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Figurel: Multiple deformable modelssimulation: Thissequencehowsthepositionsof the objectsat threetimeinstancesn a simulation.
Theernvironmentinitially consistsof 10 deformingobjectsrepresentedising5:5K triangles. Asthe simulationproceedsthe objectsbreak
into 25 sub-objects. Our algorithm is able to perform collision and sepaation distancecomputationsjncluding self-collisions,among

dynamicallygeneatedobjectswithin 120 mson a high-endPC.

Abstract

We presentnovel algorithmsto perform collision and distance
queriesamong multiple deformablemodelsin dynamicenviron-
ments.Thesdancludeinter-objectqueriesbetweerdifferentobjects
aswell asintra-objectqueries.We describea uni ed appmoach to
computethesequeriesbasedon N-bodydistancecomputatiorand
usepropertiesof the 2"order discrete Voronoi diagramto perform
N-bodyculling. Our algorithmsinvolveno preprocessingand also
work well on modelswith changingtopolagies. We can perform
all proximityqueriesamongcomple deformablemodelsconsisting
of thousandof trianglesin a fraction of a secondon a high-end
PC. Moreover, our Voronoi-basedculling algorithm can improve
the performanceof sepaation distanceand penetation queriesby
an order of magnitude

CR Categories: 1.3.5 [Computing Methodologies]: Compu-
tational Geometryand Object Modeling—Geometricalgorithms;
1.3.7 [Computing Methodologies]: Three-DimensionalGraphics
andRealism—Animationyirtual reality

Keywords:  Deformablecollisions, self-collisions, penetration
computationdistanceelds, N-bodyqueries

1 Introduction

We addresghe problemof geometricproximity query computa-
tion amongmultiple deformablemodelsfor interactve applica-

tions. Thesetof proximity queriesncludescollisiondetectionsep-
arationdistanceandpenetratiordepthcomputation.Thesequeries
areperformedamongdifferentobjects(i.e. inter-objectqueries)or

within the sameobject(i.e. self-collisionor intra-objectqueries).

Interactve simulationsystemswith deformingobjectsare usedin
mary diverseapplicationsjncluding sugical simulation,robotics,
computergames,computeranimation,hapticsandbioinformatics.
The threemain component®f suchsystemsare dynamicsimula-
tion, collision detectionandcontactresponse Differentproximity
queriesareneededo performeachof thesecomponentsFor exam-
ple, penetratiordepth(PD) computationis often usedto compute
contactforcesin penalty-basedhethodgHeidelbegeretal. 2004;
Kim etal. 2002]. Separatiordistancesreusefulin computingthe
repulsive forcesor estimatingthe time of contactbetweermoving
objectsin a discretizedsimulation[Baraff and Witkin 2001; Kim
et al. 2002]. Rolust simulationsof cloth dynamicsmay require
penetrationdepthcomputation[Baraff et al. 2003] or continuous
collision detectionBridsonetal. 2002].

The problemof fastandreliable geometricproximity querieshas
beenextensvely studied.Despitethevastliterature real-timeprox-
imity queriesremainone of the major bottlenecksfor interactive
deformablesimulation[Teschneet al. 2005; Mueller et al. 2005].
Marny existing methodsare basedon hierarchicalrepresentations
andwork well for rigid models.Severalef cient collisiondetection
algorithmshave beenproposedor deformablemodels but they do
not computeseparatioror penetratiordistances.One of the chal-
lengesin the areais to performfast N-body proximity queriesin
scenesomposeddf multiple deformingobjects.

1.1 Main Results

We presennovel algorithmsfor fastproximity computatioramong
multiple deformablenodels.Our approachnvolvesno preprocess-
ing andis applicableto all triangulatedmodelsundegoing non-
rigid motion. In orderto perform different proximity queriesin



complex ervironmentswe presenthreekey results:

N-body distancequery: We introducea uni ed approachto per
form different proximity queriesusing N-bodydistancecomputa-
tion: givenasetP of primitives, for eachprimitive p; we com-
pute the closestprimitive in P n fp;g. We also presentef cient
algorithmsfor continuouscollision detectionandlocal penetration
depthcomputatiorbasedn the N-body distancequery

Voronoi-basedculling: We usepropertiesof Voronoidiagramsgo
performthe N-body distancequery ef ciently. The closestprim-
itive to ary primitive (p;) is one of the Voronoi neighborsof p .
Therefore,the Voronoi diagramof primitivesis an ef cient data
structureto performN-bodydistanceculling. We usethe 2"order
\oronoi diagram becauset providesinformationabouttwo clos-
estprimitivesat eachpointin spaceandresultsin a higherculling
efciency.

Fastand consewative computationsusing discrete Voronoi dia-

grams: Theexactcomputatiorof continuous3D Voronoidiagrams
for generatriangulatednodelsis ahardproblem.Insteadwe com-

pute discreteVoronoi diagramson a uniform grid using graphics
hardvare. We exploit propertiesof the 2"rder Voronoi diagram
to derive distanceerrorboundsthattake into accountiscretization
andsamplingerrorsin discreteVoronoidiagrams.We usethe dis-

tanceboundsto ef ciently computethe closestprimitive at object-
spaceprecisioni.e. IEEE 64-bit oating pointaccurag.

We have implementedur algorithmson a desktopPCwith a high-
endCPU and GPU. We demonstratéhe effectivenessf our algo-
rithmsfor differentproximity queriesin severalscenariosN-body
deformablesimulationwith tensor hundredf deformingobjects
andcloth simulationwith mary thousandsf triangles.The perfor
manceof ouralgorithmsvariesbetweerf00 800msecdepending
onthecompl«ity of thesceneandtherelative con guration of the
primitives. As comparedo prior methodspur algorithmoffersthe
following advantages:

« Direct applicability to multiple breakingobjectsor models
with changingopologies;

 Improved culling ef ciency and signi cant reductionin the
numberof falsepositives;

» Upto anorderof magnitudeastemruntimeperformancever
prior techniquedor separatiordistanceandlocal penetration
depthcomputatiorbetweermultiple, dynamicallydeforming
objects;

* Interactive self-proximity querycomputatioron comple de-
formablemodels.

1.2 Organization

Therestof thepapelis organizedasfollows. We brie y surwey pre-
viouswork on proximity queriesin Section2. Section3 describes
the N-body distancequerythatis usedto performdifferentprox-
imity queries. We presentour Voronoi-basedlistanceculling al-
gorithmin Section4 andusethis algorithmto performinter-object
andintra-objectqueriesin Section5. Section6 describeourim-
plementatiorandhighlightsthe performancef our algorithms.We
analyzeour algorithmsand comparetheir performancewith prior
methodsn Section?.

2 Related Work

The problemsof collision detectionand distancecomputationare
well studiedin theliterature.We referthereadergo recentsuneys
[Ericson2004; Lin and Manocha2004; Teschneret al. 2005]. In

Figure2: Cloth simulation: The cloth meshis composedf 15K
triangles and has a high numberof trianglesin close proximity.
As the simulation progressesthe cloth wraps around the sphee
and the simulationgeneatesmanycomple folds. Our algorithm
is ableto performcontinuousself-collisiondetectioramongall the
triangleswithin 800 msec.

this section,we brie y discusssomeof the prior algorithmsfor
deformablenodels.

