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Abstract
We presenta novel algorithmfor accuratelydetectingall contacts,
includingself-collisions,betweendeformablemodels.Weprecom-
putea chromaticdecompositionof a meshinto non-adjacentprim-
itivesusinggraphcoloringalgorithms.Thechromaticdecomposi-
tion enablesusto checkfor collisionsbetweennon-adjacentprimi-
tivesusinga linear-time culling algorithm.As a result,we achieve
higher culling ef�ciency and signi�cantly reducethe numberof
falsepositives.Weuseouralgorithmto checkfor collisionsamong
complex deformablemodelsconsistingof tensof thousandsof tri-
anglesfor cloth modelingandmedicalsimulation. Our algorithm
accuratelycomputesall contactsat interactive rates.We observed
up to anorderof magnitudespeedupoverprior methods.

CR Categories: I.3.5 [Computing Methodologies]: Compu-
tational Geometryand Object Modeling—Geometricalgorithms;
I.3.7 [Computing Methodologies]: Three-DimensionalGraphics
andRealism—Visible surfacealgorithms,animation,virtual real-
ity;

Keywords: Deformablecollision detection,self-collision,graph
coloring,clothsimulation

1 Intr oduction
Dynamicsimulationof deformablemodelsis essentialto many ap-
plications,includingcharacteranimation,pathplanning,computer
gaming,hapticrendering,medicalsimulationandhuman-computer
interaction.Fastandaccuratecollisiondetectionis critical for gen-
eratingrealisticdeformationandachieving real-timeperformance.
In this paper, we addressthe problemof computingall contacts
betweendeformableobjectsfor interactive simulation.We restrict
our inputsto polygonalmeshesandassumethatmeshconnectivity
doesnot changethroughoutthe simulation. The meshprimitives
mayundergo any motion,but no verticesor edgescanbe inserted
or deletedin themesh.Wemakenootherassumptionswith respect
tomodeltopology, vertex connectivity, or theunderlyingsimulation
model. Many commonlyusedmodelsfor interactive deformation,
suchasmass-springsystems,free-formdeformation,boundaryele-
mentmethods,andlinearized�nite elementmethods,satisfythese
constraints.

Oneof thedriving motivationsfor this work is cloth simulation.
Ef�cient androbusthandlingof contactsremainsamajorchallenge
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Figure1: Benchmark I : Thissimulationgeneratescomplex foldsandwrinkleson
theskirt. Thecloth is modeledasa meshwith 13K triangles. Our collision detection
algorithmaccuratelychecksfor all self-collisionswithin 400-500msduring each step
of the simulation. We signi�cantly reducethe numberof falsepositivesand perform
relativelyfew exactintersectiontestsbetweentheprimitives.

in simulatingcloth dynamics[Baraff et al. 2003; Bridson et al.
2002; Volino andThalmann2000]. High-quality animationoften
requiresmodelingcloth with tensof thousandsof massparticles.
Thiscombinatorialcomplexity leadsto many collisionsandnumer-
ousprimitive pairsin closeproximity. It is importantto accurately
detectall interferences,includingself-collisionsandcollisionsbe-
tweenthe cloth andotherobjects. Even a singlemissedcollision
canresult in an invalid simulationandnoticeablevisual artifacts,
suchasclothpassingthroughitself.

Several techniqueshave beenproposedto acceleratecollision
detection.Mostexistingmethods,likehierarchicalrepresentations,
work well for rigid bodies. Someof thesemethodsextendto de-
formablemeshes,but may not be able to offer interactive perfor-
manceon complex models. Only a limited numberof techniques
can handleself-collisionsfor deformablemodels– often at non-
interactive rateseven for relatively simplemeshes.Accurateself-
collision detectionis challengingto performin real time because
many adjacentor nearbyprimitives of a deformingmeshare al-
waysin closeproximity. Currentalgorithmsareunableto achieve
signi�cant culling in suchcasesandoften resultin a high number
of falsepositives. In practice,collision detection,especiallyself-
collisions,canaccountfor 50-90%of thetotal simulationtime and
maytaketensof secondsfor asingletimestep.Therefore,many in-
teractive simulatorsfor deformablemodelseitheruseapproximate
algorithmsor donot checkfor self-collisions.



Main Results:We presenta novel algorithmfor fastandreliable
collision detectionbetweendeformablemesheswith �x edconnec-
tivity. Weassumethatthesimulatorproceedsin discretetimesteps.
Continuousmotion is modeledby linearly interpolatingthevertex
positions.In orderto ef�ciently handleself-collisionsandperform
signi�cant culling, weemploy two new techniques:

1. Chromatic Mesh Decomposition: As part of a preprocess,
we partition the meshof eachdeformingobject into independent
sets. We ensurethatno two primitiveswithin eachsetareadjacent
andimposesomeadditionalconstraints.Wecomputethechromatic
decompositionby performinggraphcoloringon theextended-dual
graphof the mesh. Our chromaticdecompositiontransformsthe
self-collisiondetectionprobleminto pairwiseN-bodycollision de-
tectionbetweennon-adjacentprimitives.

2. Set-basedSelf-Collision Detection: We usea set-basedfor-
mulation to computepotentially colliding primitives within each
independentset. Our algorithmculls away primitiveswithin each
setusinga boundingvolumehierarchy. We describea linear-time
culling algorithmthat performs1D overlaptestson the CPU and
2.5Doverlaptestson theGPU.Weexploit spatialrelationshipsbe-
tweenthe primitivesandalsoframe-to-framecoherenceto reduce
thenumberof exactoverlaptests.

Ouralgorithmis robustandcanhandlevarioustypesof mesheswith
arbitrarytopologyandconnectivity. Theoverall timecomplexity of
thealgorithmis nearlylinearin thesizeof theinputandthenumber
of primitivepairsin closeproximity. We have implementedour al-
gorithmonaPCwith a3:4 GHzPentiumIV CPUandanNVIDIA
GeForce 6800 GPU and appliedit to many complex deformable
meshes,including cloth simulationwith 10K - 40K polygonsand
a medicalsimulationwith over 90K polygons. We can compute
all the contactswithin 60 � 550 msecper frame in IEEE 64-bit
�oating-point arithmetic.We alsocomparetheperformanceof our
algorithmwith earliertechniquesbasedonboundingvolumehierar-
chies.Our set-basedculling algorithmreducesthenumberof false
positivesby morethanan orderof magnitudefor closeproximity
con�gurations.And, wehaveobservedupto anorderof magnitude
speedup.

Organization: Therestof thepaperis organizedin thefollowing
manner. Wesurvey somerelatedwork oncollisiondetectionin Sec-
tion 2. Section3 givesanoverview of ourapproachandwepresent
our algorithmto computea chromaticdecompositionin Section4.
Section5 describestheset-basedcollision detectionalgorithmand
wehighlight its performanceondifferentbenchmarksin Section6.
We analyzethe runtimecomplexity of our algorithmin Section7
anddiscusssomeof its limitations.

