applicationssuchascol-
lision detection. However, small concavities 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-processingstepresolves
over-segmentation.Oneproblemwith the algorithmis the depen-
dency on the exact triangulationof the model. Furthermore,the
meaningfulcomponents,even planarones,might get undesirably
partitioned.In [Garlandet al. 2001],faceclusteringis proposedso
that the clustersmay be well approximatedwith planarelements.
This algorithm is useful for simpli�cation and radiosity, and less
for applicationsseekingthe meaningfulcomponents.In [Li et al.
2001],skeletonizationandspacesweepareused.Nice-lookingre-
sultsareachievedwith this algorithm.However, smoothingeffects
might causethedisappearanceof featuresfor which it is impossi-
ble to get a decomposition.In [Shlafmanet al. 2002] a

�

-means
basedclusteringalgorithm is proposed. The meaningfulcompo-
nentsof the objectsarefound. However, the boundariesbetween
thepatchesareoftenjaggedandnotalwayscorrect.

In this paper we proposea new algorithm for decomposing
meshes.Our work improvesuponprevious techniquesin several
aspects:our algorithmis hierarchical,it handlesorientablemeshes
regardlessof their connectivity, andavoidsover-segmentationand
jaggyboundaries.Weelaboratebelow.

Previous algorithmsproduce“�at” decompositions.As a con-
sequence,shouldthenumberof componentsbere�ned, thewhole
decompositionhasto becalculatedfrom scratch.Moreover, com-
ponentswhich belongto a re�ned decompositionneednot neces-
sarily be containedin componentsof a coarserdecomposition.A
maindeviation of our algorithmfrom previous onesis beinghier-
archical.

Anotherdeviationof thecurrentalgorithmis thewaythebound-
ariesbetweencomponentsarehandled.Previously, the focushas
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Figure2: Deformationof a dino-pet

beenon generatingeithermeaningfulcomponentsor components
which comply with certaingeometricproperties.The boundaries
betweenthe components,however, werea by-productof the pro-
cess.As a result,the boundarieswereoften too jagged[Chazelle
et al. 1997;ManganandWhitaker 1999;Shlafmanet al. 2002]or
too straight [Li et al. 2001] in a way that did not always �t the
model.Thecurrentalgorithmaimsatavoidingjagginess,by specif-
ically handlingtheboundaries.

Finally, thealgorithmavoidsover-segmentationanddecomposes
theobjectsinto meaningfulcomponents. A meaningfulcomponent
refersto acomponentwhichcanbeperceptuallydistinguishedfrom
theremainingobject.Theboundariesbetweenthemeaningfulcom-
ponentspassat regionsof deepconcavities [Biederman1987], as
illustratedin Figure1, wherethe dino-petis decomposedinto its
organs.(Eachcomponentis coloreddifferently.)

To demonstratethe usefulnessof the algorithm, we show that
decompositiongivesriseto anautomatic,general(i.e.,meshesneed
neitherbe closednor � -manifolds),fast,andsimplealgorithmfor
extractingcontrol-skeletons[Gagvani et al. 1998; Teichmannand
Teller 1998;BloomenthalandLim 1999;WadeandParent2002].
Sinceskeletonextractionis doneautomatically, skeletalanimations
canbecreatedby novice users(Figure2).

Therestof thispaperisstructuredasfollows. Section2describes
theproblemandoutlinesourhierarchicaldecompositionalgorithm.
Section3 discussesthedetailsof thealgorithmfor thebinarycase,
whereasSection4 describestheextensionto the � -way case.Sec-
tion 5 shows someresults.Section6 presentsthecontrol-skeleton
extractionapplication. Finally, Section7 concludesanddiscusses
futuredirections.

2 Overview

This sectionbeginswith a few notationsandthenprovidesanout-
line of our algorithm.Let � beanorientablemesh.It needneither
betriangulatednor closedor a � -manifold. (Non-manifoldmeshes
might yield lessexpectedresults.)
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De�nition 2.2 Binary Decomposition: �
�

���
� is a binary decom-

positionof � if it is a ��, waydecompositionwith �

"

� .

De�nition 2.3 Patch: Given �������-�.���������	
 , a k-way decomposi-
tion of � , each �

�
is calleda patch of � .