2.1 N-body algorithms

Many N-body culling algorithmsthat reducethe numberof pair
wise testshave beenproposed.Theseincludealgorithmsbasedon
spatialgrids and octreegEricson2004], and 3D sortingbasedon
tight tting axis-alignedhoundingboxes[Cohenetal. 1995]. More
recently GPU-basealgorithms[Govindarajuet al. 2003; Govin-
darajuet al. 2005] use occlusionqueriesto computepotentially
colliding setsof overlappingobjects.Most of thesealgorithmshave
beenlimited to N-body collision detectionandtheir culling perfor
mancevariesbasedn therelative con guration of the objects.

2.2 Bounding volume hierar chies

Boundingvolume (BV) hierarchiesare widely usedfor collision
detectionand separationdistancecomputation. Most proximity
computationalgorithmsfor deformablemodelsuse hierarchiesof
spheresor use axis-alignedboundingboxes (AABBs) [Agarwal
et al. 2004; van den Bergen 1997; Larssonand Akenine-Mbller
2001; Jamesand Pai 2004]. However, thesehierarchiesmay not
be ableto performsigni cant culling in closeproximity con gura-
tions or for self-proximity queries.Thus,they canresultin a high
numberof falsepositives.

2.3 Deformab le model collision detection

Mary specializedalgorithmshave beenproposedo performcol-
lision querieson deformablemodels. Theseinclude GPU-based
algorithms[Knott andPai 2003; Govindarajuet al. 2005]for inter
objector intra-objectcollisions. Othermethodsfor self-collisions
arebasedon the “curvaturetest” [Volino and Thalmann2000] and
thesecanbe combinedwith BV hierarchiesTeschneetal. [2003]
usespatialhashingtechniqueso checkfor inter-objectcollisions
andself-collisions. All of thesealgorithmsperformonly collision
queries.

2.4 Distance and penetration queries

Most prior distanceandpenetratiorcomputatioralgorithmsarede-
signedfor pairwiseinter-objectseparatiordistancequeries.These
includealgorithmsbasedon hierarchieof spheregQuinlan1994]



or rectangulasweptsphereglLarsenetal. 2000]or differentmodel
types [Johnsonand Cohen2004]. Techniqueshave been pro-
posedto updatethe hierarchiesncrementallyfor deformablemod-
els[SundarandLaugier2000].

DistanceFields: 3D discretedistanceelds canbeef ciently com-
putedusing graphicshardware [Fischerand Gotsman2005; Sigg
et al. 2003; Sudet al. 2004; Sud et al. 2006a]. The discretedis-

tance elds canbe usedto performinterobjectproximity queries
betweerndeformablemodelsatimage-spaceesolution [Hoff etal.

2002;Sudetal. 2006a].

Penetration Depth Computation: Efcient penetrationdepth
computationalgorithmshave beenproposedfor rigid polyhedral
modelgKim etal. 2002],but they involve considerabl@reprocess-
ing. Many approximatd®D computatioralgorithmsfor deformable
modelsare basedon GPU-based:omputationgHoff et al. 2002;
RedonandLin 2006], precomputedlistanceelds [FisherandLin
2001]or spatialhashingHeidelbegeretal. 2004].

2.5 Voronoi diagrams

The Voronoi diagramis regardedas a powerful proximity data
structurein computationalgeometry[Okabeet al. 1992]. In re-
lation to 3D proximity queries gxternalVoronoiregionshave been
usedto performcollisionanddistancequeriedbetweerrigid objects
thatcanberepresentedsthe union of corvex polytopes[Lin and
Canry 1991; EhmannandLin 2001; Mirtich 1998; Kawachi and
Suzuki2000]. Thesealgorithmshave beenimplementedvithin dif-

ferentproximity querypackagesuchasl|-COLLIDE, V-CLIP and
SWIFT++. However, it is dif cult to extendthesealgorithmsto
generahon-cowex or deformablemodels.

3 N-body Distance Query

Our goal is to perform both inter-object and intra-objectqueries.
The inter-object queriesare performedamong different objects.
The intra-objectsgueriesare performedbetweenthe non-adjacent
featuresof anobject. Two givenfeaturesareclassi ed asadjacent
if they shareeithera commonedgeor a vertex.

We malke no assumptionsabout the motion of the objectsand
thesescenesnay include breakingobjectsor modelswith chang-
ing topologies. In this section, we introducethe “N-body dis-
tancequery” and usethis formulationto perform different prox-
imity queries.

3.1 Notation and Terminology
We rst describethe notationusedin the paper Givenasimulation

we assumehat eachobjecthasbeentriangulatedandwe usethe
symbolf ' to denoteheboundaryfeaturesuchasthetriangles.For

wheren; is the numberof featuresin O;. The position of these
featureds updatedduringeachstepof the simulation.

wherethe sitesmay correspondo the objectsO; or their features
fj, letd(pi; p;) denotethe Euclideandistancebetweerp; andp; .
TheN-bodydistancequerycomputegheclosessitein P nf p;g to
eachp;. A site,pk, istheclosessitetop;, if d(pi;pk)  d(pi;pi)
for every | 6 i, wherek 6 i. Later in Section4 we present
Voronoi-basea@lgorithmsto performtheN-bodydistancequeryef-
ciently.

It is obviousthatthe N-bodydistancequerycanbeusedto perform
separatiomlistancegjueries We now presentlgorithmsfor ef cient

Figure3: N-body distancequery: In this cloth meshwe compute
theclosesnon-adjacentrianglefor everytrianglein themesh.The
whitearrowshighlightthe closestriangle to ead triangle.

collision detectionandpenetratiordepthcomputatiorbasedon N-
bodydistancequery

3.2 Collision Detection

The collision query checkswhethertwo objectsintersectandre-
turnsall pairsof overlappingfeatures. We considertwo kinds of
collision queries: discreteand continuous. The discrete collision
queryis performedat a speci c or discreteinstanceof the simula-
tion. Thediscretecollision detectionqueryis a specialcaseof the
N-body distancequery in which we checkwhetherary d (pi; p«)
is zero.Eventually we reportall theintersectingsites.

In continuouscollision detection(CCD), we interpolatethe mo-
tion betweerfeaturesrom two successie instance®f the simula-
tion. The CCD querycomputegshe rst time of contactbetween
ary two primitiveswithin thetime interval. Thequeryis ef ciently
performedby culling away primitive pairs whosesweptvolumes
do not overlap [Redonet al. 2004]. As a result, CCD computa-
tion reducego a volumetric collision detectionproblembetween
the sweptvolumesof the primitives. We usethe N-body distance
queryto checkfor volumetricoverlapsamongthe primitives. We
rst computetight boundingprismsthatenclosethe sweptvolumes
of the primitives. Givena pair of primitives,we performthe volu-
metric overlaptestusingthe signeddistancefunction betweerthe
boundingprismsof the primitives (see gure 4). The signeddis-
tancefunction of the boundingprismsrepresentshe interior, and
exterior regionsof the prisms. By cornvention,the signeddistance
valuesin the interior of anobject/prismare negative. Speci cally,
for ary two primitivesp; ; p; , we usethefollowing propertief the
signeddistanceunctionto performvolumetricoverlapculling:

« PerformelementaryCCD testsbetweertheprimitivesif there
exists a point suchthatthe signeddistanceof the pointto p;
andto p; areboth 0.

¢ Do notperformelementaryCCD testsbetweerthe primitives
if thereexists no point whosesigneddistancego p; andp;
areboth 0.