2 RelatedWork
In thissection,wegiveabrief overview of relatedwork in collision
detectionandcloth simulation.Theproblemof collision detection
hasbeenextensively studiedandsomerecentsurveys areavailable
in [Lin and Manocha2004; Teschneret al. 2004]. We limit our
discussionto collision detectionbetweendeformablemodels,in-
cludingcloth.

2.1 Hierar chical Approaches

Many collision detectionalgorithms use spatial partitioning or
boundingvolumeshierarchiesto accelerateinterferencecomputa-
tions.Differentboundingvolumesincludingaxis-alignedbounding
boxes(AABBs) [Bridson et al. 2002; Baraff et al. 2003; DeRose
et al. 1998] and k-DOPs[Mezger et al. 2003; Volino and Thal-
mann2000] have beenusedto acceleratecollision detectionbe-
tweendeformablemodels.Thecostof updatingthehierarchiescan
be high and it is relatively inexpensive to usespheresor AABBs
as boundingvolumes. Recently, algorithmshave beenproposed
to lower the overheadof updatingthe hierarchy during eachtime
stepof thedeformablesimulation:includingtop-down andbottom-

Figure2: Benchmark II : We useour collision detectionto computeall contacts,
includingself-collisions,duringclothsimulation.Theclothmeshconsistsof morethan
23K trianglesandour chromaticdecompositionpartitionsthemeshinto 19 indepen-
dentsets.Our algorithmaccuratelycomputesall thecollisionswithin 400-550 msec
duringeach stepof thesimulation.

up techniques[LarssonandAkenine-Möller 2001;vandenBergen
1997], models deformed by morphing [Larsson and Akenine-
Möller 2003],andasub-linear-timealgorithmfor deformablemod-
elsexpressedaslinearsuperpositionof precomputeddisplacements
[Jamesand Pai 2004]. Kimmerle et al. [Kimmerle et al. 2004]
presentan improvedstochasticcollision detectionalgorithmusing
hierarchiesof k-DOPsandpermita trade-off betweenaccuracy and
speed.However, thesehierarchiesmaynot beableto performsig-
ni�cant culling. The overlaptestsperformedusingboundingvol-
umescan be ratherconservative especiallywhen sometriangles
havehighaspectratiosor theprimitivesarein closeproximity con-
�gurations (e.g. wrinkles,folds, self-collisions).In practice,these
algorithmscanresultin ahighnumberof falsepositives.

2.2 GPU-basedCollision Detection

GPUshave beenusedto performinterferenceandproximity com-
putations[Heidelberger et al. 2003; Knott and Pai 2003; Govin-
darajuet al. 2003;Govindarajuet al. 2004;Rossignacet al. 1992].
Thesealgorithmsinvolvenopreprocessingandaredirectlyapplica-
bleto deformablemodels.SomespecializedGPU-basedalgorithms
havealsobeenpresentedfor self-collisionandclothcollisiondetec-
tion [BaciuandWong2002;Heidelbergeret al. 2004;Govindaraju
etal.2005;Vassilev etal.2001].However, thesealgorithmsmaybe
limited in termsof handlingthe typeof input models(e.g. closed
objects)and contactcon�gurations(e.g. tangentialcontacts). A
major limitation of the GPU-basedalgorithmsis that the interfer-
encecomputationsare performedat image-spaceresolution. As
a result,thesealgorithmscanmisscollisionsbetweensmall trian-
glesdueto samplingerrors.Someenhancementsbasedoncomput-
ing offsetsof primitiveshave beenproposedto overcomeimage-
precisionerrorsandcheckfor overlapsamongdisjoint objectsat
object-spaceresolution[Govindarajuet al. 2004]. However, these
approachescannothandleself-collisions.

2.3 Cloth Collision Detection

Many otheralgorithmshave beenproposedfor collision detection
and avoidance. Someearlier methodsusedrepulsionforcesbe-
tweenthe two potentiallycolliding primitives [Baraff andWitkin
1998;Breenet al. 1994;Huh et al. 2001]andactualcollisionsare
testedby interferencecomputationsbetweentheprimitives.Volino
and Thalmann[1994] presenteda suf�cient condition for detect-
ing self-collisionsin highly tessellatedsurfacesusingcurvatureand
convexity properties[Mezgeret al. 2003;Provot 1997;Volino and
Thalmann2000]. This testcanbeappliedin a hierarchicalmanner



on large models,thoughit canbe expensive for interactive appli-
cations[Volino andThalmann2000]. Many algorithmstreateach
polygonalprimitive asa separateobjectandapply N -body colli-
siondetectionalgorithmsbasedon uniform gridsor AABB based
sorting[Baraff 1992;Cohenet al. 1995]. However, prior N-body
approacheshave two major limitations in termsof usingthemfor
self-collisiondetection.First, thelevel of culling basedon AABBs
or rectangularcells of a grid may be low. Second,the storagere-
quirementsof coherencebasedsorting algorithmscan grow as a
quadraticfunctionof thenumberof primitives.
Approximate Techniques:Giventhecomplexity of self-collision
detection,many interactive algorithmseitherdo not checkfor self-
collisions[CordierandMagnenat-Thalmann2002;Fuhrmannetal.
2003] or perform approximatecollision detectionusing multiple
layers[KangandCho2002]or voxelizedgrids[Meyeretal. 2000].
It may be dif�cult to give boundson the accuracy of a simulation
with approximatecollisiondetection.

3 Overview
In this section,we introduceour notationandgive anoverview of
ourapproach.
3.1 Notation and Background
We focus on fast collision detectionbetweendeformablemodels
representedusingpolygonalmeshes.Themeshrepresentinga de-
formableobjectcanhave arbitrarytopologyor vertex connectivity.
Weassumethatthemeshconnectivity or thepolygonneighborhood
informationdoesnot changeduring the simulation. Suchmeshes
canbeusedto modelstretching,shearingandbending.Thesimu-
lator proceedsin discretetime steps,andduringeachtime stepwe
usea piecewiselinearmotionof theverticesto modelthecontinu-
ousmotionof thetrianglesin themesh.