The algorithmproceedsfrom coarseto �ne. Eachnodein the
hierarchytreeis associatedwith a meshof a particularpatchand
theroot is associatedwith thewholeinputobject.At eachnode,the
algorithmdeterminesasuitablenumberof patches� , andcomputes
a � -way decompositionof this node.If theinput objectconsistsof
multiple connectedcomponents,the algorithm is appliedto each
componentseparately. Theexamplesin this papercontaina single
connectedcomponent,which is themorechallengingcase.

A key ideaof ouralgorithmis to �rst �nd themeaningfulcompo-
nents,while keepingtheboundariesbetweenthecomponentsfuzzy.
Then,thealgorithmfocuseson thesmall fuzzy areasand�nds the
exactboundarieswhich goalongthefeaturesof theobject.

To �nd fuzzycomponents,werelaxtheconditionthatevery face
shouldbelongto exactly onepatch,andallow fuzzy membership.
In essence,this is equivalentto assigningeachfaceaprobabilityof
belongingto eachpatch.Thealgorithmconsistsof four stages:

1. Assigningdistancesto all pairsof facesin themesh.

2. After computinganinitial decomposition,assigningeachface
a probabilityof belongingto eachpatch.

3. Computinga fuzzy decompositionby re�ning theprobability
valuesusinganiterative clusteringscheme.

4. Constructingthe exact boundariesbetweenthe components,
thustransformingthefuzzydecompositioninto the�nal one.

For instance,wewishto partitiontheobjectsin Figure3 into two
components.After computingdistances,eachpolygonis assigned
a probability of belongingto the patches.In Figure3(a), a green
polygonhasa high probabilityof belongingto theback(or upper)
patch.Conversely, abluepolygonhasahighprobabilityof belong-
ing to thefront (or lower)patch.Thefuzzydecompositionis shown
in Figure3(b),wherethefuzzy region is drawn in red. Figure3(c)
illustratesthe�nal binarydecomposition,aftertheexactboundaries
arefound.

3 Algorithm – the binar y case

This sectiondescribeseachstageof the algorithm for the binary
case(i.e., eachnodein thehierarchyis decomposedinto two sub-
meshes).An extensionto the �/, way caseis presentedin thenext
section.

3.1 Computing distances

Theprobabilitythatafacebelongsto acertainpatchdependson its
distancefrom otherfacesin this patch.Theunderlyingassumption
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Figure3: Binarydecomposition

is thatdistantfaces,bothin termsof their geodesicdistanceandof
their angulardistance,are lesslikely to belongto the samepatch
thanfaceswhichareclosetogether.

Given � � and �
' , two adjacentfacesand �

�
' , theanglebetween

their normals,we de�ne theirangulardistanceto be
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� , convex and concave dihedral anglesare treated
equally. Sincea concave featuremakes a bettercandidatefor a
boundary, we checkfor convexity prior to computingdistances.A
small positive � is usedfor convex anglesand ��"

� is usedfor
concave angles.

Let ���

�

�������� 
� be the averagegeodesicdistancebetweenthe

centersof mass of all the adjacent faces in the object, and
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�
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� be the averageangulardistancebetweenthese

faces. Considerthe dual graphof the mesh,whereevery faceof
themeshis a vertex in this graphandtwo verticesarejoinedby an
arcif andonly if theircorrespondingfacesareadjacent.Theweight
of thearcconnectingthedualverticesof �

� and ��' is thende�ned
asfollows:
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The�rst termis affectedby thegeodesicdistancewhereasthesec-
ondtermis affectedby theangulardistance.Notethat thelatter is
zerowhenthefacesarecoplanar. Thedenominatorreduceseffects
thatmayappearfor similarobjectshaving differentsamplingrates.

Given any pair of faceson the mesh �,4 and �,5 , their distance
�

�	��

� �14 ���,5
� is de�ned to be theshortestpathbetweentheir dual

verticeson the dual graph. The distancesbetweenall pairs of
facesarecalculatedonce,in apre-processingstep,usinganall-pair
shortestpathsalgorithm[Cormenet al. 2001],wherethe distance
betweenfaceswhich belongto differentconnectedcomponentsis
de�ned to be 6 .