The above formulationcorresponds$o computinga distancequery
betweerthe two primitivesusing signedEuclideandistancefunc-
tions. Our approachcan be directly extendedto n primitives by
performingN-bodydistancequeriesusingthe 2™orderVoronoidi-
agramof then primitives.

3.3 Penetration Depth (PD) Computation

The PD query measureshe extent of overlap betweentwo inter
sectingobjects.We assume); andO; areorientable2-manifolds
in the region of penetration.This guaranteeshat we have a well
de ned ‘interior' for eachpenetratingobject. We de ne PD asthe



Figure4: Continuous Collision Detection for two polygonsO4

and O,: Two polygonsO: and O,, moveto positions®; and ®-

attimet+ t. Thevolumesweptya pair of featuesis boundedy
theprisms,M ! andM 2, respectivelyA conservativeCCD ched is
performedby volumetriccollision detectiorbetweerM 1 andM 2.

We computethe signeddistancebetweerthe prisms,shownasdyp .

EventuallyweusetheN-bodydistancequeryto computehesigned
distancefunctionsfor all the prisms.

minimumtranslationatistanceneededo make thetwo objectsdis-
joint [Dobkin etal. 1993]:

minfk T kj interior (Oi + T) \ O; = ;9;

whereT isthetranslationvectorcomputecby thealgorithm.How-
ever, exact computationof PD betweentwo polyhedralmodels
is a global problemand cannotbe solved using ary “divide-and-
conquer'or localizedapproachKim et al. 2002]. Its worstcom-
plexity canbeashigh asO(n?nf). As aresult,werestrictoursehes
to computinganapproximatdocal PD betweerdeformingobjects.

We computethe local PD betweentwo objectsO; andO; based
on the N-body distancequery The sameapproachcan also be
usedto computeself-penetrations. The local PD is computed
amongall locally overlappingfeatures. We usethe N-body dis-
tancequery describedn Section3.2 to computethe overlapping
features Next, we usethe orientationandconnectvity information
amongtheoverlappingfeatureso computeall of thefeaturesof O;

thatareinsideO; andvice-versa.We denotethesefeaturesasf j,

Our PD algorithm proceedsn two stages.We rst usea greedy
stratgy to estimatethe directionof the translationvectorandthen
computethe extentof penetratioralongthatdirection.

1. Penetration dir ection computation: We considerall overlap-
ping featuresandperformthe N-bodydistancmueryamongt@m.

For eachfeature,f}, we computethe closestfeatureamongf ﬂ)'s
and representhe closestfeaturepairsas (f3;f1). Similarly, we

computethe closestfeaturepairs(f | ; f ). Giventhesek + | clos-
estfeaturepairs,we computethe distancesetweenthemanduse
the pair thatrepresentshe maximaldistance We usethe direction
of themaximaldistancefeaturepair asthedirectionof T .

2. Penetration depth computation: Giventhedirectionof T, we

computets magnitudeby projectingall of theoverlappingfeatures
ontoT . Themaximalwidth of theprojectedeaturesalongT gives

usthevaluefor penetratiordepth.

We notethat T is the locally optimal directionif the overlapping
featuresof the objectsareconnectedindconvex. Therefore,T can
be agoodestimatefor the penetratiordirectionwhentheintersect-
ing regionis corvex andhasa smallwidth.
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Figure5: Local PD Computation for two polygonsO; and O; :
Dotted arrowsrepresentdirectionvectos showingthe sepaation
distancebetweerpairs of overlappingfeatuesof O; andO,. The
maximunmsepaation distanceis shownby a thick black arrow and
is thelocal penetation directionT .

4 Voronoi-based Culling for
Queries

Proximity

In this sectionwe presentour Voronoi-basedulling algorithmto
performthe N-body distancequery We rst give an overvien of
2"%rderVoronoidiagramsandshav how they canbeusedfor prox-
imity computationsNext, we describeour N-bodydistanceculling
algorithmbasedon discreteVoronoidiagrams.

4.1 2" Order Voronoi diagrams

We rst introducesomeof the terminologyrelatedto Voronoidia-
grams. Two sitesareindependenif theredoesnot exist a pathof
edgeson a trianglemeshconnectinghem. Given a setof sitesP
in domainD, anda subsefT of P, with jTj = k, thek-th order
\oronoiregionis thesetof pointscloserto all sitesin T thanto ary
othersite:

VE(TiP) = fg2Djd(a;p) d(a;p)8pi 2 Tip 2 PnTg:
Thek-th order Voronoi diagramis a partition of D into k-th order
Voronoiregions:

vD¥(P)= ~ VYT;P);jTj=k:

pi 2P

The standardVoronoi diagramis the sameas VD*(P). We
are speci cally interestedin the 1% and 2"order Voronoi dia-
grams,denotedasVD *(P) andVD2(P). A 1%orderVoronoire-
gion V(pijP) containspointsclosestto site p;, andthe 2™order
Voronoiregion V2 (f pi; pj gjP ) containgpointsclosesto two sites
pi andp; (seegure 6).

The 2" ordergovernorsetof a point s the setof two closestsites.
For apointg 2 D, let thetwo closestsitesbefpi;pjg,i.e. q 2

V2(fpi;pgjiP). Thenthe 2" ordergovernorsetof q is denoted
asG?(qjP) = fpi;pg. For asitep;, the2" ordergovernorsetis
givenasG (pijP) = ,,, G*(diP).

4.2 PNS Computation Using 2" Order Voronoi Di-
agrams

We usethe 2"%rder Voronoi diagramto computethe potentially
neighboringset(PNS)for eachsite. The PNSof a site p, denoted
PNS(pjP ), is asubsebf P suchthatasitein PNS(pjP ) is closer
top thanary sitein PnPNS(pjP ). To performtheN-bodydistance
query we computea tight PNSfor eachsite. The 2"orderVoronoi
diagramprovidesthetwo closestsitesfor eachpointin space At a
pointthatlies onagivensite,p, theclosessiteis trivially p, thusp
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Figure6: The 1% and 2"order Voronoi diagrams of 9 polygons
(denotedas O;) in a plane. (a) The 1%'order Voronoi diagram:
Eadh color representghesetof pointsclosesto oneof thepolygon.
In thiscase O1 has8 1%'order Voronoineighbos. ThePNSof O; is
all the objectswhich share a Voronoi edgg, i.e. all other8 objects.
(b) The2"order Voronoi diagram: Each color representsa region
with sametwo closestobjects. O; is containedcompletelyinside
two 2"%rder Voronoi regions. Theefore, PNSof O3 = fOy; Osg.
We geta tighter PNSwith 2"%rder Voronoi diagram.

is ignoredin PNS(pjP ). We usethe 2™orderVoronoidiagramand
the 2"ordergovernorsetto computeatight PNS.Thenwe have the
following property(illustratedin gure 6):

Lemma 1 (PNS Computation). Givena setof independensites
P, the PNSof a sitep; is givenby PNS(pijP)  G*(pijP): The
closestite(s)to pi is (are) containedn PNS(pijP).

Lemmal providesa culling schemeto computethe closestsites
for agivensetof sites. In additionto atighter culling schemethe
2"%rderVoronoidiagramalsoprovidestight boundson thesepara-
tion distanceandwe usethemto performconserative PNScom-
putationusingdiscreteéVoronoidiagramsn Sectiond.4.