Weusethefollowing notationin therestof thepaper. Themesh
is representedusingthe symbolM , andthe polygonalprimitives
arerepresentedaspi , i = 1; : : : ; n, wheren is thenumberof poly-
gonsin M . The symbolsv ande areusedto denoteverticesand
edges,respectively, of a polygon.We use� t to representthemax-
imum time stepbetweensuccessive instancesof thesimulator. We
usethesymbolPi to refer thesweptvolumeof a primitive pi dur-
ing theinterval [0; � t ] andrepresentthevolumewith aprism.The
functionAdj (pi ; pj ) testsif two primitivespi andpj areadjacent,
i.e.,shareacommonedgeor avertex.
Exact elementary testsbetweenfeatures: Checkingwhetherthe
swept volumesof two primitives overlap reducesto performing
elementarytestsbasedon co-planarityconditions. Theseinclude
vertex-face(VF) andto edge-edge(EE) elementarytests.Eachel-
ementarytestrequiresthecomputationof rootsof acubicequation
that lie in the interval [0; � t ] [Provot 1997; Bridsonet al. 2002].
In caseof non-adjacenttriangles,we perform9 EE testsand6 VF
tests.For adjacentpolygons,we do not testthesharedverticesand
edgesfor co-planarity. We alsoadddistancethresholdconstraints
in thevertex-faceor edge-edgeco-planarityconditionsfor collision
responsecomputations.
3.2 Our Approach
Givena meshM , thegoalof self-collisiondetectionis to compute
the�rst time of contact,t 2 [0; � t ], suchthatno two primitivesin
the meshoverlapat any time in the interval [0; t ]. Otherwise,we
reportthereareno collisionsbetweenthe two discretetime steps.
Wecull primitivesthatdonotoverlap,reducingthenumberof false
positivesin termsof VF or EE elementarytests.In therestof this
paper, we describeour algorithmto detectself-collisionsin a de-
formablemesh.Our algorithmcanbedirectly appliedto collision
detectionbetweentwo differentobjectsusingCULLIDE [Govin-
darajuetal. 2003].

Wedecomposetheself-collisiondetectionprobleminto two sub-
problems:

� Non-Adjacent Collision Detection (NACD) betweennon-
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Figure3: Chromatic decompositionand reordering: We decomposea rectangu-
lar meshwith polygonspi into nineindependentsets,each shownin a differentcolor
(e.g. in Fig. 3(a)f p1

1 ; p1
2 g, f p6

1 ; p6
2 g). Weusea linear-timealgorithmto computethe

chromaticdecompositionof rectangularmeshes.For each pair of sets(e.g. S i , S j ),
we reorder the primitivessuch that pi

l 2 S i and pj
l 2 S j are adjacent.Fig. 3(a)

and3(b)showthereorderingof primitivesin theremainingsetsbasedontheprimitive
order in thesetsS1 andS2 , respectively.

adjacentprimitives(e.g. the pairsf p5
1 ; p5

2g, f p1
2 ; p2

1g in Fig.
3(a)).

� Adjacent Collision Detection(ACD) betweenadjacentprim-
itives(e.g.thepairsf p1

1 ; p2
1g, f p3

1 ; p6
2g in Fig. 3(a)).

The ACD amountsto checkingO(n) pairsof adjacentprimitives
for overlap by performingelementarytests. On the other hand,
NACD involvescheckingupto O(n2) pairsfor overlap.Therefore,
theperformanceof a self-collisiondetectionalgorithmis governed
mainlyby theperformanceof NACD, in termsof reducingthenum-
berof falsepositivesbetweennon-adjacentprimitives. We usethe
problemdecompositionandcheckfor self-collisionsas:

1. Computeall pairsof overlapping,non-adjacentprimitivesus-
ing a linear-time culling algorithm. We obtainhigh culling
ef�ciency becausewe areonly consideringoverlapsbetween
non-adjacentprimitives.

2. PerformexactVF andEE elementarytestsbetweenadjacent
primitives. The resultsof non-adjacentprimitive pairwise
testsare usedto eliminatea high fraction of falsepositives
in termsof elementarytestsbetweentheadjacentprimitives.

In order to computepairs of overlappingnon-adjacentprimi-
tives,we partitionthemeshinto disjoint setsM = f S1 ; : : : ; Sk g,
called independentsets. NACD performsexact intersectiontests
betweennon-adjacentprimitives(pi ; pj ) within every pair of sets
(Si ; Sj ); pi 2 Si ; pj 2 Sj . In orderto ignorecollision testsbe-
tweenadjacentprimitives,we introduceconstraintsandensurethat
eachprimitive in one independentset is adjacentto at most one
primitive in anotherindependentset,asshown in Fig. 3(b). We
computea extended-dualgraphof the meshandusegraphcolor-
ing algorithmsto decomposethe meshinto independentsets,i.e.
chromaticdecomposition.

We presentan ef�cient self-collisionculling algorithmto com-
putetheoverlappingprimitiveswithin eachpairof sets.Weextend
the idea of potentially colliding sets(PCS)presentedby Govin-
darajuet al. [2004] to handlesweptvolumes(i.e. the prisms). In
particular, aprimitive in asetSi is potentiallycolliding if its swept
volumeduringthetimeinterval [0; � t ] overlapswith thesweptvol-
umeof somenon-adjacentprimitive in a setSj during[0; � t ]. We
computethe PCSby making linear passesover the primitives in
the independentsetsandusingreliableimage-based2.5D overlap
teststo cull non-overlappingprimitives.Wealsopresenttechniques
basedon temporalcoherenceanddepthrelationshipsto reducethe
numberof 2.5Doverlaptests.
Collision Detection: We use a set-basedcollision detectional-
gorithm to computeall pairs of non-adjacentoverlappingprimi-
tives.In orderto improve theculling performance,we precompute
a AABB hierarchy in a bottom-upmannerfor eachmesh.Theleaf
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Figure4: Self-collisiondetectionalgorithm: Our algorithmpro-
ceedsin four stages.StagesI andII performbroadphasecollision
detectionandcull manyof theprimitivesthat do not overlapwith
other non-adjacentprimitives. Stage II is optional and performs
2.5D overlap testswhenthe PCScomputedafter stage I is large.
StagesIII andIV performelementarytestson theprimitivesfor ex-
act collisiondetection.

nodesof thehierarchy enclosethesweptvolumeof a singlepoly-
gonof themesh.We addanoffset to eachbox in thehierarchy to
accountfor distancetolerancesusedin collision resolutioncompu-
tation. Our overall collision detectionalgorithmproceedsin four
stages(asshown in Fig. 4):

� StageI: Updatethe AABB hierarchy to accountfor chang-
ing vertex positions. Usethe hierarchy to cull primitives in
independentsetsthatdo not overlapwith othernon-adjacent
primitives(Section5.1).

� StageII: Usea set-basedculling algorithmandperform1D
and2.5Doverlapteststo computethePCSfor eachindepen-
dentset(Section5.2).

� StageIII: Computepairsof overlapping,non-adjacentprim-
itivesby performingexactVF andEEelementarytestson the
primitiveswithin eachPCS(Section5.3).

� StageIV: Checkfor overlapsbetweenadjacentprimitivesby
performingelementarytestsandeliminatefalsepositivesby
usingtheresultsof StageIII (Section5.4).

4 Chromatic MeshDecomposition
In this section,we presentour meshdecompositionalgorithmfor
computingindependentsets. Given a polygonalmesh,we trans-
form themeshdecompositionprobleminto a graphcoloringprob-
lem andcomputeachromaticdecompositionof thegraph.We �rst
de�ne the independentsetsandthenpresentanalgorithmto com-
putethem.

