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Abstract

We presenta novel algorithmfor accuratelydetectingall contacts,
includingself-collisions betweerdeformablemodels.We precom-
putea chromaticdecompositiorof a meshinto non-adjacenprim-
itivesusinggraphcoloring algorithms. The chromaticdecomposi-
tion enablesusto checkfor collisionsbetweemon-adjacenprimi-
tivesusinga lineartime culling algorithm. As aresult,we achieve
higher culling ef ciency and signi cantly reducethe number of
falsepositives. We useour algorithmto checkfor collisionsamong
complex deformablemodelsconsistingof tensof thousandf tri-
anglesfor cloth modelingand medicalsimulation. Our algorithm
accuratelycomputesall contactsat interactve rates. We obsenred
upto anorderof magnitudespeedupver prior methods.

CR Categories: 1.3.5 [Computing Methodologies]: Compu-
tational Geometryand Object Modeling—Geometricalgorithms;
1.3.7 [Computing Methodologies]: Three-DimensionalGraphics
and Realism—\sible surfacealgorithms,animation,virtual real-
ity;

Keywords: Deformablecollision detection self-collision, graph
coloring,cloth simulation

1 Intr oduction

Dynamicsimulationof deformablemodelsis essentiato mary ap-
plications,including characteanimation pathplanning,computer
gaming,hapticrenderingmedicalsimulationandhuman-computer
interaction.Fastandaccuratecollision detectionis critical for gen-
eratingrealisticdeformationandachiezing real-timeperformance.
In this paper we addresshe problemof computingall contacts
betweendeformableobjectsfor interactive simulation. We restrict
our inputsto polygonalmeshesndassumehatmeshconnectvity
doesnot changethroughoutthe simulation. The meshprimitives
may undego ary motion, but no verticesor edgescanbe inserted
or deletedn themesh.We make no otherassumptionsvith respect
to modeltopology vertex connecwity, or theunderlyingsimulation
model. Many commonlyusedmodelsfor interactve deformation,
suchasmass-springystemsfree-formdeformationpoundaryele-
mentmethodsandlinearized nite elementmethodssatisfythese
constraints.

Oneof thedriving motivationsfor this work is cloth simulation.
Ef cient androbusthandlingof contactgemainsamajorchallenge
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Figurel: Benchmark I: Thissimulationgenemtescomplex folds and wrinkleson
the skirt. Theclothis modeledasa meshwith 13K triangles. Our collision detection
algorithmaccurately cheds for all self-collisionswithin 400-500msluring ea step
of the simulation. e signi cantly reducethe numberof false positivesand perform
relativelyfew exactintersectiontestsbetweerthe primitives.

in simulating cloth dynamics[Baraff et al. 2003; Bridson et al.

2002; Volino and Thalmann2000]. High-quality animationoften
requiresmodelingcloth with tensof thousandof massparticles.
This combinatoriacompleity leadsto mary collisionsandnumer

ousprimitive pairsin closeproximity. It is importantto accurately
detectall interferencesincluding self-collisionsandcollisionsbe-
tweenthe cloth and otherobjects. Even a single missedcollision

canresultin aninvalid simulationand noticeablevisual artifacts,
suchascloth passinghroughitself.

Several techniqueshave beenproposedto acceleratecollision
detection Most existing methods|ik e hierarchicarepresentations,
work well for rigid bodies. Someof thesemethodsextendto de-
formablemeshesput may not be ableto offer interactve perfor
manceon complex models. Only a limited numberof techniques
can handleself-collisionsfor deformablemodels— often at non-
interactve rateseven for relatively simple meshes.Accurateself-
collision detectionis challengingto performin real time because
mary adjacentor nearbyprimitives of a deformingmeshare al-
waysin closeproximity. Currentalgorithmsareunableto achiese
signi cant culling in suchcasesandoftenresultin a high number
of falsepositives. In practice,collision detection,especiallyself-
collisions,canaccountfor 50-90%o0f thetotal simulationtime and
maytake tensof second$or asingletime step.Thereforemary in-
teractve simulatorsfor deformablemodelseitheruseapproximate
algorithmsor do not checkfor self-collisions.



Main Results: We presenta novel algorithmfor fastandreliable
collision detectionbetweerdeformablemeshesvith x edconnec-
tivity. We assumehatthe simulatorproceedsn discretetime steps.
Continuousmotionis modeledby linearly interpolatingthe vertex
positions.In orderto ef ciently handleself-collisionsandperform
signi cant culling, we employ two new techniques:

1. Chromatic Mesh Decomposition: As partof a preprocess,
we partition the meshof eachdeformingobjectinto independent
sets We ensurgthatno two primitiveswithin eachsetareadjacent
andimposesomeadditionalconstraintsWe computethechromatic
decompositiorby performinggraphcoloring on the extended-dual
graphof the mesh. Our chromaticdecompositiortransformsthe
self-collisiondetectionprobleminto pairwiseN-body collision de-
tectionbetweemon-adjacenprimitives.

2. Set-basedSelf-Collision Detection: We usea set-basedor-
mulationto computepotentially colliding primitives within each
independenset. Our algorithmculls away primitiveswithin each
setusinga boundingvolumehierarcly. We describea lineartime
culling algorithmthat performs1D overlaptestson the CPU and
2.5Doverlaptestson the GPU.We exploit spatialrelationshipse-
tweenthe primitivesandalsoframe-to-framecoherenceo reduce
thenumberof exactoverlaptests.

Ouralgorithmis robustandcanhandlevarioustypesof meshesvith
arbitrarytopologyandconnectvity. Theoveralltime compleity of
thealgorithmis nearlylinearin thesizeof theinputandthenumber
of primitive pairsin closeproximity. We have implementedur al-
gorithmon aPCwith a3:4 GHz PentiumlV CPUandanNVIDIA
GeForce 6800 GPU and appliedit to mary complex deformable
meshesincluding cloth simulationwith 10K - 40K polygonsand
a medicalsimulationwith over 90K polygons. We can compute
all the contactswithin 60 550 msecper framein IEEE 64-bit
oating-point arithmetic.We alsocomparethe performancef our
algorithmwith earliertechniquedasednboundingvolumehierar
chies.Our set-basedulling algorithmreduceghe numberof false
positives by morethanan orderof magnitudefor closeproximity
con gurations.And, we have obseredupto anorderof magnitude
speedup.