N-body distancequery: We usethe 2"orderVoronoi diagramto
performthe N-body query Givenn independensitesP, we com-
puteVD?(P) andthe 2"ordergovernorsetof eachsite p;. This
computatiorgivesPNS(p;jP ) for eachsite. We performpairwise
distancecomputationshetweenp; andeachsitein PNS(pijP) to
computethe closestsiteto p;. A key issueis de ning anappropri-
atesetof sitesfor inter-objectandintra-objectjueries More details
aregivenin Section5.

4.3 Discrete Voronoi Diagram Computation

In the previous subsectionwe shaved that the PNSfor eachsite
canbeef ciently computechasenthe2™orderVoronoidiagram.
However, exactcomputatiorof the Voronoidiagramof triangulated
modelsis a hard problemdueto its algebraicand combinatorial
compleity. Inthissectionweintroducediscreteapproximationsf

Voronoidiagramsandcomputethemef ciently usingthe graphics
hardware.

Givena nite setof pointsampledS in domainD, anda setof sites
P, thek-th orderdiscrete oronoi diagram (DVD) is a partition of
the point samplesonto discretek-th orderVoronoiregions,andis

denotedasng(P). For asetT of k sites,thek-th orderdiscrete
Voronoiregionis a nite setof pointswhich areclosesto all sites
in T thanto ary othersite. The 1% and 2"orderdiscreteVoronoi
regionsareobtainedby usingk = 1 andk = 2, anddenotedby

Y1 (pijP) and®?(f pi; p gjP), respectiely.

GPU-basedDVD Computation: The discreteVoronoi diagram
for a triangulatedmodelcanbe ef ciently computedalonga uni-

form 3D grid B usingdepth-tufferedgraphicshardware[Sudetal.

Figure 7: Cloth simulation: The cloth is modeledusing 12:5K
triangles. Our proximity computatioralgorithmis ableto perform
the N-bodydistancequeryat object-spacerecisionwithin 400
600 ms.

20064a;Sigg et al. 2003]. The 3D domainis discretizednto a set
of 2D slices,anda discrete2D distanceeld is computedor each
sliceby rasterizinghedistanceunctionsof the primitives. Speci -
cally, werasterizehedistanceunctionscorrespondingo eachver
tex, edgeandtriangularfaceof the object. The distancevaluesare
storedin the depthbuffer andthe closestiteidenti er is computed
in the color buffer. Togetherthesetwo buffers provide uswith the
discretel®orderVoronoidiagramandwe readit backto the CPU.

In additionto the 1%'orderVoronoidiagramof triangulatedmodels,
we computethe 2"orderVoronoidiagramalongthe pointsthatbe-
long to a site. We rst rasterizeall the sitesin P into a uniform
grid. Eachtriangleis clippedto the volumebetweertwo 2D slices
andis scancorvertedusing graphicshardware [Hoff et al. 2002].
Thedistancecomputationgo asitep; areperformedon grid points

belongingto P nf p; g. We compute¥D 2(P) in thecolor buffer of
the graphicshardware. The depthbuffer storesthe distancevalues
to thesecondtlosestite. We readbackthe color anddepthbuffers
from the GPUto the CPUandusethemto computethe PNS.How-
ever, eachsite p; is sampledrasterizedpta nite setof pointsQ
ontheuniformgrid. Finally, we computethe 2"ordergovernorsets

for all pointsin Q using¥D 2(P).

The YD 2(P) computedusing graphicshardware is not accurate
andcanhave errorsdueto undersampling[Hoff et al. 2002; Sud
etal. 2006a].We rst list the sourceof undersamplingerrorsand
presenburapproacho computeaconserative PNSin Sectiord.4.

1. Discretization of Sites The grid Q only consistsof a nite

numberof points. The point on a site correspondingo the mini-
mum separatiordistancemay not get sampledon the grid. As a
result,we maynot computethe correctseparatiortistance.

2. Discretization of the Voronoi Diagram: TheVoronoiregion of
theclosessitemaynotgetsampledntheuniformgrid. Therefore,

2 . .
9D (P) mayreturnanincorrectclosestite.

3. GPU Precision CurrentGPUssupport32-bit oating pointpre-
cisionfor distancecomputationand24-bit x edpointprecisionfor
distancecomparison®n depthbuffer. Thesecanleadto precision
errorsin thedistancevalues.

4.4 Conservative PNS Computation
tance Bounds

We presentan approachto computea conserative PNS using

boundson the distancevaluescomputedusing GPUs. First we de-

ne anappmoximatesepaation distance which is computedusing

the discreteVoronoidiagramasdescribedabore. Theaccurag in

using Dis-



the approximationis given by the image-resolutiorusedfor sec-
ondorderVoronoicomputation.Given a discreteVoronoidiagram

gDZ(P) anda nite setof pointsQ onasitep;, the approximate
separatiordistanceof pi, denoted§D(pi), is the minimum of the

. 2 o
distancevaluesfrom 9D (P) for all pointsin Q. We now present
our approachto computethe boundson the exact separatiordis-

tanceSD(pi) from the approximateseparatiordistanceéD(pi ).

SD+&%3 PNS

Figure 8: Consewative PNS using discrete Voronoi diagram:
Given 2 objectsO; and O;. (a) O; is sampledat a nite setof
points. Theclosestpointson O, are shownusingdottedvectos.
SD is the exact sepaation distanceSD(0;), 8D is the approxi-
matesepaation distanceéD(Ol). is thedistancebetweer? ad-

jacentsamples(b) 8D + istheboundedsepaation distancefor
0O;. Firstwe computethe featueson O, that are within distance

8D + to 0. For thesefeatuesof Oy, wecomputdeatuesof O,

thatare within a distance8D + . Thesdeaturesof O, constitute
thePNSof O;.

Our exactdistancecomputatioralgorithmexploits thefactthat Eu-
clideandistance eld is a continuousscalar eld. Moreover, the
changein distanceto the closestsite betweentwo adjacentpoints
on the uniform grid is boundedby the distancebetweenthe two
points. We usethis propertyto computea boundon separation
distancedetweentwo sitescomputedusing the discreteVoronoi
diagram. Let ; be the diagonallength of a cell in the uniform
grid B, and , betheerrordueto limited GPU precision(typically
2 1). Let = 2+  representhe total errorin discrete
Voronoidiagramcomputation.
Lemma 2 (DistanceBound using DVD). Giventhe appoximate
sepaationdistance éD(pi ), theexactsepaationdistanceSD(p;)

is boundecby $D(pi) sD(p) $D(p) +

Lemmaz2 givestight lower andupperboundson the exact separa-
tion distancefor a site. Theseboundsare usedto cull objectsor

featuresandcomputea PNS.Thus,we areableto addresghe last

two issuesof undersamplingon a discretegrid. In orderto ad-

dressthe rst issue,we usethe ideaof growing a site by taking

its Minkowski sumwith a pixel [Govindarajuet al. 2005]. When

we rasterizethe Minkowski sum,we ensurethat every point on a

site getssampled. In Section5, we usethesequeriesto perform

accuratenter-objectandintra-objectqueries.

5 Proximity  Queries Discrete

Voronoi Diagrams

using

In this section,we presentour overall approachto computeinter-

objectand intra-objectqueries. Our algorithm proceedsn three
stagesasshavnin gure 9. We rst usean AABB basedculling

approachto computea very conserative PNS for eachobject.
Next, we presentalgorithmsto performinter-objector intra-object
proximity queriesusingVoronoi-basedulling. Finally, we perform
exacttestsbetweerthetriangleprimitivesin the conserative PNS.