4.1 IndependentSets
The goal of meshdecompositionis to partition a meshM into k
disjoint independentsetsSi suchthatM = S1 [ S2 [ : : : [ Sk ,
and8i; j; Si \ Sj = ; . EachindependentsetSi is composedof a
setof primitivespi

m ; 1 � m � kSi k. We imposetwo constraints
on theprimitiveswithin eachSi :

1. No two primitivesin Si areadjacent,and

2. For every pair of independentsets,(Si ; Sj ), we ensurethat
eachprimitive pi 2 Si hasat mostoneprimitive pj 2 Sj

suchthatAdj (pi ; pj ) is true.

Thesecondconstraintis requiredby ourself-collisionculling algo-
rithm, which is describedin Section5. We illustratethedecompo-
sition for a rectangularmeshin Fig. 3. Notethatany two polygons
belongingto the sameindependentsethave a gap of at leasttwo
polygonsbetweenthem.

4.2 Graph Coloring
We transformmeshdecompositioninto a graphcoloring problem
andcomputeindependentsets.A setof verticesin agraphis called
anindependentsetif no two verticesof thesetareconnectedin the
graphby anedge.Graphcoloringassignseachvertex a color such
thatno two adjacentverticesof thegraphhave thesamecolor. All
verticeswith thesamecolor aregroupedinto a color class[Jensen
andToft 1995]. Graphcoloring resultsin a decompositionof the
verticesintodifferentcolorclasses.Theminimumnumberof colors
in any propercoloringis calledthechromaticnumberof agraph.

Ourgoalis to partitiontheprimitivesof ameshinto independent
sets. Given a mesh,we constructthe extended-dualgraphG =
(V ; E) asfollows:

� Eachprimitivep 2 M correspondsto avertex V (p) 2 G .

� An edge(V (pl ); V (pm )) 2 G if andonly if oneof the fol-
lowing edgeconstraintsaresatis�ed:

– EdgeConstraint 1: pl andpm arevertex-adjacenti.e.,
Adj (pl ; pm ) is true,or

– Edge Constraint 2: Thereexists a primitive p 2 M
suchthatbothAdj (pl ; p) andAdj (pm ; p) aretrue.

Note that if we useonly EdgeConstraint1, we obtainthestan-
darddualgraphof themesh.Weextendthestandarddualgraphby
placingadditionaledgesamongthe verticesbasedon EdgeCon-
straint2. Thesetwo edgeconstraintsguaranteethat the meshde-
compositioncomputedusinggraphcoloringonG satis�esthecon-
straintson the primitivesdescribedin Section4.1. The �rst edge
constraintensuresthatadjacentprimitivesbelongto differentsets.
Thenon-adjacency is ensuredasanedgeexistsbetweenevery pair
of adjacentprimitives in the graph. Graphcoloring assignsdif-
ferentcolors to the correspondingverticesand they are in differ-
ent independentsets. The secondedgeconstraintensuresthat no
two primitives pi

l ; pi
m 2 Si are adjacentto a commonprimitive

pj 2 Sj . Otherwise,bothAdj (pi
l ; pj ) andAdj (pi

m ; pj ) would be
trueandtherewould beanedge(V (pi

l ); V (pi
m )) in G becauseof

EdgeConstraint2.
Given a graphG , its decompositioninto color classesis not

unique. In particular, we can either minimize the numberof in-
dependentsets,sayk, or computea decompositionsuchthat the
numberof verticesin eachindependentset is boundedby some
constant.In this case,our goal is to computea decompositionthat
minimizesthenumberof independentsets.This is mainly because
our self-collisiondetectionalgorithm(presentedin Section5) has
anexpectedcomplexity of O(kn), wheren is thenumberof prim-
itivesin M . As a result,our problemreducesto theminimalgraph
coloringproblem[JensenandToft 1995]. Theminimal graphcol-
oring problemis a well-studiedproblemandhasbeenshown to be
NP-hardfor generalgraphs. In many cases,the meshhasa rect-
angularconnectivity andcanbe mappedto a quad-tree.Eppstein
et al. [2002]have presenteda simplelinear-time algorithmfor col-
oring the squaresof balancedandunbalancedquad-trees.We ex-
tend this algorithmto take into accountour edgeconstraintsand
color mesheswith rectangularconnectivity, i.e. every vertex has
four neighborsandeverypolygonis rectangular, in lineartime. An
exampleis shown in Fig. 3. In order to handlegeneralmeshes,
we usean extensionof the DSATUR algorithm[Brélaz1979] to
computea graphcoloring. Theoverall algorithmis fastandhasa
worstcasecomplexity of O(kEk log kV k). Thisalgorithmis near-
optimal for a large variety of graphs. In practice,this algorithm
works well and the numberof color classesis closeto the chro-
maticnumberof theextended-dualgraph. Theoretically, a simple
upperboundon thechromaticnumberof any graphG = (V ; E)
is (0:5 +

p
2jjE jj + 0:25). Basedon our graphconstructionalgo-

rithm, weexpectjjE jj = O(jjV jj ) andhence,a looseupperbound
for ameshM is O(

p
jjM jj ). Theoreticalboundsonk alsoexist as



a functionof themaximumfacesizeandthemaximumvalencein
themesh[SandersandZhao1998].

The extended-dualgraphcoloring computesk disjoint setsof
primitives Si ; i = 1; : : : ; k, wherethe verticescorrespondingto
theprimitivesin a setareassignedthesamecolor in theextended-
dualgraph.Givenadecompositionof ameshinto independentsets,
our algorithmreorderstheprimitiveswithin eachpair of indepen-
dentsets.Theorderof theprimitivesis usedby our self-collision
detectionalgorithm which requiresthat every pair of primitives,
(pi

l ; pj
m ), in a pair of independentsets(Si ; Sj ); 1 � i; j � k sat-

isfy thefollowing constraints:

Adj(pi
l ; pj

l ) = true; (1)

Adj(pi
l ; pi

m ) = Adj (pj
l ; pj

m ) = Adj (pi
l ; pj

m ) = false; l 6= m:

It is possiblethataprimitivepi
l 2 Si hasnoadjacentprimitivepj

l 2
Sj sincethe graphcoloring algorithm only ensuresthat at most
oneprimitive in a setis adjacentto anotherprimitive in any other
independentset.In suchcases,wetreatpj

l asN ULL . Thepseudo-
codefor our simplereorderingalgorithmfor a pair of independent
setsis givenin Algorithm 4.1.

REORDER(S i , S j )
1 O = N U LL /* output*/
2 for eachprimitiveP in S i

3 for eachprimitiveQ in S j

4 if Q is adjacentto P ,
5 appendthepair (P; Q) to O andmarkQ
6 if no primitiveQ in S j is adjacentto P ,
7 appendthepair (P , N U LL ) to O
8 for eachunmarkedprimitiveQ in S j ,
9 appendthepair (N U LL ,Q) to O
9 returnO

ALGORITHM 4.1: Reorderingalgorithm: Thereorderingalgorithmcomputes
pairs of adjacentprimitivesbetweentwo independentsets,and outputsa list of such
pairsO . Our edgeconstraintsensure thata primitive in a setS i canhaveat mostone
adjacentprimitive in anothersetS j ; j 6= i . If j = i , thentheadjacentprimitive is
itself. If a primitive P 2 S i hasno adjacentprimitive Q 2 S j , thenweappendthe
pair (P; N U LL ) (Lines6 and7). Similarly, weoutput(N U LL; Q) for unmarked
primitivesQ 2 S j (Lines8 and9).