Organization: Therestof the paperis organizedin thefollowing
mannerWe suney somerelatedwork oncollisiondetectionin Sec-
tion 2. Section3 givesanoverview of ourapproachandwe present
our algorithmto computea chromaticdecompositiorin Section4.
Section5 describeshe set-basedollision detectionalgorithmand
we highlightits performancen differentbenchmark@ Section6.
We analyzethe runtime compleity of our algorithmin Section7
anddiscusssomeof its limitations.

2 RelatedWork

In this sectionwe give a brief overview of relatedwork in collision

detectionandcloth simulation. The problemof collision detection
hasbeenextensiely studiedandsomerecentsureys areavailable
in [Lin and Manocha2004; Teschneret al. 2004]. We limit our
discussionto collision detectionbetweendeformablemodels,in-

cludingcloth.

2.1 Hierarchical Approaches

Many collision detectionalgorithms use spatial partitioning or
boundingvolumeshierarchiedo acceleraténterferencecomputa-
tions. Differentboundingvolumesincludingaxis-alignedounding
boxes (AABBSs) [Bridson et al. 2002; Baraf et al. 2003; DeRose
et al. 1998] and k-DOPs[Mezger et al. 2003; Volino and Thal-
mann 2000] have beenusedto acceleratecollision detectionbe-
tweendeformablemodels.The costof updatingthe hierarchiesan
be high andit is relatively inexpensve to usespheresor AABBs
as boundingvolumes. Recently algorithmshave beenproposed
to lower the overheadof updatingthe hierarcly during eachtime
stepof thedeformablesimulation:includingtop-davn andbottom-

Figure 2: Benchmark Il : We useour collision detectionto computeall contacts,
includingself-collisionsduring cloth simulation. Thecloth meshconsistof more than
23K trianglesand our chromaticdecompositiompartitionsthe meshinto 19 indepen-
dentsets.Our algorithmaccurately computesll the collisionswithin 400-550 msec
during ead stepof the simulation.

up techniquegLarssonandAkenine-Moller 2001;vandenBemen
1997], models deformed by morphing [Larsson and Akenine-
Maoller 2003],anda sub-lineastime algorithmfor deformablemod-
elsexpressedslinearsuperpositiorof precomputedlisplacements
[Jamesand Pai 2004]. Kimmerle et al. [Kimmerle et al. 2004]
presentanimproved stochasticcollision detectionalgorithmusing
hierarchieof k-DOPsandpermitatrade-of betweeraccurag and
speed.However, thesehierarchiegnay not be ableto performsig-
ni cant culling. The overlaptestsperformedusingboundingvol-
umescan be rather conserative especiallywhen sometriangles
have high aspectatiosor theprimitivesarein closeproximity con-
gurations (e.g. wrinkles, folds, self-collisions).In practice these
algorithmscanresultin a highnumberof falsepositives.

2.2 GPU-basedCollision Detection

GPUshave beenusedto performinterferenceand proximity com-
putations[Heidelbeger et al. 2003; Knott and Pai 2003; Govin-

darajuetal. 2003;Govindarajuet al. 2004;Rossignaet al. 1992].
Thesealgorithmsinvolve no preprocessingndaredirectly applica-
bleto deformablenodels.SomespecializedsPU-base@lgorithms
have alsobeenpresentedor self-collisionandcloth collisiondetec-
tion [BaciuandWong2002;Heidelbegeretal. 2004;Govindaraju
etal. 2005;Vassiler etal. 2001]. However, thesealgorithmsmaybe
limited in termsof handlingthe type of input models(e.g. closed
objects)and contactcon gurations (e.g. tangentialcontacts). A

major limitation of the GPU-basedlgorithmsis thatthe interfer

encecomputationsare performedat image-spaceesolution. As

aresult,thesealgorithmscanmiss collisionsbetweensmall trian-

glesdueto samplingerrors.Someenhancementsasedn comput-
ing offsetsof primitives have beenproposedo overcomeimage-
precisionerrorsand checkfor overlapsamongdisjoint objectsat
object-spaceesolution[Govindarajuet al. 2004]. However, these
approachesannothandleself-collisions.

2.3 Cloth Collision Detection

Many otheralgorithmshave beenproposedor collision detection
and avoidance. Someearlier methodsusedrepulsionforces be-
tweenthe two potentially colliding primitives [Baraff and Witkin

1998;Breenetal. 1994;Huh et al. 2001] andactualcollisionsare
testedby interferencecomputationdetweerthe primitives. Volino

and Thalmann[1994] presentedh sufcient conditionfor detect-
ing self-collisionsin highly tessellatedurfacesusingcunatureand
convexity propertiegMezgeretal. 2003;Provot 1997;Volino and
Thalmann2000]. This testcanbe appliedin a hierarchicaimanner



on large models,thoughit canbe expensve for interactve appli-
cations[Volino and Thalmann2000]. Many algorithmstreateach
polygonalprimitive as a separatebjectand apply N -body colli-
sion detectionalgorithmsbasedon uniform grids or AABB based
sorting[Baraff 1992; Cohenet al. 1995]. However, prior N-body
approachesave two major limitations in termsof usingthemfor
self-collisiondetection.First, thelevel of culling basedon AABBs
or rectangularcells of a grid may be low. Secondthe storagere-
quirementsof coherencebasedsorting algorithmscan grow asa
quadratidunctionof the numberof primitives.

Approximate Technigues: Giventhe compleity of self-collision
detectionmary interactive algorithmseitherdo not checkfor self-
collisions[CordierandMagnenat-Thalman2002;Fuhrmanretal.
2003] or perform approximatecollision detectionusing multiple
layers[KangandCho2002]or voxelizedgrids[Meyeretal. 2000].
It may be dif cult to give boundson the accurag of a simulation
with approximatecollision detection.

3 Overview

In this section,we introduceour notationandgive an overview of
ourapproach.

3.1 Notation and Background

We focus on fast collision detectionbetweendeformablemodels
representedsingpolygonalmeshesThe meshrepresenting de-
formableobjectcanhave arbitrarytopologyor vertex connecwity.
We assumehatthemeshconnectvity or thepolygonneighborhood
information doesnot changeduring the simulation. Suchmeshes
canbe usedto modelstretching shearingandbending. The simu-
lator proceedsn discretetime steps,andduring eachtime stepwe
usea piecavise linearmotion of the verticesto modelthe continu-
ousmotionof thetrianglesin themesh.