Stage |

; Stage Il Voronoi Culling
AABB Culling e R e 1

N-Objects ! Compute Compute
Discrete — Discrete Voronoi
Distance Fields Diagram

1

[}

1

: Distance Bounds
1

Potential Nearest: l

Features Compute PNS | _| Compute PNS
| (Feature Level) (Object Level)
Stage Il == T == = = = =

Exact Feature
Tests

Figure 9: Overall algorithm: Our proximity computational-
gorithm proceedsin three stages: AABB-basectulling, Voronoi
culling andexactdistancetestsonthe PNS.

5.1 Stagel: AABB Culling

In this stageve computehe AABBs of eachobjectandperformthe
N-body distancequery betweenthe AABBs, by computingover-
lapsalongthethreeaxes. For example we computeAABB; for O;
andusethat AABB to computea conserative upperboundon the
separatiordistanceof O;. As aresult,all AABBs whosedistances
aremorethanthis bound,do not belongto PNS(O;). The projec-
tions of AABBs aresortedalongeachaxisto computea sequence
of intervals alongeachaxis [Cohenet al. 1995]. If the projection
of AABB; doesnot overlapwith ary otherintenal, we compute
theclosestAABB alongthataxis. Otherwise we considerall other
AABBs thatoverlapwith the projectionof AABB; andusetheone
with maximaloverlap. This computatioris repeatedlongthethree
axesto computethepotentiallyclosestAABB to AABB;. We com-
puteanupperboundto theseparatiomistanceor eachO; by com-
putingthe maximaldistancebetweertheverticesof AABB; andits
closestAABB. For eachobjectO;, all objectsthatareatadistance
lessthanthis conserative distanceboundconstitutea conserative
boundto anobjectlevel PNSof O;.

5.2 Stage II: Voronoi-based Culling

We usethedistancéboundfrom AABB culling asanupperboundto

localizedistanceeld computation.The distancecomputationfor

objectO; is performedn abandedegionaroundO;. Thewidth of

this bandis the maximumdistancebetweeranobjectandits poten-
tial neighbors.For eachobjectO;, we computethe setof objects
O; suchthatO; belongsto PNS(O; ), andusethe maximumsepa-
rationdistanceasa boundon thewidth of thebandedegion of O; .

We usethesebandsto narrav the grid region for discreteVoronoi

diagramcomputation.Eventually we usethe discreteVoronoi di-

agramto computea tighter PNS for inter-objectand intra-object
proximity queries.

5.2.1 Inter-Object Proximity Queries

gorithmfor inter-objectproximity queriesproceedsn two phases.
First we computea tighter objectlevel PNSfor eachobject. Sec-
ondly, we performPNScomputationsit featurelevel to computea

setof potentiallyclosesffeatureshetweera pair of objects.

Object-level PNS computation: We computeVDz(P) using
GPUs. Next, we computean upperboundon the separatiordis-
tanceof eachobjectusingLemma2. LetD,(O;) = éD(Oi) +
denotethe upperbound on the separatiordistancefor O;. The
PNS(OjjP) of anobjectO; is computedhsa setof objectswhose
distanceto O; is lessthanD (O;). We expandthe AABB of O;
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Figure 10: Application of our proximity query algorithm to a
simulation with 10 objects: (a) Positionof 10 deformingobjects
- 'siggraph 06" (with the bowl remaved). (b)-(d) Stagesin PNS
computation.Theredwireframerepresentssonservativébooundon
the sepaation distancebetweenr' and other letters. This bound
is usedto computethe PNSof r'.  (b) The objectlevel PNS of
letter °r' after stage | that usesAABB-basectulling. (c) Object
level PNScomputedisingour 2™ order DVD basedalgorithm. (d)
Zoomedview of featue level PNSbetweenr' and g'. Theexact
distancetestsare performedbetweerred trianglesin “r' andblue
trianglesin "g'. Total numberof pairs in featue level PNS=12K.
Total computatiortimeis around60 msperframe

by D, (Oi) alongeachaxisandreducethe distancegueryto a col-
lision querybetweertheexpandedAABB of O; andAABB of O; .
Theoverlaptestsareef ciently performedusingthesortedntenals
computedn Stagel.

Feature-level PNScomputation: Givenafeaturef ; in objectO;,
our goal is to computethe minimum distanceto all featuresin
PNS(G;jP), but ignore the featureson O; as part of this com-
putation. During this stage we computethe featurelevel PNSfor
a subsetof featuresin objectO;, asexplainedbelon. We usethe
upperboundon the separatiordistanceof objectO; to cull avay
featuredn O; thatdo not contributeto closestsite computation.

2 .
We computedD (P) for all thepointsonf anduseit to compute

the approximateseparatiordistanceof f | , denotedéD(f H), toits
closestfeature. Basedon Lemmaz2, the lower boundon the sepa-
ration distanceof f| is givenasD,(f\) = §D(f}) . We cull

away afeaturef  , if D|(fy) > D, (Oi), astheclosesibjectto f

is furtheraway thanthe separatioristancebetweerO; andP nO; .

Finally, for eachfeaturef, with D\(fy) Du(Oi), we compute
a setof featuresin PNS(O;jP) which areat a distancelessthan
the separatiordistanceof O;. Thisis illustratedin gure 8. This
computatioris performedby expandingthe AABB of eachfeature
by D, (Oi) andperformingoverlaptestsasmentionedn Stagel.

In theendwe computethe PNSfor eachobjectandits features.

5.2.2 Intra-Object Queries

Ourgoalis to performtheN-bodydistancequeryonall thefeatures
of an object. Given a feature,we ignoreits adjacenfeaturesand
computethe closestamongthe non-adjacenfeatures.In orderto

classifythe featuresinto adjacentandnon-adjacentwe de ne the

notionof 1-ring and2-ring for eachfeaturef ;. Thel-ring,denoted
asl (fi), is the setof featuresthat are adjacentto f (i.e sharea

vertex with f ). The2-ringis thesetof featureghatareadjacento

thefeaturesn the 1-ring, excludingf; andl (fi).

We rst computethe minimum distancebetweerf , andthe setof
featuresin the 2-ring of f. This minimum distanceprovidesan
upperboundto theseparatiomistanceof f . Thiscomputatiorcan
be performedin O(n;) time for all the featuresin the deforming
object,wheren; is thenumberof featuresn theobject.

Our next goalis to re ne the upperboundcomputedusingthe 2-
ring basedon 2"orderVoronoidiagrams The setof sitesis the set

Figurel1l: Multiple deformable object simulation: In this simu-
lation, manydeformingletters are falling insidea funneland will
eventuallyslidethrougha ramp.Ead objectis composeaf nearly
175 triangles and there are a total of 200 letters in manyclose-
proximity scenarios.Our algorithmis able to performbothinter-
objectandintra-objectqueriesin this simulationwithin a second.

aremutuallyindependensets.We performproximity computations

onf} by usingthediscreteVoronoidiagrangZ(P nl (f})) and
computethePNS,PNS(f | jP nl (f})). Thisprocesss repeatedor

all thefeatured | . In practice we do not computeO(n;) 2"order
Voronoi diagrams. Rather we storethe adjaceng information of

eachfeaturein atexture. For a grid cell on a featuref , , we per

form vector comparisonon programmablegraphicshardware to

avoid distancecomputationgo | (f ). This computeghe discrete
Voronoiregion (P n| (f})) atall pointsonafeaturef |, andthe
approximateseparatiordistanceéD(f,ijP nl (f})) is computed
usingthe distancevaluesat thesepoints. An upperboundD , (f} )

on the separatiordistanceof featuref | is computedfrom the ap-
proximateseparatiordistanceusingLemma2. Eventuallyall non-
adjacenfeaturesf |, whosedistanceo f  is lessthanD (f ) are
addedo PNS(f{jP n1 (f})).