5 Collision Detection
In this section,we presentour self-collision detectionalgorithm.
We usepropertiesof chromaticmeshdecompositionandperform
set-basedculling to computepotentially colliding, non-adjacent
primitives. Finally, we useelementarytestsfor exactcollision de-
tection. We initially computea prismPl for eachprimitive pl and
alsocomputeaboundingboxaroundeachprism.Ourcollisionde-
tectionalgorithmproceedsin four stagesasdescribedin Section
3.
5.1 Set-basedCulling UsingAABB Hierar chy
We dynamically updatethe AABB hierarchy for the meshin a
bottom-upmanner. We updateleaf nodestakinginto accounttheir
vertex positions.Thesizeof theboxesareincreasedbasedon the
distancethreshold.Next, we updatetheAABBs of theparentnode
basedon the children's AABBs. We usethe AABB hierarchy to
cull primitivesthatarenotoverlappingwith any othernon-adjacent
primitive. We computea boundingbox for eachprimitive P i

m ,
checkfor overlapsusingthehierarchy, andignoretheoverlapswith
adjacentprimitives. Theoverlaptestsareperformedef�ciently by
testingthe hierarchy against itself. We show the potentially col-
liding setof trianglesin a cloth modelcomputedusingtheAABB
hierarchy in Fig. 5(a).
5.2 Set-basedCulling Using2.5DOverlap Tests
In this section,we presentour linear-time algorithmthatperforms
reliable2.5D overlaptestsusingGPUs.For eachindependentset,

(a) Collision Culling with AABB
hierarchy

(b) Collision Culling with AABB
hierarchy + 2.5Doverlaptests

Figure 5: Impr oved culling performance with 2.5D overlap tests: The cloth
modelconsistsof 12; 296 triangles. The left image showsthe 6; 442 potentially
colliding triangles (in orange) computedusing an AABB hierarchy (i.e., the output
of Stage I). This resultsin more than 65K pairwiseelementarytests(VF + EE). The
right image showsthe524 potentiallycolliding triangles(in orange) computedafter
the 2.5D overlap tests(i.e., the outputof Stage II), which resultsin 2; 737 pairwise
elementarytests.

ouralgorithmcomputesaPCSassociatedwith thatindependentset.
We alsopresenttechniquesto reducethe numberof 2.5D overlap
testsby performing1D testson the CPU andusetemporalcoher-
ence.

Given a decompositionof a meshinto independentsets,asex-
pressedin Eq. (1), we check the non-adjacentprimitives within
eachset for collisions. Given an independentSi and a primi-
tive P i

m , we de�ne two subsetsSi
<m = f P i

1 ; : : : ; P i
m � 1g and

Si
>m = f P i

m +1 ; : : : ; P i
kS i k g. Given this formulation,we further

decomposetheNACD probleminto two subproblems:

� Intra-Set Collision Detection (Si ; Si ): Test eachtriangle
P i

m 2 Si for overlapwith its non-adjacentprimitives in Si

i.e.,Si
<m , andSi

>m .

� Inter -Set Collision Detection (Si ; Sj , i 6= j ): Test each
primitive P i

m 2 Si for overlapwith its non-adjacentprimi-
tivesin Sj i.e. Sj

<m , andSj
>m . Similarly, testeachprimitive

P j
m 2 Sj for overlapwith its non-adjacenttrianglesin Si i.e.

Si
<m , andSi

>m .

As a result,thecollision detectionproblemreducesto performing
O(k) intra-setcollisiondetectionsandO(k2) inter-setcollisionde-
tections.

5.2.1 2.5Doverlap tests
Weextendtheset-basedcullingalgorithm,CULLIDE [Govindaraju
et al. 2003],to performself-collisiondetection.CULLIDE checks
whetheroneobject,sayoi , overlapswith agroupof objects,sayO,
by performingvisibility computationsbetweenthem. If oi is fully
visible with respectto all the objectsin O along any viewpoint,
thenoi doesnot overlapwith any objectin O. We referto this test
asthe2.5D overlap testbetweenoi andO. The2.5D overlaptest
implicitly checkswhetherthereexists a separatingsurfaceof unit
depthcomplexity from a givenview direction. We implementthis
testusingocclusionquerieson a GPU.An occlusionqueryreturns
the numberof pixels that passthe depthtest. In orderto perform
the2.5Dtestsusingocclusionqueries,we�rst renderall theobjects
in O andcomputeits visible surfacein the depthbuffer. We then
rendertheobjectoi usinganimage-spaceocclusionqueryandtest
whetherthedepthof all rasterizedfragmentsof oi arein front of the
visible surfacein the depthbuffer. We overcomeimage-precision
errors in occlusionqueriesby adding an offset to the bounding
sweptvolumeof eachprimitive [Govindarajuetal. 2004].Thesize
of the offset is a function of the pixel resolutionusedto perform
theoverlaptests.In practice,the2.5Doverlaptestis lessconserva-
tive ascomparedto boundingvolumebasedtestsandculls a larger
fractionof non-overlappingprimitivesin closeproximity.

CULLIDE performs a linear-time front-to-back and back-to-
front traversalof thelist of objectsandcomputesa potentiallycol-
liding set(PCS)of objects.However, CULLIDE is unableto check
for self-collisionsor performinter-setculling betweenindependent



sets.If wetreateachpolygonin aconnectedmeshasaseparateob-
ject,CULLIDE wouldnotbeableto cull any primitiveandthePCS
wouldconsistof all theprimitivesin theset.In thesamemanner, if
weapplyCULLIDE to aunionof two sets,saySi andSj , it would
performno culling becauseevery primitive in Si hasan adjacent
primitive in Sj .
5.2.2 Self-CollisionCulling
We presenta modi�ed linear-time algorithmthat uses2.5D over-
lap teststo perform self-collision culling. We take advantageof
chromaticdecompositionandpropertiesof independentsetsto cull
thenon-overlappingprimitiveswithin eachPCS.Ourmeshdecom-
positionalgorithmensuresthat every primitive P i

m 2 Si hasone
adjacentelementP j

m 2 Sj andP j
m partitionsSj � f P j

m g into two
subsets:Sj

<m and Sj
>m . We make two linear passesover these

sets.

� First pass: Traversetheprimitivesin Si from the last to the
�rst. During the traversal, we test if the currentprimitive
P i

m 2 Si is fully visibleagainstthepreviouslyrenderedprim-
itivesin Sj usinga 2.5D overlaptest(i.e., with primitivesin
Sj

>m ). We thenrenderthe potentially intersectingprimitive
P j

m 2 Sj into theframebuffer.