We usethefollowing notationin therestof the paper The mesh
is representedising the symbol M , andthe polygonalprimitives

gonsin M. The symbolsv ande areusedto denoteverticesand
edgesrespectiely, of apolygon.Weuse t torepresenthemax-
imum time stepbetweersuccessie instance®f the simulator We
usethe symbolP; to referthe sweptvolumeof a primitive p; dur
ing theinterval [0; t] andrepresenthevolumewith aprism. The
function Adj (pi; p; ) testsif two primitivesp; andp; areadjacent,
i.e.,sharea commonedgeor a vertex.

Exact elementarytestsbetweenfeatures: Checkingwhetherthe
sweptvolumesof two primitives overlap reducesto performing
elementarytestsbasedon co-planarityconditions. Theseinclude
vertex-face(VF) andto edge-edg€EE) elementarntests.Eachel-
ementarytestrequiresthe computatiorof rootsof a cubicequation
thatlie in theintenal [0; t] [Provot 1997; Bridsonet al. 2002].
In caseof non-adjacentriangles,we perform9 EE testsand6 VF
tests.For adjacenpolygons,we do nottestthe sharedverticesand
edgedfor co-planarity We alsoadddistancethresholdconstraints
in thevertex-faceor edge-edgeo-planarityconditionsfor collision
response€omputations.

3.2 Our Approach

GivenameshM , the goal of self-collisiondetectionis to compute
the rst time of contactt 2 [0; t], suchthatno two primitivesin
the meshoverlapat ary time in the interval [0; t]. Otherwisewe
reportthereare no collisionsbetweenthe two discretetime steps.
We cull primitivesthatdo notoverlap,reducingthenumberof false
positivesin termsof VF or EE elementanytests.In therestof this
paper we describeour algorithmto detectself-collisionsin a de-
formablemesh. Our algorithmcanbe directly appliedto collision
detectionbetweentwo differentobjectsusing CULLIDE [Govin-
darajuetal. 2003].

We decomposéheself-collisiondetectiorprobleminto two sub-
problems:

Non-Adjacent Collision Detection (NACD) betweennon-

a b

FigureS: Chromatic(dc)acompositionand reordering: \(/\e)decomposa rectangu-
lar meshwith polygonsp; into nineindependensets,eat shownin a differentcolor

(eg. inFig. 3(2)f p1; p3 9. f p‘j; pg g). Weusea linear-timealgorithmto computehe
chromaticdecompositiorof rectangularmeshes For each pair of sets(e.g. S', S!),

we reorder the primitivessud that p: 2 S' and p{ 2 sl are adjacent. Fig. 3(a)

and3(b) showthereorderingof primitivesin theremainingsetsbasedon the primitive
orderin thesetsS! andS?, respectively

adjacentprimitives(e.g. the pairsf p3; p3g, f p5; pg in Fig.

3(a)).

Adjacent Collision Detection(ACD) betweeradjacenprim-
itives(e.g.thepairsf pt; p3g, f p; pSgin Fig. 3(a)).

The ACD amountsto checkingO(n) pairsof adjacentprimitives
for overlap by performingelementarytests. On the other hand,
NACD involvescheckingupto O(n?) pairsfor overlap. Therefore,
the performancef a self-collisiondetectionalgorithmis governed
mainly by theperformancef NACD, in termsof reducinghenum-
ber of falsepositvesbetweemon-adjacenprimitives. We usethe
problemdecompositiorandcheckfor self-collisionsas:

1. Computeall pairsof overlapping,non-adjacenprimitivesus-
ing a lineartime culling algorithm. We obtain high culling
ef ciency becausave areonly consideringoverlapsbetween
non-adjacenprimitives.

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

In orderto computepairs of overlappingnon-adjacenprimi-

calledindependensets NACD performsexact intersectiontests
betweennon-adjacenprimitives (p'; p' ) within every pair of sets
(8';9);p 2 S';p 2 9. Inorderto ignore collision testsbe-
tweenadjacenprimitives,we introduceconstraintandensurethat
eachprimitive in one independensetis adjacentto at mostone
primitive in anotherindependenset, asshavn in Fig. 3(b). We
computea extended-duagyraphof the meshandusegraphcolor
ing algorithmsto decomposehe meshinto independensets,i.e.
chromaticdecomposition.

We presentan ef cient self-collisionculling algorithmto com-
putethe overlappingprimitiveswithin eachpair of sets.We extend
the idea of potentially colliding sets(PCS) presentecby Govin-
darajuet al. [2004] to handlesweptvolumes(i.e. the prisms). In
particular aprimitivein asetS' is potentiallycolliding if its swept
volumeduringthetimeintenal [0; t] overlapswith thesweptvol-
umeof somenon-adjacenprimitivein asetS' during[0; t]. We
computethe PCSby making linear passeover the primitivesin
theindependensetsand usingreliableimage-base@.5D overlap
teststo cull non-overlappingprimitives.We alsopresentechniques
basedon temporalcoherencenddepthrelationshipgo reducethe
numberof 2.5D overlaptests.

Collision Detection: We use a set-basectollision detectional-
gorithm to computeall pairs of non-adjacenbverlappingprimi-
tives. In orderto improve the culling performanceywe precompute
aAABB hierarcly in abottom-upmannerfor eachmesh.Theleaf
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Figure4: Self-collisiondetectionalgorithm: Our algorithm pro-

ceedsdn four stages. Stages| andll performbroadphasecollision
detectionand cull manyof the primitivesthat do not overlap with

other non-adjacentprimitives. Stege Il is optional and performs
2.5D overlap testswhenthe PCScomputedafter stege | is large.

Stageslil andlV performelementantestson the primitivesfor ex-

actcollision detection.

nodesof the hierarcly enclosethe sweptvolumeof a single poly-
gonof the mesh.We addan offsetto eachbox in the hierarcly to
accounffor distancetolerancesisedin collision resolutioncompu-
tation. Our overall collision detectionalgorithm proceedsn four
stageqgasshavn in Fig. 4):

Stagel: Updatethe AABB hierarcly to accountfor chang-
ing vertex positions. Usethe hierarcly to cull primitivesin
independensetsthat do not overlapwith othernon-adjacent
primitives(Section5.1).

Stagell: Usea set-basedulling algorithmandperform1D
and2.5D overlapteststo computethe PCSfor eachindepen-
dentset(Section5.2).