5.3 Stage lll: Exact Proximity Tests

Given a featuref ', we performexact queriesbetweenf ' andthe
featuresin PNS(f'). In orderto perform discretecollision de-
tectionor penetrationrdepthcomputationsye checkwhethertwo

trianglesoverlap. In orderto performcontinuouscollision testbe-
tweentwo triangleswhoseprismsoverlap,we perform15 elemen-
tary testsdescribedn [Bridson et al. 2002]. We usethe triangle-
triangledistancecomputatioralgorithmdescribedn [Larsenetal.

2000] to computethe separatiordistancebetweenthe primitives.
We alsocomputethe local penetratiordepthbetweerthe overlap-
ping features.

6 Implementation and Performance

In this sectionwe describethe implementatiorof our N-body dis-
tancequeryalgorithmandhighlightits applicationto performvari-
ousproximity queriesbetweermultiple deformablemodels.

6.1 Implementation

We have implementedur algorithmon a PCrunningWindows XP
operatingsystemwith an AMD Athlon 4800 X2 CPU,2GB mem-
ory andanNVIDIA GeForce7800GPU. We usedOpenGLasthe
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Figure12: Thisgraphhighlightstheavelage timespentn thethree
stagesof our algorithmfor the ve bendimarksdescribedn Section
6.2. Dueto the high culling efciency obtainedduring stage I, we
observethat the aveiage time spentin performingexact overlap
testsis lowerthan300ms.

graphicsAPI andCg languagdor implementingthe fragmentpro-
grams.ThediscreteVoronoidiagramanddiscretedistanceeld are
computedusinga at 2D rendertexture with 32-bit oating point
precision. The 2" orderDVD computatioris donein 2 passesin

the rst passwe scanconverteachobject,andstoretheobjectid in

the stencilbuffer for all pixelsthatlie on the object. The featureid

is storedin thered channelof the color buffer. In the secondpass,
we performdistance eld computation. For inter-object queries,
the referencevalue and function for stenciltestaresetto discard
thefragmentif currentobjectid is equalto the valuein the stencil
buffer. This avoids distancecomputationto an objectO; on grid

pointsthat belongto O;. The nearesbbjectandtriangleids are
storedin the greenandblue channelsof the color buffer, anddis-
tancevaluesare storedin depthbuffer. For intra-objectqueries,
we storethe list of adjacentfeatureids in a texture. During dis-
tance eld computationa dependentexture lookup is performed
to querythis list, andthe fragmentis discardedf the currentfea-
tureid is presenin theadjaceny list.

We maintaina sortedlist of intervals correspondindo the projec-
tion of an AABB alongeachaxis. We computethe PNS usedfor

theexactdistancecomputatiorusingthedistanceboundscomputed
from 2"order Voronoi diagrams. We expandthe sortedintenals
with the distanceboundsand computefeaturesthat overlapalong
thethreeaxis. Next, we performexactfeaturelevel distancetests.
We usedthe codefrom [Larsenet al. 2000]for computingthe sep-
arationtests. The averagetime to performoneseparatiordistance
guerybetweertwo trianglesis 1-2 microseconds.

We haveimplemented®D computatiorby rst computingtheinter
sectingtrianglesusingAABB hierarchiesWe thenperformalocal
walk to computethe overlappingfeatures Finally, we performthe
N-bodyqueryto computdocal PD.

In orderto perform CCD tests,we computetight prismsthat en-
closethe sweptvolumesof the primitive [Govindarajuetal. 2005].
We thenperformdistancecomputationamongthe prismsandcull
away primitive pairsnot in closeproximity. Finally, we perform
elementarntestsamongthe primitivesin closeproximity. The av-
eragetime for performinga CCD testamongtwo primitivesis 50
microseconds.

6.2 Benchmarks Used

We now highlight the performanceof our algorithm on various
benchmarksvith multiple deformableobjects. The setof bench-
marksinclude: (1) a cloth simulationof a skirt (gure 7), (2) a
cloth folding on arotatingsphere( gure 2), (3) tendeforminglet-
tersfalling in abowl ( gure 10),(4) two hundreddeformingobjects

100000
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g 8 1000 1t 34x
g 2 5x ' 103x
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g 8 104
1
1 2 3 4 5
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Figure13: In this log-scaleplot, we showthe average numberof
exacttriangle-triangledistancequeriesperformedusingan AABB-
basedalgorithmandusingVoronoidiagrams.Weobservea5 100
timeshigher culling ef ciency usingVoronoi diagramson the ve

bentimarks.Thehigh culling efciency is dueto thetight distance
boundsobtainedusingthe 2™order Voronoi diagrams.

falling throughafunnelandsliding overaramp( gure 11)and,(5)
fourteenobjectsundegoing dynamictopologicalfractures( gure
1). Our algorithminvolvesno pre-processingndis ableto com-
putethe separatiordistancesinter-objectandintra-objectproxim-
ity queries.

Benchmark Tris Resolution AABB(s) | Voronoi(s)
1. Skirt 12K 200 175 45 1.8 0.53
2. Cloth-Ball 15K 190 200 60 3.8 0.70
3. Bowl 4:5K 150 100 30 1.1 0.07
4. Ramps 38K 45 300 40 13.5 1.10
5. Breaking 5:5K 100 100 60 2.6 0.12

Table 1: Timingson deformablesimulationbendmarks: Average
time per frame(in secondsjo performproximity querieson differ-
entbentimarks.AABB= Avgtime/frameusingan efcient AABB-
basedalgorithm. Voronoi= Avg time/frame using our Voronoi-
basedalgorithm.

A comparisorof the performanceof our Voronoi-basedlgorithm
acninstan ef cient AABB-basedalgorithmis providedin table1.
The grid resolutionis a function of the boundingbox of the ervi-
ronment. We usea differentresolutionalong eachaxis to ensure
thattheresultingvoxels have the samedimensionalongthe 3 axes.
As notedfrom gure 14, theresolutionis chosersuchthatthetotal
computatiortime is minimized.

7 Comparison with Prior Approaches

In this section,we compareour algorithmswith prior methods.
Theseincludedistanceandpenetratiordepthcomputationaswell
ascontinuouscollision detection.