3.2 Initialization and assigning probabilities

Duringaninitializationphase,� faceswhichareconsideredtherep-
resentativesof the � initial patches,arechosen.In thebinarycase,
theinitial pair of representatives 7�8:9<; and 7�8:9<= (representing
patches

�

and > , respectively) is chosensuchthatthedistancebe-
tweenthemis thelargestpossible.

Our goal is to assigneachface �
� its probability 9<=?� �

�

� of
belongingto patch > . Let �A@+B
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� � � �-7�8:9 =G� . We de�ne 9 = � � � � (andequivalently 9 ; � �
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follows:
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It canbe easilyveri�ed that if a faceis closerto patch
�

than
to > , theprobabilityof belongingto

�

is larger thantheprobabil-
ity of belongingto > , andvice-versa. Moreover, a facewhich is
equallydistantfrom

�

andfrom > is aslikely to belongto oneas
to the other. Finally, 9<=?� � �
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3.3 Generating a fuzzy decomposition

Oneway to obtaina decompositionis to applya
�

-meanscluster-
ingscheme[DudaandHart1973]asdonein [Shlafmanetal.2002].
Our goal,however, is to constructa fuzzydecomposition,thuswe
usefuzzy clustering.

Let R bea facerepresentingapatchandlet � beaface.Thegoal
of our algorithmis to clusterthefacesinto patchesby minimizing
thefollowing function
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During aninitialization phase,a subsetof � representativeŝ 
 ,
is chosen,asdescribedabove. Then,the algorithmiterateson the
following steps.

1. Computetheprobabilitiesof facesto belongto eachpatch,as
describedin Equation2.

2. Re-computethe set of representatives ^


`_

, minimizing the
functionin Equation3.

3. If ^

 is differentfrom ^


�_

, set ^

�a

^


�_

andgobackto 1.

Choosingthesetof new representatives(i.e., Step2) is doneby
usingthefollowing formulas:
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Next, if theprobabilityof afaceof belongingtoapatchexceedsa
certainvalue,it is assignedto thepatch.Thereare,however, faces
which arealmostas likely to belongto onepatchasto the other.
In this case,the facesare consideredfuzzy. In the binary case,
themeshis decomposedinto threepatches

�

, > and i , where i

containsall the faceswhich are(almost)as likely to belongto
�

as to > . This is doneby partitioning the facesas follows and is
illustratedin Figure3(b)where i is theredregion.
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A practicalproblemwhich arisesin this stepis thedependence
of theprobabilityvalueson thespeci�c representative of thepatch.
Onewayto overcomethisproblemis to re-de�ne �A@+B and F
@+B using
the averagedistances:�I@+B
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�-� . Empirically, this de�nition improvesthe

resultsandexpeditesconvergence.
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Figure4: Hierarchicalbinarydecompositionsof a dove

3.4 Generating the �nal decomposition

In the previous stagethe meaningfulcomponentswere found but
not theexactboundarybetweenthem.Thegoalof thecurrentstage
is to constructthisboundarywithin region i . Oncetheboundaryis
determined,the facesof i areassignedto eitherpatch

�

or patch
> .

Weformulateourproblemasagraphpartitioningproblem.Con-
siderthedualgraphof themesh�

"

��^ �C8
� andthesetof thedual

verticesof patches
�

and > , ^(; and ^�= respectively. Our goal
is to partition ^ into two subsetsof vertices ^

;
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and ^
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, such
thatthedisassociationbetween̂
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and ^
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is minimized.We are
essentiallylooking for a constrainedminimumcut in � , requiring
that:
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with facesin i by ^

�
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Figure5: The�o w network graph,where i is theredregion

Next, the capacitiesof the arcsneedto be de�ned. Thereare
many ways to de�ne capacitieswithin this framework. The key
principle is that the minimum cut tendsto passthrougharcswith
smallcapacities.Weexperimentedwith variouscapacityfunctions,
somewhichtakeonlydihedralanglesinto accountandotherswhich
alsotake arclengthinto account.We foundthefollowing function

to producegood results. For two vertices � � and ��' , let �

� ' be
the anglebetweenthe normalsof their dual faces. The capacity

i0�1RJ� � �

#

� is de�ned asfollows (wherethe averagefactorhandles
precisionproblems):
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A boundarybetweenthe componentscannow be foundby ap-
plying a maximum�o w (minimum cut) algorithm from � to �

(e.g.,[Cormenet al. 2001] [Goldberg andTarjan1988]). By the
de�nition of i0�1RJ� � �

#

� , thecut tendsto passthroughedgeshaving
highly concave dihedralangles.