Stagelll: Computepairsof overlapping,non-adjacenprim-
itivesby performingexactVF andEE elementaryestson the
primitiveswithin eachPCS(Section5.3).

StagelV: Checkfor overlapsbetweeradjacenprimitivesby
performingelementarytestsand eliminatefalse positives by
usingtheresultsof Stagelll (Section5.4).

4 Chromatic Mesh Decomposition

In this section,we presentour meshdecompositioralgorithmfor
computingindependenstets. Given a polygonalmesh,we trans-
form the meshdecompositiorprobleminto a graphcoloring prob-
lem andcomputea chromaticdecompositiorof the graph.We rst
de ne theindependensetsandthenpresentan algorithmto com-
putethem.

4.1 IndependentSets

The goal of meshdecompositioris to partition a meshM into k

disjointindependensetsS' suchthatM = S*[ S?[ :::[ S,

and8i; j; S'\ S = ;. EachindependensetS' is composedf a
setof primitivesp, ;1 m  kS'k. We imposetwo constraints
onthe primitiveswithin eachS':

1. No two primitivesin S' areadjacentand

2. For every pair of independensets,(S'; S' ), we ensurethat
eachprimitive p' 2 S' hasat mostone primitivep 2 S
suchthatAdj (p'; p') is true.

Theseconcconstrainis requiredby our self-collisionculling algo-

rithm, which is describedn Section5. We illustratethe decompo-
sitionfor arectangulameshin Fig. 3. Notethatary two polygons
belongingto the sameindependensethave a gap of at leasttwo

polygonsbetweerthem.

4.2 Graph Coloring

We transformmeshdecompositiorinto a graphcoloring problem
andcomputeindependensets.A setof verticesin agraphis called
anindependensetif notwo verticesof the setareconnectedn the
graphby anedge.Graphcoloringassignsachvertex a color such
thatno two adjacentverticesof the graphhave the samecolor. All
verticeswith the samecolor aregroupednto a color class[Jensen
and Toft 1995]. Graphcoloring resultsin a decompositiorof the
verticesnto differentcolor classesTheminimumnumberof colors
in ary propercoloringis calledthe chromaticnumberof agraph.

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

Eachprimitivep 2 M correspondso avertex V(p) 2 G.

An edge(V (p1); V(pm)) 2 G if andonly if oneof thefol-
lowing edgeconstraintsaresatis ed:

— EdgeConstraint 1: p; andpn arevertex-adjacent.e.,
Adj (pi; pm) is true,or

— Edge Constraint 2: Thereexists a primitivep 2 M
suchthatboth Adj (pi; p) andAdj (pm ; p) aretrue.

Notethatif we useonly EdgeConstraintl, we obtainthe stan-
darddualgraphof themesh.We extendthe standardiualgraphby
placing additionaledgesamongthe verticesbasedon Edge Con-
straint2. Thesetwo edgeconstraintgguaranteghatthe meshde-
compositionrcomputediusinggraphcoloringon G satis esthecon-
straintson the primitivesdescribedn Section4.1. The rst edge
constraintensureghat adjacenfprimitivesbelongto differentsets.
Thenon-adjacengis ensuredasan edgeexists betweerevery pair
of adjacentprimitivesin the graph. Graph coloring assignsdif-
ferentcolorsto the correspondingrerticesandthey arein differ-
entindependensets. The secondedgeconstraintensureghat no
two primitivesp;;p, 2 S' areadjacentto a commonprimitive
p 2 S'. OtherwisebothAdj (pi; p') andAdj (pm ; p') would be
true andtherewould be anedge(V (p); V (pm)) in G becausef
EdgeConstraint2.

Given a graph G, its decompositioninto color classess not
unique. In particular we can either minimize the numberof in-
dependensets,sayk, or computea decompositiorsuchthat the
numberof verticesin eachindependensetis boundedby some
constant.In this case our goalis to computea decompositiorthat
minimizesthe numberof independensets.This is mainly because
our self-collisiondetectionalgorithm (presentedn Section5) has
anexpectedcompleity of O(kn), wheren is the numberof prim-
itivesin M . As aresult,our problemreducego theminimal graph
coloring problem[Jenserand Toft 1995]. The minimal graphcol-
oring problemis a well-studiedproblemandhasbeenshavn to be
NP-hardfor generalgraphs. In mary casesthe meshhasa rect-
angularconnectvity andcanbe mappedio a quad-tree.Eppstein
etal. [2002] have presented simplelineartime algorithmfor col-
oring the squareof balancedand unbalancedjuad-trees We ex-
tendthis algorithmto take into accountour edgeconstraintsand
color mesheswith rectangularconnectity, i.e. every vertex has
four neighborsandevery polygonis rectangularin lineartime. An
exampleis shavn in Fig. 3. In orderto handlegeneralmeshes,
we usean extensionof the DSATUR algorithm [Brélaz 1979] to
computea graphcoloring. The overall algorithmis fastandhasa
worstcasecompleity 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 classess closeto the chro-
matic numberof the extended-duagraph. Theoretically a simple
upperbmﬂpdon the chromaticnumberof ary graphG = (V;E)
is(0:5+  2jjEjj + 0:25). Basedon our graphconstructioralgo-
rithm, we expectjj Ed'j = O(jjVjj) andhencealooseupperbound

forameshM isO(  jjM jj). Theoreticaboundsonk alsoexist as



a function of the maximumfacesizeandthe maximumvalencein
themesh[SandersandZhao1998].
The extended-duabgraph coloring computesk disjoint setsof

the primitivesin a setareassignedhe samecolor in the extended-
dualgraph.Givenadecompositiomf ameshinto independensets,
our algorithmreordersthe primitiveswithin eachpair of indepen-
dentsets. The orderof the primitivesis usedby our self-collision
detectionalgorithm which requiresthat every pair of primitives,

(p'; P ), in apairof independensets(S';S');1  i;j  k sat-
isfy thefollowing constraints:

Adj(pi;p}) = trug (1)
Adi(piipm) = Adj(piipw) = Adj(pi;ph) = falsel 6 m:

It is possiblethataprimitivep; 2 S' hasnoadjacenprimitivep] 2
S/ sincethe graph coloring algorithm only ensureshat at most
oneprimitive in a setis adjacento anotherprimitive in ary other
independenset.In suchcaseswetreatp] asN ULL . Thepseudo-
codefor our simplereorderingalgorithmfor a pair of independent
setsis givenin Algorithm 4.1.