Separation distance and penetration depth: Most of the algo-
rithmsfor inter-objectqueriesuseN-bodytechniquegor thebroad
phaseandboundingvolumehierarchiedor thenarrav phase How-
ever, prior N-body techniquesare limited to collision or penetra-
tion queries,and may not provide sufcient culling for distance
queries. Algorithms basedon hierarchiesfor deformablemodels
typically use AABBs or sphereqgvan denBergen 1997; Larsson
andAkenine-Mbller 2001]asboundingvolumes becaus¢hecom-
putationor updatecostof hierarchiesof OBBs or k-DOPscanbe
high. In Fig. 15, we comparethe performanceour Voronoi-based
culling algorithmwith AABB hierarchiesfor separatiordistance
computationin Benchmark4. We obsene morethanan order of
magnitudeperformanceémprovementin the querytimings. Thisis
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Figure 14: We showthe time taken in computingthe discrete
\oronoi diagram andthe culling ef ciency asa functionof the
\oronoi grid resolutionon a deformablesimulationwith 200
objects.Theculling ef ciency is measuedin termsof the num-
ber of exact distancetests. The scanopeiation readsbad the
\oronoi diagram, and performsa linear scan. e observethe
numberof exacttestsdecieasesmsthegrid resolutionincreases.

dueto thefactthatVoronoi-baseaulling resultsin 5 100x times

reductionin the numberof exactprimitive testsascomparedo the

AABBs (shavn in Fig. 13). The higherculling ef ciency alsore-

ducestheadditionaloverheadf hierarcly traversalfor performing
exactdistancdests.As thenumberof objectsin thescendncrease,
we obtainhigherculling ef ciency andperformancemprovement.
Furthermorehierarchicabpproachemaynotwork well for objects
with changingtopologies.Theentirehierarcly hasto be computed
from scratchduringeachframe.

Collision detection: We comparedhe performancesf our contin-
uouscollisiondetectioralgorithmwith theoneproposedy Govin-
darajuet al. [2005]. In particular we performedself-collision
querieson Benchmarkl and found that the performanceof both
algorithmswas comparableandin the rangeof 400 800 msec
perframe. However, the algorithmproposedy Govindarajuet al.
[2005] assumeghat the meshconnecwity is x ed and precom-
putesa chromaticdecomposition.As a result, suchan approach
would notwork on a scenewith breakingobjects(e.g. Benchmark
5). Ontheotherhand,our approactinvolvesno preprocessingnd
is applicableto all deformablemodels.

Distance eld basedalgorithms: As comparedo prior distance
eld algorithms[FisherandLin 2001;Hoff etal. 2002; Sudet al.
2006a],our approachis moreaccurateandwe canperformqueries
at object-spaceprecision. Furthermore we can handle N-body
inter-objectandintra-objectqueries. On the otherhand, prior al-
gorithmsarerestrictedto performingthesequeriesat image-space
precisionon a pair of objects.

Spatial hashing: Spatialgrid and hashingtechniqueshave been
usedto accelerateollision detectionrandpenetratiordepthqueries
betweenra pair of objects[Teschneetal. 2003;Heidelbegeretal.
2004]. They work well whenthemodelsarerepresentedsaunion
of tetrahedreaor on queriesinvolving points. In our benchmarks,
spatialhashing-basedhethodgesultedn a highernumberof exact
primitive testsascomparedo AABB-basedhierarchiesMoreover,
the overheadof scan-comerting the polygonsamong3D gridscan
be high ascomparedo updatingthe hierarchies.

8 Analysis and Limitations

Voronoi diagramin computationaeometryis consideredasone
of the most powerful datastructurefor proximity queries. Our
algorithm computesa tight superset{PNS) of potential Voronoi
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Figure 15: This graph highlights the performanceimprove-
mentobtainedusingour Voronoi-basedalgorithmover an ef -
cientAABB-based@lgorithmonthedeformablesimulationwith
200 objects. Dueto the high culling efciency obtainedusing
\oronoi diagrams,we are able to achieve nearly one order of
magnitudeperformancemprovemenbver AABBs.

neighborsof primitives using discreteVoronoi diagramsand dis-

tancebounds.We usethe PNSto performN-body distanceculling

in comple ervironmentscomposeaf multiple deformingobjects.
Moreover, we shav thatotherproximity queriessuchascontinuous
collision detectionand penetratiordepthcomputationcanalsobe

efciently performedusing N-body distanceculling. The overall

bene t of ourapproachis dueto two reasons:

« Culling ef ciency: The 2"rder discreteVoronoi diagrams
andtight distanceboundsare usedto cull away a high frac-
tion of primitivesthatarenotin closeproximity. As aresult,
we have obsered30 50 timesimprovementin culling ef-

ciency over prior methodshasedon AABBs in comple de-
formablesimulations.

¢ Runtime performance: We use the rasterizationpower
of current GPUs for fast computationof 2"order discrete
Voronoi diagrams. We also localize the region for distance
eld computation. Our algorithm can computethe Voronoi
informationin a few hundredmilli-secondsfor comple en-
vironments. Moreover, our algorithminvolvesno hierarcly
computatioror update.

Basedon thesetwo reasonswe obtainconsiderablespeedupsver
prior methodshasedon hierarchiesMoreover, we areableto per
form variousqueriesat almostinteractve framerates.

Limitations: Ourapproacthasafew limitations. Thecomputation
of discreteVoronoidiagramshasoverheadjn termsof rasterizing
the distancefunctionsandreadingbackthe color anddepthbuffer.

Evenfor smallervironmentsthereadbacloverheaccanbe20 30

msec. As aresult,our currentimplementationvould take at least
50 60 msecto performthesequeries,evenon asimpleerviron-

ment. Themainbene t of Voronoi-basedulling arisesn comple

ervironmentswith a high numberof primitives (e.g. a few thou-
sandtriangles). Our PNS computationcan be consenrative if the
resolutionof the discrete3D grid is low. This canresultin a high

numberof exacttestsbetweerthe triangle primitives. Finally, our
PD algorithmonly computesalocal PD. Our approachonly works
well if thereis anisolatedcontactbetweerthe two objects. Many

deformablesimulationscanresultin deeppenetration®r multiple
contactg[Baraf et al. 2003; Heidelbeger et al. 2004]. Our local

PD algorithmmay notwork well in suchsituations.



9 Conclusions and Future Work

We presenta uni ed and generalapproachto perform collision
anddistancequeriesin complex ervironmentscomposedf mul-
tiple deformingobjects.We usepropertiesof Voronoidiagramso
perform N-body culling and conseratively computethe Voronoi
neighborsusing discreteVoronoi diagramsand distancebounds.
We have usedour algorithmsto performdifferentproximity queries
in complex deformablemodelscomposedf tensof thousandof
triangles.The performancef our collision detectionalgorithmsis
comparableo prior approachexceptouralgorithmcanalsohandle
modelswith changingtopologies. Moreover, we obsere one or-
der of magnitudeémprovementover prior distanceandpenetration
depthcomputatioralgorithms.

Therearemary avenuedor futurework. We would like to reduce
the overheadof Voronoi-basectulling. Insteadof computingthe
discreteVoronoidiagramsalonga 3D grid, we may only compute
themalong a setof pointsthat lie on the 2D-surface [Sud et al.
2006b]. Thiscouldresultin fastercomputatiorandreducetheover
headof readbackand scancorversion. We would like to useour
algorithmsfor otherapplicationssuchassumical or nite-element
simulation,wherethe meshconnectiity or topologiesof the ob-
jectsmay change.lt may be usefulto extendour PD computation
algorithmto robustly handledeeppenetrationsand multiple con-
tacts.

Ackno wledgments

Thisresearchs supportedn partby ARO ContractdDAAD19-02-
1-0390,andW911NF-04-1-0088NSF Awards04001340118743,
ONR ContractN00014-01-1-0496 DARPA RDECOM Contract
N61339-04-C-004andIntel Corporation.We thankWalt Disney
FeatureAnimation for the skirt simulation. We would like to ac-
knowledgeKirstin Williams for audiorecording ProfMing Lin and
othermemberf UNC GAMMA groupfor usefuldiscussionsind
feedbackWe arealsogratefulto thereviewersfor theircomments.