3.5 Stopping conditions

Eachnodein thehierarchyis recursively decomposeduntil at least
oneof thefollowing conditionsis met: (a) thedistancebetweenthe
representativesis smallerthana giventhreshold;(b) thedifference
betweenthemaximaldihedralangleandtheminimaldihedralangle
is smallerthana threshold,sothatpatcheshaving a fairly constant
curvaturewill notbedecomposed;(c) theratiobetweentheaverage
distancein thepatchandthatof theoverall objectdoesnot exceed
a threshold.Sincetheaveragedistancecapturesboththesize(i.e.,
thegeodesicdistance)andtheangularinformation,furtherdecom-
positionis unnecessarywhenbotharesmallrelative to theoriginal
object.

Figure4 demonstratesresultsof a hierarchicalbinarydecompo-
sition. Notehow thedifferentorgansareprogressively extracted.

4 Algorithm – the k-way case

A ��, way decompositionis a generalizationof the binary case.
Thereare,however, threeissueswhich requireexplanation. The
�rst issueis thedeterminationof thenumberof patchesa nodein
thehierarchyshouldbedecomposedinto. Thesecondissueis the
assignmentof probabilities.Thethird issueis theextractionof the
fuzzyarea.Wediscusstheseissuesbelow.

Unlike the binary case,in the �/, way case,the representatives
arechoseniteratively. The�rst representative is assignedto bethe
facehaving the minimum sum of distancesfrom all other faces.
This is donein order to representthe main “body” of the object.
Then, representatives areadded,eachin turn, so as to maximize
theirminimumdistancefrom previously assignedrepresentatives.

Theremainingquestionis how many representativesto add.We
look at the following function which is the minimum distanceof
the �35�6 representative from previously assignedrepresentatives:
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Obviously, this functiondecreasesaswe addmorerepresentatives.
Empiricalexperimentsshow thatafterassigningrepresentativesto
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Figure6: Determiningthenumberof patches

all themajorpartsof anobject,addingonemorerepresentativewill
causea largedecreaseof � . This observation aidsin determining
the numberof components� . We choose� to be the value that
maximizesthe�rst derivative of � . SeeFigure6.

Thesecondissueis theassignmentof probabilities.For a repre-
sentative, theprobabilityof belongingto its own patchis de�ned to
be � . Otherwise,for a face�

� , theprobability 9
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It canbeeasilyveri�ed that this function is anextensionof the
binary case.Moreover, 9

V

s
� �

�

� complieswith the following con-
straints:(1) M

�U9 � � � � R
'��

�$� , (2) thesumof theprobabilitiesis
� , and(3) asthedistanceof a facefrom a representative increases,
theprobabilityto belongto this patchdecreases.

Thethird issueis theextractionof thefuzzyareasoncethecom-
ponentshave beenfound. We considereachpair of neighboring
componentsandproceedsimilarly to thebinarycase.

Figures7–8demonstrateseveralhierarchicalk-way decomposi-
tions.

The overall computationalcomplexity of the algorithms is
�
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���K^

2��

^

�

� 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
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� . Thenext phases

involve an iterative algorithmwherefacesareassignedto patches
andareperformedin
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�

^

�

� . (In theactualimplementation
�

is
boundedby a constant.)Finally, theminimumcut canbefoundin

�

��^
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���K^
� [Goldberg andTarjan1988]. In our case,the mini-

mum cutsarecomputedwithin the fuzzyregions. Thus, this step

(a) �rst level (b) secondlevel

(c)third level (d) fourth level

Figure7: Hierarchicalk-waydecompositionof a dino-pet
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Figure8: Hierarchicalk-way decompositionsof a cheetahandaninnerpartof a humanear

costs
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� where i is thesizeof thefuzzyregion.