REORDER(S', S1)
1 O =NULL /* output*/
2 for eachprimitive P in S'
3 for eachprimitiveQ in S/
if Q isadjacentoP,
appendhepair (P; Q) to O andmarkQ
if noprimitiveQ in S! is adjacento P,
appendhepair(P,NULL )toO
8 for eachunmarled primitive Q in sl s
9 appendhepair(NULL ,Q)toO
9 returnO

N o g s

ALGORITHM 4.1: Reoderingalgorithm: Thereoreringalgorithmcomputes
pairs of adjacentprimitives betweertwo independensets,and outputsa list of sud

pairs O . Our edge constaintsensue thata primitivein asetS' canhaveat mostone
adjacentprimitive in anothersetSi ;j 6 i. Ifj = i, thentheadjacentprimitive is

itself. If a primitveP 2 S' hasno adjacentprimitiveQ 2 S!, thenweappendthe

pair (P; N ULL ) (Lines6 and7). Similarly, weoutput(N ULL; Q) for unmarled

primitivesQ 2 Sl (Lines8and9).

5 Collision Detection

In this section,we presentour self-collision detectionalgorithm.

We usepropertiesof chromaticmeshdecompositiorand perform

set-basectulling to computepotentially colliding, non-adjacent
primitives. Finally, we useelementantestsfor exactcollision de-

tection. We initially computea prism P, for eachprimitive p; and

alsocomputea boundingbox aroundeachprism. Our collision de-

tection algorithm proceedsn four stagesas describedn Section

3

5.1 Set-basedCulling Using AABB Hierar chy

We dynamically updatethe AABB hierarcly for the meshin a
bottom-upmanner We updateleaf nodestakinginto accountheir
vertex positions. The size of the boxesareincreasedasedon the
distancethreshold .Next, we updatethe AABBs of theparentnode
basedon the children's AABBs. We usethe AABB hierarcly to
cull primitivesthatarenot overlappingwith ary othernon-adjacent
primitive. We computea boundingbox for eachprimitive Py, ,
checkfor overlapsusingthehierarcly, andignorethe overlapswith
adjacenprimitives. The overlaptestsare performedef ciently by
testingthe hierarcly againstitself. We shav the potentially col-
liding setof trianglesin a cloth modelcomputedusingthe AABB
hierarcly in Fig. 5(a).

5.2 Set-basedCulling Using2.5D Overlap Tests

In this section,we presenbur lineartime algorithmthat performs
reliable 2.5D overlaptestsusing GPUs. For eachindependenset,

(a) Collision Culling with AABB
hierarchy

(b) Collision Culling with AABB
hierarchy + 2.5D overlaptests
Figure 5: Improved 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). Thisresultsin more than 65K pairwise elementarytests(VF + EE). The
right image showsthe 524 potentiallycolliding triangles(in orange) computechfter
the 2.5D overlap tests(i.e., the outputof Stage 11), which resultsin 2; 737 pairwise
elementarytests.

ouralgorithmcomputesa PCSassociatewith thatindependenset.
We also presenttechniquego reducethe numberof 2.5D overlap
testsby performing1D testson the CPU and usetemporalcoher
ence.

Given a decompositiorof a meshinto independensets,as ex-
pressedn Eq. (1), we checkthe non-adjacenprimitives within
eachset for collisions. Given an independentS' and a primi-
tive P}, we de ne two subsetsS.,, = fP;;::

decompos¢he NACD probleminto two subproblems:

Intra-Set Collision Detection (S'; S'): Testeachtriangle
Pm 2 S' for overlapwith its non-adjacenprimitivesin S'
i.e.,S.y, ,andS., .

Inter-Set Collision Detection (S';S', i 6 j): Testeach
primitive P}, 2 S' for overlapwith its non-adjacenprimi-
tivesin S i.e. SL,, , andS.,, . Similarly, testeachprimitive
Pl, 2 S for overlapwith its non-adjacentrianglesin S' i.e.
Sim ,andSiy, .

As aresult, the collision detectionproblemreduceso performing
O(k) intra-setcollision detectionsindO (k?) inter-setcollisionde-
tections.

5.2.1 2.5Doverlap tests

We extendtheset-basedulling algorithm,CULLIDE [Govindaraju
etal. 2003],to performself-collisiondetection. CULLIDE checks
whetheroneobject,sayo;, overlapswith agroupof objects sayO,
by performingvisibility computationdetweerthem. If o; is fully
visible with respectto all the objectsin O alongary viewpoint,
theno; doesnotoverlapwith ary objectin O. We referto this test
asthe 2.5D overlaptestbetweeno; andO. The 2.5D overlaptest
implicitly checkswhetherthereexists a separatingsurfaceof unit
depthcompleity from a givenview direction. We implementthis
testusingocclusionquerieson a GPU.An occlusionqueryreturns
the numberof pixels that passthe depthtest. In orderto perform
the2.5Dtestsusingocclusionquerieswe rst renderall theobjects
in O andcomputeits visible surfacein the depthbuffer. We then
rendertheobjecto; usinganimage-spacecclusionqueryandtest
whetherthedepthof all rasterizedragmentof o; arein front of the
visible surfacein the depthbuffer. We overcomeimage-precision
errorsin occlusionqueriesby adding an offset to the bounding
sweptvolumeof eachprimitive [Govindarajuetal. 2004]. Thesize
of the offsetis a function of the pixel resolutionusedto perform
theoverlaptests.In practice the 2.5D overlaptestis lessconsera-
tive ascomparedo boundingvolumebasedestsandculls alarger
fractionof non-overlappingprimitivesin closeproximity.
CULLIDE performsa lineartime 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 betweerindependent



sets.If we treateachpolygonin aconnectedneshasaseparateb-
ject, CULLIDE would notbeableto cull ary primitive andthe PCS
would consistof all the primitivesin theset. In thesamemannerif
we apply CULLIDE to aunionof two setssayS' andS', it would
performno culling becausesvery primitive in S' hasan adjacent
primitivein S' .

5.2.2 Self-Collision Culling

We presenta modi ed lineartime algorithmthat uses2.5D over

lap teststo perform self-collision culling. We take advantageof

chromaticdecompositiorandpropertiesof independensetsto cull

the non-overlappingprimitiveswithin eachPCS.Our meshdecom-
positionalgorithmensureghat every primitive P, 2 S' hasone
adjacenelementP), 2 S' andP}, partitionsS'  fP), gintotwo

subsets:S,,, andS., . We make two linear passesver these
sets.