� Secondpass: Traversethe primitives in Si from the �rst
primitive to thelast.Duringeachscan,weonly testtheprim-
itive P i

m 2 Si which was fully visible in the �rst passfor
potentialoverlapwith the PCSin Sj ( i.e. Sj

<m ). We then
renderP j

m 2 Sj into theframebuffer.

The two passesaresuf�cient to testeachprimitive in Si against
non-adjacent,potentially intersectingprimitivesin Sj . We repeat
thesamealgorithmto computethePCSfor thesetSj in (Si ; Sj ).
We usemultiple view directionsalongthethreeworld-spaceaxes.
Thepruningalgorithmis usedrepeatedlytill thePCSdoesnot de-
creasebetweensuccessive instances.Thesametwo-passalgorithm
is usedfor theinter-setandtheintra-setculling. The2.5Doverlap
testscancull awaya highnumberof non-overlappingprimitivesin
closeproximity (Fig. 5(b)).
5.2.3 Reducing2.5Doverlap tests
The self-collision algorithm describedabove performs2kn 2.5D
overlaptests,wherek is the numberof independentsetsandn is
thenumberof primitives.In thecaseof acomplex model,n canbe
veryhighwhile k is typically in therange10 � 20. As a result,the
overall performanceof thealgorithmis governedby thenumberof
2:5D overlaptestsusedfor self-collisionculling. In thissection,we
presentthreetechniquesthatusespatialrelationshipsandtemporal
coherenceto reducethenumberof 2.5Doverlaptests.

View Coherence:Weutilize coherencebetweendifferentviews to
reducethenumberof 2.5D overlaptestsbetweeneachpair of sets
(Si ; Sj ). For example,if aprimitiveP j

m doesnotoverlapwith any
of the primitivesSi

>m alongsomeview, thenP j
m doesnot over-

lap with any primitive in Si
>m . Therefore,we do not needto ren-

derP j
m while testingtheoverlapstatusof primitivesin Si

>m along
any view. Speci�cally, we do not renderP j

m after testingthe full-
visibility of P i

m in the �rst pass.We usea similar suf�cient con-
dition to reducetherenderingoperationsin thesecondpassbased
on the overlapbetweenP j

m andSi
<m . Intuitively, we arereduc-

ing thedepthcomplexity of thePCSassociatedwith Sj againstthe
PCSassociatedwith Si by renderingonly thepotentiallyoverlap-
ping primitivesin Sj . As a result,view coherenceacceleratesthe
performanceof theculling algorithm.

1D overlap tests: We reducethe numberof 2.5D overlap tests
by �rst performing1D overlap testson the CPU. Our 1D algo-
rithm usesview coherencerelationsalong the world-spaceaxes.
We computethe 1D overlaprelationsbeforeperformingthe 2.5D

GPUCULL(S i , S j )
1 Mark eachprimitiveP i

k in S i aspotentiallycolliding /* Initialization */
2 n = jj S i jj = jj S j jj
3 for eachview
4 for k= n to 1 /* �rst pass*/
5 if P i

k 6= N U LL andis not fully visible in �rst pass
6 RenderP i

k with anocclusionquery
7 If fully visible,markP i

k as�rst-pass-fully-visible
8 if P j

k 6= N U LL andis not fully visible in secondpass
9 RenderP j

k

10 for k= 1 to n /* secondpass*/
11 if P i

k 6= N U LL andis not fully visible in secondpass
12 RenderP i

k with anocclusionquery
13 If fully visible,markP i

k assecond-pass-fully-visible
14 if P j

k 6= N U LL andis not fully visible in fully pass
15 RenderP j

k

ALGORITHM 5.1: Self-collisionculling algorithm: Our self-collisionculling
algorithmproceedsin twopasses.Lines4-9performthe�r st passandtesteach prim-
itive P i

k 2 S i for overlapwith S j
>k . Similarly, lines10 � 15 performthesecond

passandtesteach primitive P i
k againstS j

<k . Each visibility testis performedusing
anocclusionquery(Lines6 and12)andtherenderingoperation during theocclusion
queryis performedwith thedepthtestGL GE QU AL . Theremainingrenderingop-
erations(Lines9 and15) are performedusingthedepthtestGL LE SS. Primitives
which are fully visible in both �r st and secondpassesdo not collide with any of the
primitivesin S j andare prunedfromthePCSof thesepair of sets.

overlap tests. In particular, we project the AABBs of the primi-
tivesalongeachaxisandapplyour culling algorithmdescribedin
Section5.2.2. The 1D overlap test is performedusing the same
two-passalgorithm. In the �rst pass,we maintainandupdatethe
minimum andmaximumvaluesof the AABB of the primitivesin
Sj

>m alongeachaxis andcheckfor overlapagainstthe AABB of
P i

m . Thesecondpassis performedin thesamemanner. Combined
with theconditionsusedto checkfor view coherence,1D overlap
testscanreducethenumberof 2.5Doverlaptests.

Temporal Coherence: The 2.5D overlap testsareusedto check
whethera primitive is fully visible with respectto the restof the
primitivesalonga view direction. In mostinteractive applications,
thereis high coherencein the visibility relationshipsbetweenthe
primitives.Werearrangetheprimitivesbasedontheorderin which
they were fully visible in the previous frame or the last viewing
direction.Dueto thetemporalcoherence,we expecttheprimitives
to be fully visible in nearly the sameorder. This optimizationis
usefulfor reducingtherequirednumberof views usedto compute
thePCS.As a result,weperformfewer2.5Doverlaptests.

OuroverallGPU-acceleratedculling algorithmis simpleandef-
�cient. A pseudo-codedescriptionto computethepotentiallycol-
liding primitivesof a setSi againsta setSj is given in Algorithm
5.1.

5.3 Exact Tests:Non-Adjacent Primiti ves

The set-basedculling algorithm computesa PCSfor eachinde-
pendentset. In the third stage,we checkfor exact intersections
by performingelementarytestsbetweennon-adjacentpairs. We
�rst mergethePCSof all the independentsetsby computingtheir
union. Next, we performan N-body testbetweenthe elementsto
computepotentially intersectingpairs. We useour AABB hierar-
chy to quickly computethe potentiallyintersectingpairs. Finally,
weperformelementaryEEandVF testsbetweenthepairsto check
for exact intersections.We explicitly maintaina list of all overlap-
ping,non-adjacentprimitivesandstorethis informationin thedata
structuresusedto representthe mesh. Even thougheachedgeor
vertex canbesharedby morethanonepolygon,wedonotperform
redundantEEor VF tests.



Figure6: Culling elementarytestsbetweenadjacentprimiti ves: If non-adjacent
triangles in theseexamplesare not overlapping, we do not needto performthe ele-
mentarytestbetween(e1 ; e2 ) and(v1 ; T2 ) asshownin (a) and(v1 ; f 2 ) asshown
in (b).