5 Results

In order to handlelarge models,we utilize the consistency in the
waysimilarobjectsaredecomposed.Theprocedurefor decompos-
ing large modelsconsistsof four stages.First, the model is sim-
pli�ed [GarlandandHeckbert1997]. Second,a decompositionis
computedfor thesimpli�ed modelusingour algorithm.Third, the
boundariesfound for the simpli�ed model areusedto de�ne the
fuzzyregions in the original model,by “projecting” the facesad-
jacentto the boundariesto the original model. This projectionis
performedby assigningeachfacein theoriginalmodelto thepatch
containingtheclosestfacein thesimpli�ed model,wherevoxeliza-
tion is usedto furtheracceleratethisstep.Fourth,theminimumcuts
arecomputedon thesefuzzy regions(in theoriginalmodel),which
arevery small. In order to avoid erroneousprojections,this pro-
cessis performedprogressively, usingsimpli�ed modelsat various
simpli�cation levels.

Figure9 shows severalobjectsat differentlevelsof hierarchyas
decomposedby our algorithm,wherefor Figures9(e)-(f), a sim-
pli�cation wasapplied,asdescribedabove. Therunningtimesfor
the objectsdescribedin this paper, on a 9�� , �1n

M�M MHz, n ��� Mb
RAM PC, vary between� secondfor the mechanicalpart and n��

secondsfor the dino-pet( ������� faces,� levels of hierarchy). The
runningtimesof decomposingVenusandthe skeletonhand(Fig-
ure9(e)-(f)), usingsimpli�cation asdescribedabove, are ���&� sec-
ondsand ����n�� secondsrespectively (includingloading,simpli�ca-
tion andstoring).

Figure 10 demonstratesresultsof threealgorithms: [Li et al.
2001], [Shlafmanet al. 2002] and the algorithm describedhere.
First, notice the boundariesbetweenthe back legs and the body.
Only in Figure10(c), the “natural” oneswereextracted. Second,
theboundariesin Figure10(a)tendto beverystraightdueto space
sweepingutilized in the algorithm, whereasin Figure 10(b) the
boundariesare jaggy. In Figure10(c), the boundariespassalong
the object's features.Finally, sinceour algorithm is hierarchical,
only the major organswere found, but not the smalleronessuch
asthe �ngers andthetoes.Thelatterwould beextractedat a �ner
level of thehierarchy, asshown in Figure7.

An alternativeapproachto oursis to usegraphpartitioningmeth-
odson thewholemodel,ratherthanon constrainedregions.Possi-
blecutsareminimalcuts. Theirdrawbackis thatthey tendto favor

(a) alien– 3999faces (b) camel– 2674faces
6 patches 14patches

(c) mechanicalpart– 1270faces (d) heart– 1619faces
7 patches 4 patches

(e)Venus– 67,170faces (f) skeletonhand– 654,666faces
3 patches 6 patches

Figure9: Decompositionsof variousobjects



(a) [Li et al] (b) [Shlafmanetal] (c) Ouralgorithm

Figure10: Comparisonto [Li etal] and[Shlafmanet al]

small setsof isolatednodessincethe weight of the cut increases
with thenumberof edges[Wu andLeahy1993].

Anotheroption is to usenormalizedcuts[Shi andMalik 2000],
which is anNP-completeproblem. We implementedanextension
of [Shi andMalik 2000] to meshes,wheretheweight is de�ned to
take into accountboth the geodesicdistanceandthe angulardis-
tance.Theresultsvaried. For someobjects,gooddecompositions
wereproducedwhile for otherobjects,themeaningfulcomponents
were not found or the boundariesbetweenthem were jaggedor
step-wise.This canbe explainedby the fact that the cut approx-
imationmight causeartifacts.In addition,balancingthesizeof the
partsneednotalways�t themodel.

6 Contr ol Skeleton Extraction

Control skeletonsare bene�cial for variousapplications,includ-
ing matching,retrieval, metamorphosisand computeranimation.
Previous algorithmsarebasedon medialsurfaceextraction[Gag-
vanietal. 1998;TeichmannandTeller1998;BloomenthalandLim
1999;WadeandParent2002],levelsetdiagrams[LazarusandVer-
roust1999]or ReebGraphs[Shinagawaetal. 1991].Meshdecom-
positiongivesriseto a novel control-skeletonextractionalgorithm,
wherethejoints arecalculateddirectly from thehierarchicalstruc-
tureof thedecomposition.Thealgorithmisgeneral(i.e.,themodels
neednotbeclosedor2-manifolds),fully automatic,simpleandfast.
It is thusbene�cial for applicationsrequiringautomationaswell as
for novice usersof applicationswhereuser-interventionis accept-
ableor desirable.Figure11 demonstratestheuseof skeletonsfor
animatingotherwisestaticobjects.