First pass: Traversethe primitivesin S' from the lastto the
rst. During the traversal, we testif the currentprimitive
Pm 2 S'isfully visible aginstthepreviously renderegrim-
itivesin S’ usinga 2.5D overlaptest(i.e., with primitivesin
Sbm ). We thenrenderthe potentiallyintersectingprimitive
Pl 2 S intotheframebuffer.

Secondpass: Traversethe primitivesin S' from the rst
primitive to thelast. During eachscanwe only testthe prim-
itive Py, 2 S' which wasfully visible in the rst passfor
potentialoverlapwith the PCSin S’ (i.e. Sk, ). Wethen
renderPl, 2 S into theframebuffer.

The two passesare sufcient to testeachprimitive in S' against
non-adjacentpotentiallyintersectingprimitivesin S' . We repeat
the samealgorithmto computethe PCSfor thesetS! in (S'; ).
We usemultiple view directionsalongthe threeworld-spaceaxes.
The pruningalgorithmis usedrepeatedltill the PCSdoesnotde-
creasehetweersuccessie instancesThe sametwo-passlgorithm
is usedfor theinter-setandtheintra-setculling. The2.5D overlap
testscancull away a high numberof non-overlappingprimitivesin
closeproximity (Fig. 5(b)).

5.2.3 Reducing2.5Doverlap tests

The self-collision algorithm describedabore performs2kn 2.5D
overlaptests,wherek is the numberof independensetsandn is
thenumberof primitives.In the caseof acomple« model,n canbe
very highwhile k is typically in therangel0 20. As aresult,the
overall performancef thealgorithmis governedby the numberof
2:5D overlaptestsusedfor self-collisionculling. In thissectionwe
presenthreetechniqueshatusespatialrelationshipsandtemporal
coherenceo reducethe numberof 2.5D overlaptests.

View Coherence: We utilize coherencéetweerdifferentviews to
reducethe numberof 2.5D overlaptestsbetweeneachpair of sets
(S'; 9). Forexample,if aprimitive P}, doesnotoverlapwith ary
of the primitives S.,,, alongsomeview, thenP}, doesnot over
lap with ary primitive in S.,,, . Thereforewe do not needto ren-
derP}, while testingthe overlapstatusof primitivesin S.,, along
ary view. Speci cally, we do notrenderP/, aftertestingthe full-
visibility of Py, in the rst pass.We usea similar sufcient con-
dition to reducethe renderingoperationdn the secondpassbased
on the overlap betweenP), andS.;, . Intuitively, we arereduc-
ing thedepthcompleity of thePCSassociatedvith S! againstthe
PCSassociateavith S' by renderingonly the potentially overlap-
ping primitivesin S' . As aresult,view coherencecceleratethe
performancef the culling algorithm.

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

GPUCULL(S', §)

1 Mark eachprimitive Pli inS' aspotentiallycolliding /* Initialization */
2 n=jjs'jj = jjsi

3 for eachview

4 fork=ntol/* rst pass"/

5 if Pli 6 N ULL andis notfully visiblein rst pass

6 RenderP‘i with anocclusionquery

7 If fully visible, markPy as rst-pass-fully-visible

8 if Pli 6 N ULL andis notfully visiblein secondass

9 RenderP}

10 for k=1ton /* secondpass*/

11 if Pki 6 N ULL andis notfully visiblein secondbass
12 RenderP, with anocclusionquery

13 If fully visible, markPli assecond-pass-fully-visible
14 if Pli 6 N ULL andis notfully visiblein fully pass

15 RendeP)

ALGORITHM 5.1: self-collisionculling algorithm: Our self-collisionculling

algorithmproceedsn two passesLines4-9 performthe r st passandtestead prim-

itive P, 2 S' for overlapwith S!, . Similarly, lines10 15 performthe second
passand testead primitive Pli a\gainsts'<k . Ead visibility testis performedusing
anocclusionquery(Lines6 and 12) andtherenderingoperation during the occlusion
queryis performedwith thedepthtestGL _GE QU AL . Theremainingrenderingop-

erations(Lines9 and 15) are performedusingthe depthtestGL _LE SS. Primitives
which are fully visible in both r st and secondpasseso not collide with any of the
primitivesin Si andare prunedfromthe PCSof thesepair of sets.

overlaptests. In particular we projectthe AABBs of the primi-

tivesalongeachaxis andapply our culling algorithmdescribedn

Section5.2.2. The 1D overlaptestis performedusing the same
two-passalgorithm. In the rst pass,we maintainand updatethe
minimum and maximumvaluesof the AABB of the primitivesin

S.., alongeachaxis andcheckfor overlapagainstthe AABB of

Pm . Thesecondpassis performedn the samemanner Combined
with the conditionsusedto checkfor view coherencelD overlap
testscanreducethe numberof 2.5D overlaptests.

Temporal Coherence: The 2.5D overlaptestsare usedto check
whethera primitive is fully visible with respectto the restof the
primitivesalonga view direction. In mostinteractve applications,
thereis high coherencen the visibility relationshipsoetweenthe
primitives.We rearrangehe primitivesbasedntheorderin which

they werefully visible in the previous frame or the last viewing

direction. Dueto thetemporalcoherencewe expectthe primitives
to be fully visible in nearlythe sameorder This optimizationis

usefulfor reducingthe requirednumberof views usedto compute
the PCS.As aresult,we performfewer 2.5D overlaptests.

Ouroverall GPU-acceleratedulling algorithmis simpleandef-
cient. A pseudo-codelescriptionto computethe potentiallycol-
liding primitivesof asetS' againstasetS' is givenin Algorithm

5.3 Exact Tests:Non-Adjacent Primiti ves

The set-basectulling algorithm computesa PCSfor eachinde-
pendentset. In the third stage,we checkfor exact intersections
by performing elementarytestsbetweennon-adjacenpairs. We
rst meigethe PCSof all theindependensetsby computingtheir
union. Next, we performan N-body testbetweenthe elementso
computepotentially intersectingpairs. We useour AABB hierar
chy to quickly computethe potentiallyintersectingpairs. Finally,
we performelementanEE andVF testsbetweerthe pairsto check
for exactintersectionsWe explicitly maintaina list of all overlap-
ping, non-adjacenprimitivesandstorethis informationin the data
structuresusedto representhe mesh. Even thougheachedgeor
vertex canbe sharedby morethanonepolygon,we do not perform
redundank&E or VF tests.