5.4 Exact Tests:Adjacent Primiti ves

In the last stageof the algorithm, we needto checkall adjacent
primitivesfor exact intersection.We performelementaryEE and
VF testsbetweenadjacentpolygons,but we do not testtheshared
edgeor vertex for co-planarityconditions.For example,giventwo
trianglessharinga vertex, we performonly 4 VF and5 EE tests.
Similarly if two trianglesshareanedge,we performjust 2 VF and
2 EEtests.

Weusetheresultsof non-adjacent,overlappingprimitivepairsto
cull many of theelementarytestsbetweenadjacentprimitives(i.e.
the falsepositives). We illustrateour algorithmwith a �gure. For
example,in Fig. 6(a),T1 andT2 arean adjacentpair of triangles
thatshareanedge.Let usassumethat their neighboringtriangles,
T3 andT4 , do not overlap. As a result,we do not needto perform
elementarytestsbetween(e1 ; e2) and(v1 ; T2). In Fig. 6(b), the
trianglesT1 andT2 sharea vertex. If T2 andT3 do not overlap,
thenwedonotneedto performanelementarytestbetweenthepair
(v1 ; f 2). In this manner, we cancull a high numberof elementary
testsbetweentheadjacentprimitivesby usingthe resultsof Stage
III.

6 Implementation and Performance
We have implementedour algorithm on a PC running Windows
XP with a 3:4 GHz PentiumIV CPU,an NVIDIA GeForce6800
GPU, and 2 GB of main memory. We usehyper-threadingand
the PentiumIV SSE2optimizationsof the Intel compiler 8.0 to
improve the performance. Moreover, we use the asynchronous
GL NV occlusionqueryqueriesin OpenGLto implementfastand
reliable2.5Doverlaptestson theGPU.We optimizeour rendering
throughputby usingthe GL ARB vertex buffer objectextensions
andavoid thestallsby batchingmultiplevisibility queries.In prac-
tice, we areableto achieve 1:1M occlusionquerythroughputper
second.

Thechromaticmeshdecompositionalgorithmis performedonce
asapre-processfor amesh.WeusetheDSATUR algorithm[Brélaz
1979] to computethecolor classes.In our benchmarks,this algo-
rithm workswell andtakesapproximatelytwo secondson a mesh
with 10K triangles.Thenumberof independentsetsis typically in
therange10 � 20.

The 2.5D overlap testsare performedalong the three world-
spaceaxes using orthographicprojections. The reliable testsare
performedusinga viewport resolutionof 1K � 1K . The prisms,
P i

m are computedbasedon the deviation and height of the �nal
positionof eachvertex with respectto the planecorrespondingto
the initial positions. When the time stepsusedin the simulation
aresmall, the prism tightly boundsthe sweptvolumeof the poly-
gon. Moreover, the prism computationtime is relatively low. In
our implementation,weareableto computetheprismsontheCPU
and transferto the GPUsat the rate of 10K prismsin 10 msec.
Moreover, view coherence,1D overlap testsand temporalcoher-
encereducethe numberof 2.5D overlap testsby 20-60% in our
benchmarks.WehaveimplementedtheVF andEEelementarytests
usinginterval arithmetic.We computethecoef�cients of thecubic
equationsandcheckfor anexistenceof a root in thetime interval.
Wealsotake into accountdistancethresholds.It takesabout3 usec
onaverageto performoneelementarytest.

Figure7: Path planning for a deformable catheter: Our collision detectional-
gorithmis usedfor pathplanningof a deformingcatheterin liver chemoembolization.
Thecatheteris modeledasa mass-springsystemwith 10K triangles. Thegeometric
modelof static arteriesand the liver hasmore than 83K triangles. Our algorithm
computesall thecontactsbetweenthecatheterandtheenvironmentin 60-90 msec.

6.1 Performance
Weuseourcollisiondetectionalgorithmin clothsimulationaswell
assurgicalplanningof acatheterinsertionfor liverchemoemboliza-
tion. We highlight the resultson threecloth simulationsshown
in Fig. 1, Fig. 2, and Fig. 8. The numberof polygonsin the
meshusedto modelthecloth vary from 10K to 40K. The time to
checkfor all collisions,includingself-collisions,is in therangeof
100 � 550msec.Theperformancedependson the input complex-
ity, outputcomplexity andthe numberof independentsetsgener-
atedusingchromaticdecomposition.Speci�cally, collision detec-
tion takesaround100� 150msecwhenthenumberof independent
setsis around10, and300� 550msecwhenthenumberof indepen-
dentsetsis around20. Weobservedthatcheckingfor self-collisions
takes3-5 timeslongerthancloth-objectcollision.

Wealsousedourcollisiondetectionalgorithmfor surgicalplan-
ning of a catheterin liver chemoembolization[Gayleet al. 2005].
Thecatheteris modeledasa mass-springsystemundergoing real-
time deformation. As the catheterdeforms,we check for self-
collisions as well as collisions with the arteries. The catheteris
modeledwith 10K polygonsandthearteriesaremodeledwith 83K
triangles(Fig. 7). Ourcollisiondetectionalgorithmtakesabout60-
90msecto computeall contactsduringeachtime step.A collision
freepathcomputedby thesimulatoris alsoshown in thevideo.

Wegive abreakupof therunningtimeof our collisiondetection
algorithmamongdifferentstagesasafunctionof modelcomplexity
in Fig. 9(a).ThestageI takesabout40� 50% of timeto updatethe
AABB hierarchy andperformculling. ThestageII of thealgorithm
takesabout35 � 45% of thetotal time. Wespendlessthan10% of
thetime in theelementarytests.

6.2 Comparison
Wehavecomparedtheperformanceandculling ef�ciency of oural-
gorithmagainstprior collisiondetectionalgorithmsfor deformable
models.CurrentGPU-basedalgorithmseitherdonotcheckfor self-
collisionsor their accuracy is limited by image-precision.There-
fore, we have limited our comparisonto object-spacealgorithms
basedon boundingvolume hierarchies. Most collision detection
algorithmsuseAABBs or spheresasboundingvolumes,sincethe
costto updatethehierarchy is relatively low [LarssonandAkenine-
Möller 2001;vandenBergen1997].Thesehierarchiesareupdated
duringeachtime stepandusedto computepotentiallyoverlapping
pairsof primitives. Finally, thesealgorithmsperformelementary
testsbetweenthe primitivesat the leaf nodes.We do not perform
elementarytestsbetweenthesharededgesor vertices.