Thealgorithmstartsby decomposingthegiven model. It is es-
sentialthatfeatureswhichdependonthepositionof anotherfeature
becomeits descendantsin the hierarchy. For instance,the elbow
joint of a humanoidobjectshouldbea descendantof theshoulder
joint, sothatashouldermotionwill causeanelbow motion.A sim-
ple way to achieve this is to guaranteethat the decompositionof
everynodein thehierarchyconsistsof a centralpatchconnectedto
all otherpatches.

To forcethisstar-shapeddecompositionstructure,thedecompo-
sition algorithmis slightly modi�ed. We considerthecentralpatch
to betheonewhichcontainsthe�rst assignedrepresentative. After
decomposinga givenpatch,thealgorithmveri�es that thedecom-
positionis star-shaped.If not, a patchwhich is not adjacentto the
centralpatchis mergedwith a neighboringpatchwith which it has
thesmallestaverageanglebetweentheir normalsalongthecut.

Oncethehierarchicalk-waydecompositionis computed,thede-
compositiontreeis traversedanda treeof joints is generated.At
eachlevel of thehierarchy, joints betweenthecentralpatchandits
adjacentpatchesarecreated.Eachjoint is positionedat thecenter

of massof theboundarybetweenthepatches.Eachnodein thetree
of joints is associatedwith a list of faces. Initially, the root node
is associatedwith the whole model. As the treeis traversedfrom
coarseto �ne, therelevant facesaretransferedfrom a parentnode
to its children.

In order to animatearticulatedobjects,it is necessaryto bind
thejoints andposeof theobject. Eachvertex � � of themeshis as-
signedaweight �

� ' indicatingtheextentto whichit belongsto joint
# . The simplestapproachis to let � � ' be the percentageof faces
that belongto joint # andadjacentto vertex � � . This guarantees
thatan internalvertex is boundonly to thepatchit resideson, that
eachvertex correspondsto at leastonejoint andthat

�

'

�

� '

"

� .
Moreadvancedmethodstake alsothecut'sanglesinto account.Fi-
nally, to posetheobject,a skeleton-subspacedeformationmethod
is used[Lewis et al. 2000].

Objectsare deformedby adjustingthe joints' anglesof their
skeletons.To computethemodi�ed vertex positionwe usethefol-
lowing equation[Weber2000]: Y �

"

�����

�

' *��

� � � '�� � '

�

',� � where 	

is thenumberof joints, �

� ' is theoriginal vectorpositionof � � rel-
ative to thecoordinatesystemof joint # , and

�

' is thetransforma-
tion matrixof joint # . Thus,avertex whichbelongsto asinglejoint
hasa constantpositionrelative to this joint, while a vertex which
belongsto morethanonejoint is positionedbetweenthelocations
it would have,hadit belongedentirelyto eachof thejoints.

7 Conc lusion

We have presentedan algorithm for hierarchicallydecomposing
meshes.The algorithmavoids jaggy boundariesaswell asover-
segmentation. The key idea of the algorithm is to �rst �nd the
meaningfulcomponentsof the meshandonly thenfocuson gen-
eratingtheexactboundariesbetweenthecomponents.To �nd the
components,bothgeodesicdistancesandconvexity areconsidered.
Computingtheboundariesis doneby formulatingtheproblemasa
constrainednetwork �o w problem. We demonstratedthe applica-
bility of thealgorithmfor controlskeletonextraction.

Several enhancementscan be addedto our algorithm. For in-
stance,differentdistancefunctionsanddifferentcapacityfunctions
canbe experimentedwith. Furthermore,non-geometricfeatures,
suchascolor andtexture, canbe embeddedin the algorithm. We
believe that the spectrumof applicationswhich will bene�t from
meshdecompositionwill further grow in the future. We arecur-
rently lookingatcompressionandtexturemapping.
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