Figure6: Culling elementarytestsbetweenadjacent primiti ves: If non-adjacent
trianglesin theseexamplesare not overlapping we do not needto performthe ele-
mentarytestbetweer(e;; e2) and(vy; T2) asshownin (a) and(vy; f2) asshown
in (b).

5.4 Exact Tests: Adjacent Primiti ves

In the last stageof the algorithm, we needto checkall adjacent
primitivesfor exactintersection. We performelementaryEE and
VF testsbetweenadjacentpolygons,but we do not testthe shared
edgeor vertex for co-planarityconditions.For example,giventwo

trianglessharinga vertex, we performonly 4 VF and5 EE tests.
Similarly if two trianglesshareanedge we performjust2 VF and
2 EEtests.

We usetheresultsof non-adjacenverlappingprimitive pairsto
cull mary of the elementantestsbetweenadjacenprimitives(i.e.
the falsepositives). We illustrate our algorithmwith a gure. For
example,in Fig. 6(a), T1 andT, arean adjacentpair of triangles
thatshareanedge.Let us assumehattheir neighboringtriangles,
T3 andT4, do notoverlap. As aresult,we do not needto perform
elementarytestshetween(es; ;) and(vy; T2). In Fig. 6(b), the
trianglesT: and T, sharea vertex. If T, and Tz do not overlap,
thenwe do not needto performanelementaryestbetweerthe pair
(v1;f2). In thismanneywe cancull a high numberof elementary
testsbetweerthe adjacenfprimitivesby usingthe resultsof Stage
1.

6 Implementation and Performance

We have implementedour algorithm on a PC running Windows
XP with a 3:4 GHz PentiumlV CPU,anNVIDIA GeForce 6800
GPU, and 2 GB of main memory We use hyperthreadingand
the PentiumIV SSE2optimizationsof the Intel compiler 8.0 to
improve the performance. Moreover, we use the asynchronous
GL_NV _occlusionqueryqueriesn OpenGLto implementfastand
reliable2.5D overlaptestson the GPU.We optimizeour rendering
throughputby usingthe GL_ARB _vertex_buffer_objectextensions
andavoid the stallsby batchingmultiple visibility queries.In prac-
tice, we areableto achiere 1:1M occlusionquerythroughputper
second.

Thechromatieomeshdecompositioralgorithmis performedonce
asapre-procesfor amesh.We usetheDSATUR algorithm([Brélaz
1979]to computethe color classes.In our benchmarksthis algo-
rithm works well andtakesapproximatelytwo secondn a mesh
with 10K triangles.The numberof independensetsis typically in
therangel0 20.

The 2.5D overlap testsare performedalong the three world-
spaceaxes using orthographicprojections. The reliable testsare
performedusinga viewport resolutionof 1K 1K . The prisms,
P, arecomputedbasedon the deviation and height of the nal
positionof eachvertex with respecto the planecorrespondindo
the initial positions. Whenthe time stepsusedin the simulation
aresmall, the prismtightly boundsthe sweptvolume of the poly-
gon. Moreover, the prism computationtime is relatively low. In
ourimplementationye areableto computethe prismsonthe CPU
and transferto the GPUsat the rate of 10K prismsin 10 msec.
Moreover, view coherencelD overlap testsand temporalcoher
encereducethe numberof 2.5D overlap testsby 20-60% in our
benchmarksWe haveimplementedheVF andEE elementaryests
usingintenal arithmetic.We computethe coefcients of the cubic
equationsaandcheckfor an existenceof arootin thetime intenal.
We alsotake into accountistancehresholdslt takesabout3 usec
on averageto performoneelementaryest.

Figure 7: Path planning for a deformable catheter: Our collision detectional-
gorithmis usedfor pathplanningof a deformingcatheterin liver chemoembolization.
Thecatheteris modeledas a mass-springsystemwith 10K triangles. The geometric
modelof static arteries and the liver has more than 83K triangles. Our algorithm
computesll the contactsbetweerthe catheterandthe environmentin 60-90 msec.

6.1 Performance

We useour collision detectioralgorithmin cloth simulationaswell
assumical planningof acatheteinsertionfor liverchemoemboliza-
tion. We highlight the resultson three cloth simulationsshavn
in Fig. 1, Fig. 2, andFig. 8. The numberof polygonsin the
meshusedto modelthe cloth vary from 10K to 40K. Thetime to
checkfor all collisions,including self-collisions,is in the rangeof
100 550msec.The performancelependn theinput comple-
ity, outputcompleity andthe numberof independensetsgener
atedusingchromaticdecomposition.Speci cally, collision detec-
tion takesaround100 150msecwhenthenumberof independent
setss aroundl0, and300 550mseovhenthenumberof indepen-
dentsetds around20. We obsenedthatcheckingfor self-collisions
takes3-5 timeslongerthancloth-objectcollision.

We alsousedour collision detectionalgorithmfor sumgical plan-
ning of a catheterin liver chemoembolizatiofiGayle et al. 2005].
The cathetelis modeledasa mass-springystemundegoingreal-
time deformation. As the catheterdeforms,we checkfor self-
collisions aswell as collisions with the arteries. The catheteris
modeledwith 10K polygonsandthearteriesaremodeledwith 83K
triangles(Fig. 7). Our collision detectioralgorithmtakesabout60-
90msecto computeall contactsduring eachtime step. A collision
free pathcomputedby the simulatoris alsoshowvn in thevideo.

We give a breakupof therunningtime of our collision detection
algorithmamongdifferentstagessafunctionof modelcomplexity
in Fig. 9(a). Thestagd takesabout40 50% of timeto updatethe
AABB hierarcly andperformculling. Thestagdl of thealgorithm
takesabout35 45% of thetotaltime. We spendessthan10% of
thetime in theelementanyests.