We comparetheperformanceof our algorithmwith AABB and
spherehierarchies. In our benchmarks,the culling obtainedby
spheretreesis ratherpoor as comparedto the AABB trees. As
thecloth deforms,many trianglesbecomelong andskinny andthe
boundingspherescanbecomeratherlarge.Ouralgorithmalsocom-
putesanAABB hierarchy, but only usesthehierarchy to cull away
non-adjacentprimitives that do not overlap. Fig. 9(b) shows the



Figure 8: Folding Curtains: This simulationhighlights a stage scenewith two
folding curtains.Each curtain is modeledusing32; 500 trianglesandwedecompose
each meshinto 10 independentsets. As the simulationprogresses,the curtainsare
pulled closerand generate complex folds and wrinkles. Our algorithm computesall
self-collisionswithin each curtain in about100 msec.

improvementin theoverall runningtimeobtainedby ouralgorithm
in aclothsimulation,wheretheclothhasabout32K triangles.Fig.
9(d) comparesthe culling ef�ciency of our algorithmin termsof
elementaryVF andEEtests.
Speedups:Our algorithmobtainsspeedupdueto fewer numberof
elementarytestsbetweenthe primitives. In our benchmarks,we
have observed � ve times improvementin the running time even
without 2.5Doverlaptests,i.e. without StageII. This performance
improvementis dueto ourdecompositionof theprobleminto ACD
and NACD. Our algorithm resultsin relatively fewer falseposi-
tives betweennon-adjacentprimitives. Furthermore,we usethe
resultsof NACD to cull away a high fraction of elementarytests
betweentheadjacentprimitives. If we perform2.5D overlaptests
on theGPUs(i.e. StageII), weachieveup to 15 � 20 timesoverall
speedup,becauseof high culling ef�ciency in closeproximity sce-
narios.As aresult,theuseof GPU-based2.5Doverlaptestsresults
in additionalspeedupof 3 � 4 times.

7 Analysisand Limitations
We analyzethe complexity of our algorithm by analyzingeach
stageof the algorithmseparately. Updatingthe AABB hierarchy
andperformingculling testsduringthe�rst stagetakesO(n) time,
wheren is the numberof primitives. The complexity of the sec-
ondstagealsodependson thenumberof independentsets.Givena
pairof independentsets(Si ; Sj ), thecollisionculling algorithmre-
quiresO(kSi k + kSj k) operations.Therefore,eachsetSi requires

an averageof O( k kS i k+ n
2 ) operationsto test for overlapsagainst

othersets.As a result,therun-timecomplexity of theself-collision
culling algorithmis O(kn). Thecomplexity of thethird stageis a
functionof thenumberof non-adjacentprimitivesthatarein close
proximity or overlapping.Finally, thefourthstagetakeslineartime.

In ourcurrentbenchmarks,mostof thequerytimeis spentonthe
�rst two stages:75- 90% of the querytime. Sinceour algorithm
culls a very high fraction of non-overlappingprimitive pairs, we
needto performrelatively fewerelementarytests.The2.5Doverlap
testsareusefulwhena high numberof non-adjacentprimitivesare
in closeproximity. If thePCScomputedafterthe�rst stageis small,
we neednot usethe 2.5D overlap tests,thereforeeliminating the
secondstageof thealgorithmall together.

The decompositionof the original problem into adjacentand
non-adjacentprimitives,alongwith a fast set-basedculling algo-
rithm enablesusto achievealmostinteractiveperformanceoncom-
plex deformablemodels. Sincewe �rst checkfor overlapsonly
amongnon-adjacentprimitives,we areableto performsigni�cant
culling andsigni�cantly reducethenumberof falsepositives.Fur-
thermore,we usethe resultsfrom non-adjacentprimitives to cull
away a very high fractionof elementarytestsbetweentheadjacent
primitives.
Limitations: Our algorithmhasa few limitations. We restrictour
inputsto bepolygonalmesheswith �x edconnectivity. Theculling

ef�ciency of ouralgorithmcanvarybasedontherelativecon�gura-
tion of theprimitivesin themeshandtheir placementwith respect
to theviewing directionsusedfor 2.5Doverlaptests.Ourset-based
culling algorithmworkswell whenthenumberof overlappingpairs
is relatively small. If therearea high numberof colliding or pen-
etratingprimitives,theresultingPCScanbehigh andwe maynot
bene�t much from set-basedculling algorithm. The 2.5D based
overlap testsare more effective when the primitives are in close
proximity. Finally, our chromaticdecompositionalgorithmbased
ongraphcoloringmayproduceahighnumberof independentsets,
eventhoughthenumberof setshavevariedin therange10 � 20 in
ourbenchmark.

8 Conclusions
We presenta novel algorithmfor collision detectionbetweende-
formablemodels.WedecomposetheproblemintoACDandNACD
andprecomputea chromaticdecompositionof the mesh. We use
a linear-time culling algorithm that performs1D and 2.5D over-
lap tests. We have appliedour algorithmto multiple benchmarks
in cloth modelingandmedicalsimulation. Our initial resultsare
promisingandwe have observedmorethananorderof magnitude
improvementin runningtimeoverpreviousapproaches.

Therearemany avenuesfor future work. We canimprove the
performancefor complex deformablemodelsby groupingtheprim-
itives into small clusters(e.g. 2-4 polygons)andthencomputing
potentiallycolliding setsof clustersusingtheAABB-hierarchy and
2.5D overlaptests. Currently, we only computepairsof overlap-
ping primitives. It maybepossibleto combineour algorithmwith
curvature-basedteststo further improve the culling performance.
Wewould like to relaxourassumptionabout�x edmeshconnectiv-
ity andincrementallyupdatethe chromaticdecomposition,when-
ever the connectivity changes.We would like to apply our algo-
rithm to higher-orderprimitivesincluding NURBS or subdivision
surfaces.In thiscase,wemaybeableto directlycomputethechro-
maticdecompositionbasedon subdivision rules,asopposedto us-
ing graphcoloringalgorithms.Finally, weplanto useourcollision
detectionalgorithmin otherapplicationsincludingavatarsin virtual
environments.

Acknowledgments
Our work was supportedin part by ARO ContractsDAAD19-
02-1-0390 and W911NF-04-1-0088, NSF awards 0118743,
0400134,0429583and 0404088,ONR Contract N00014-01-1-
0496,DARPA/RDECOM ContractN61339-04-C-0043,Alias and
Intel. We would like to thankNVIDIA corporationfor hardware
anddriversupport.Wewouldliketo acknowledgeAvneeshSudfor
video editing andBrandonLloyd, Mike Henson,andothermem-
bersof UNC GAMMA groupfor their feedback.Wearealsograte-
ful to thereviewersfor their comments.

References
BACIU, G., AND WONG, S. 2002. Hardware-assistedself-collisionfor deformable

models.ACM SymposiumonVRST, 129–136.
BARAFF, D., AND WITKIN, A. 1998. Largestepsin cloth simulation.Proc.of ACM

SIGGRAPH, 43–54.
BARAFF, D., WITKIN, A., AND KASS, M. 2003. Untanglingcloth. Proc. of ACM

SIGGRAPH, 862–870.
BARAFF, D. 1992. Dynamicsimulationof non-penetrating rigid bodysimulation.

PhDthesis,CornellUniversity.
BREEN, D., HOUSE, D., AND WOZNY, M. 1994.Predictingthedrapeof wovencloth

usinginteractingparticles.Proc.of ACM SIGGRAPH, 365–372.
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