6.2 Comparison

We have comparedheperformanceandculling ef ciency of oural-
gorithmagainstprior collision detectioralgorithmsfor deformable
models.CurrentGPU-basedlgorithmseitherdo notcheckfor self-
collisionsor their accurag is limited by image-precision.There-
fore, we have limited our comparisonto object-spacalgorithms
basedon boundingvolume hierarchies. Most collision detection
algorithmsuseAABBs or spheresasboundingvolumes,sincethe
costto updatethehierarcly is relatively low [LarssonandAkenine-
Moller 2001;vandenBemen1997]. Thesehierarchiesareupdated
during eachtime stepandusedto computepotentiallyoverlapping
pairsof primitives. Finally, thesealgorithmsperformelementary
testsbetweernthe primitivesat the leaf nodes. We do not perform
elementarnyestshetweerthe sharededgesor vertices.

We comparethe performancef our algorithmwith AABB and
spherehierarchies. In our benchmarksthe culling obtainedby
spheretreesis ratherpoor as comparedto the AABB trees. As
the cloth deforms,mary trianglesbecomdong andskinrny andthe
boundingsphereganbecomeatherarge. Ouralgorithmalsocom-
putesan AABB hierarcly, but only usesthe hierarcly to cull away
non-adjacenprimitives that do not overlap. Fig. 9(b) shows the



Figure 8: Folding Curtains: This simulationhighlights a stage scenewith two
folding curtains. Eac curtain is modeledusing32; 500 trianglesandwe decompose
ead meshinto 10 independensets. As the simulationprogressesthe curtains are
pulled closerand geneite comple folds and wrinkles. Our algorithm computesall
self-collisionswithin ead curtainin about100 msec.

improvementin the overall runningtime obtainedby our algorithm
in acloth simulation,wherethecloth hasabout32K triangles.Fig.
9(d) compareghe culling ef ciency of our algorithmin termsof
elementaryVF andEE tests.

Speedups:Our algorithmobtainsspeedumueto fewer numberof
elementarytestsbetweenthe primitives. In our benchmarkswe
have obsered ve timesimprovementin the running time even
without 2.5D overlaptests,i.e. without Stagell. This performance
improvements dueto our decompositiorof the probleminto ACD
and NACD. Our algorithm resultsin relatively fewer false posi-
tives betweennon-adjacenprimitives. Furthermorewe usethe
resultsof NACD to cull away a high fraction of elementarytests
betweenthe adjacentprimitives. If we perform2.5D overlaptests
onthe GPUs(i.e. Stagell), we achiereupto 15 20 timesoverall
speedupbecaus®f high culling ef ciency in closeproximity sce-
narios.As aresult,theuseof GPU-base@.5D overlaptestsresults
in additionalspeedumf3 4 times.

7 Analysisand Limitations

We analyzethe complity of our algorithm by analyzingeach
stageof the algorithm separately Updatingthe AABB hierarcly
andperformingculling testsduringthe rst stagetakesO(n) time,
wheren is the numberof primitives. The compleity of the sec-
ondstagealsodepend®n thenumberof independensets.Givena
pairof independensets(S'; §' ), thecollision culling algorithmre-
guiresO(kS'k+ kS' k) operationsThereforeeachsetS' requires

an averageof O(""S'%) operationgdo testfor overlapsagainst
othersets.As aresult,therun-timecompleity of the self-collision
culling algorithmis O(kn). The compleity of thethird stageis a
function of the numberof non-adjacenprimitivesthatarein close
proximity or overlapping.Finally, thefourth stagetakeslineartime.

In our currentbenchmarksmostof thequerytimeis spentonthe
rst two stages:75- 90% of the querytime. Sinceour algorithm
culls a very high fraction of non-overlappingprimitive pairs, we
needto performrelatively fewerelementaryests.The2.5Doverlap
testsareusefulwhena high numberof non-adjacenprimitivesare
in closeproximity. If thePCScomputedafterthe rst stagas small,
we neednot usethe 2.5D overlap tests,thereforeeliminating the
secondstageof the algorithmall together

The decompositionof the original probleminto adjacentand
non-adjacenprimitives, alongwith a fastset-basedulling algo-
rithm enablesisto achieve almostinteractve performancen com-
plex deformablemodels. Sincewe rst checkfor overlapsonly
amongnon-adjacenprimitives,we areableto performsigni cant
culling andsigni cantly reducethe numberof falsepositives. Fur-
thermore,we usethe resultsfrom non-adjacenprimitivesto cull
away a very high fraction of elementarytestsbetweerthe adjacent
primitives.
Limitations: Our algorithmhasa few limitations. We restrictour
inputsto be polygonalmeshesith x edconnectvity. Theculling

ef ciency of ouralgorithmcanvarybasedntherelative con gura-
tion of the primitivesin the meshandtheir placementith respect
to theviewing directionsusedfor 2.5D overlaptests.Our set-based
culling algorithmworkswell whenthenumberof overlappingpairs
is relatively small. If therearea high numberof colliding or pen-
etratingprimitives, the resultingPCScanbe high andwe may not
bene t much from set-basedtulling algorithm. The 2.5D based
overlap testsare more effective when the primitives arein close
proximity. Finally, our chromaticdecompositioralgorithmbased
ongraphcoloringmay producea high numberof independensets,
eventhoughthe numberof setshave variedin therangel0 20in
ourbenchmark.

8 Conclusions

We presenta novel algorithmfor collision detectionbetweende-
formablemodels.We decomposéheprobleminto ACD andNACD
and precomputea chromaticdecompositiorof the mesh. We use
a lineartime culling algorithm that performs1D and 2.5D over-
lap tests. We have appliedour algorithmto multiple benchmarks
in cloth modelingand medicalsimulation. Our initial resultsare
promisingandwe have obsered morethanan orderof magnitude
improvementin runningtime over previousapproaches.

Therearemary avenuesfor future work. We canimprove the
performancdor complex deformablemodelsby groupingtheprim-
itivesinto small clusters(e.g. 2-4 polygons)andthencomputing
potentiallycolliding setsof clustersusingthe AABB-hierarchy and
2.5D overlaptests. Currently we only computepairs of overlap-
ping primitives. It may be possibleto combineour algorithmwith
cunature-basedeststo further improve the culling performance.
We wouldliketo relaxourassumptiorabout x edmeshconnecti-
ity andincrementallyupdatethe chromaticdecompositionwhen-
ever the connectiity changes.We would like to apply our algo-
rithm to higherorder primitivesincluding NURBS or subdvision
surfaces.In this casewe maybeableto directly computethe chro-
maticdecompositiorbasedon subdvision rules,asopposedo us-
ing graphcoloringalgorithms.Finally, we planto useour collision
detectioralgorithmin otherapplicationsncludingavatarsin virtual
ervironments.
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