References

AGARWAL, P, GUIBAS, L., NGUYEN, A., RUSSEL, D., AND ZHANG, L. 2004.
Collision detectionfor deformingnecklaces. ComputationalGeometry: Theory
andApplications28, 2-3,137-163.

BARAFF, D., AND WITKIN, A. 2001.PhysicallyBasedViodeling ACM SIGGRAPH
CourseNotes.

BARAFF, D., WITKIN, A., AND KASS, M. 2003. Untanglingcloth. Proc. of ACM
SIGGRAPH 862-870.

BRIDSON, R., FEDKIW, R., AND ANDERSON, J. 2002. Rolusttreamenffor colli-
sions,contactandfriction for cloth animation. Proc. of ACM SIGGRAPH 594—
603.

COHEN, J., LIN, M., MANOCHA, D., AND PONAMGI, M. 1995. |-COLLIDE: An
interactie and exact collision detectionsystemfor large-scaleervironments. In
Proc. of ACM Interactive3D GraphicsConfeence 189-196.

DOBKIN, D., HERSHBERGER, J., KIRKPATRICK, D., AND SuURI, S. 1993. Comput-
ing theintersection-deptbf polyhedra.Algorithmica9, 518-533.

EHMANN, S., AND LIN, M. C. 2001. Accurateandfastproximity queriesbetween
polyhedrausingcorvex surfacedecompositionComputerGraphicsForum (Proc.
of Eurographics'2001)20, 3, 500-510.

ERICSON, C. 2004. Real-Tme Collision Detection MorganKaufmann.

FISCHER, |., AND GOTSMAN, C. 2005. Fastapproximationof high orderVoronoi
diagramsand distancetransformson the GPU. Technicalreport CS TR-07-05,
Harvard University,

FISHER, S., AND LIN, M. C. 2001. Deformeddistanceelds for simulationof non-
penetratinge xible bodies. Proc. of EG Workshopon ComputerAnimationand
Simulation 99-111.

GOVINDARAJU, N., REDON, S., LIN, M., AND MANOCHA, D. 2003.CULLIDE: In-
teractie collision detectionbetweencomple« modelsin large ervironmentsusing
graphicshardware. Proc. of ACM SIGGRAPH/EuwgraphicsWorkshopon Graph-
icsHardware, 25-32.

GOVINDARAJU, N., KNOTT, D., JAIN, N., KABAL, |., TAMSTORF, R., GAYLE, R.,
LIN, M., AND MANOCHA, D. 2005. Collision detectionbetweendeformable
modelsusingchromaticdecomposition ACM Trans.on Graphics(Proc. of ACM
SIGGRAPHR4, 3,991-999.

HEIDELBERGER, B., TESCHNER, M., KEISNER, R., MUELLER, M., AND GROSS,
M. 2004. Consistentpenetrationdepthestimationfor deformablecollision re-
sponse Proc. of ision, Modelingand isualization 315-322.

HOFF, K., ZAFERAKIS, A., LIN, M., AND MANOCHA, D. 2002. Fast3d geometric
proximity queriesbetweerrigid anddeformablemodelsusinggraphicshardware
accelerationTech.Rep.TR02-004,Departmenbf ComputerScience University
of North Carolina.

JAMES, D. L., AND Pal, D. K. 2004. BD-Tree: Output-sensitie collision detection
for reduceddeformablemodels.Proc. of ACM SIGGRAPH 393-398.

JOHNSON, D. E., AND COHEN, E. 2004.Uni ed distancequeriesn aheterogeneous
modelervironment.In ASMEDETC,

KAWACHI, K., AND Suzukl, H. 2000. Distancecomputationbetweemon-cowex
polyhedraat shortrangebasedon discreteVoronoi diagrams. IEEE Geometric
Modelingand Processing123-128.

KiM, Y. J., OTADUY, M. A, LIN, M. C., AND MANOCHA, D. 2002.Fastpenetration
depthcomputatiorfor physically-basednimation.In Proc. of ACM/Eurographics
Symposiunon ComputerAnimation 23-31.

KNOTT, D., AND Pal, D. K. 2003. CInDeR:Collision andinterferenceletectionin
real-timeusinggraphicshardware. Proc. of Graphicsinterface 73-80.

LARSEN, E., GOTTSCHALK, S., LIN, M., AND MANOCHA, D. 2000. Distance
querieswith rectangulasweptspherevolumes. Proc. of IEEE Int. Confeenceon
Roboticsand Automation 3719-3726.

LARSSON, T., AND AKENINE-MOLLER, T. 2001. Collision detectionfor continu-
ouslydeformingbodies.In Eurographics 325-333.

LIN, M., AND CANNY, J. F. 1991. Efcient algorithmsfor incrementaldistance
computation.In IEEE Confeenceon Roboticsand Automation 1008-1014.

LIN, M. C., AND MANOCHA, D. 2004.Collisionandproximity queriesIn Handbook
of DiscreteandComputationalGeometry2ndEd., J.E. GoodmarandJ.O'Rourke,
Eds.CRCPresd LC, BocaRaton,FL, ch.35,787-807.

MIRTICH, B. 1998. V-Clip: Fastandrobust polyhedralcollision detection. ACM
Transactionn Graphics17, 3 (July),177-208.

MUELLER, M., HEIDELBERGER, B., TESCHNER, M., AND GROSS, M. 2005.Mesh-
lessdeformatiorbasedbn shapematching.Proc. of ACM SIGGRAPH471-478.

OKABE, A., BOOTS, B., AND SUGIHARA, K. 1992. SpatialTessellationsConcepts
andApplicationsof Voronoi Diagrams JohnWiley & Sons,ChichesterUK.

QUINLAN, S. 1994, Ef cient distancecomputatiorbetweemon-comwex objects. In
Proceeding®f InternationalConfeeenceon Roboticsand Automation 3324—-3329.

REDON, S., AND LIN, M. 2006. A fastmethodfor local penetratiordepthcomputa-
tion. Journal of GraphicsTools To Appear

REDON, S., Kim, Y. J,, LIN, M. C., AND MANOCHA, D. 2004. Fastcontinuous
collision detectionfor articulatedmodels. In Proceedingof ACM Symposiunon
SolidModelingand Applications

SIGG, C., PEIKERT, R., AND GROSS, M. 2003. Signeddistancetransformusing
graphicshardware. In Proceeding®f IEEE Visualization 83-90.

Subp, A., OTADUY, M. A., AND MANOCHA, D. 2004. DiFi: Fast3D distanceeld
computationusing graphicshardware. ComputerGraphicsForum (Proc. Euro-
graphics)23, 3,557-566.

SuD, A., GOVINDARAJU, N., GAYLE, R., AND MANOCHA, D. 2006. Interactve 3d
distanceeld computatiorusinglinearfactorization.In Proc. ACM Symposiunon
Interactive3D Graphicsand Games117-124.

SuD, A., GOVINDARAJU, N., GAYLE, R., AND MANOCHA, D. 2006. Surface
distancemaps. Tech.Rep.TR06-011,Dept of ComputerScience University of
North Carolina.

SUNDARAJ, K., AND LAUGIER, C. 2000. Fastcontactlocalizationof moving de-
formablepolyhedra. In Proc. of IEEE Int. Confeenceon Contmol, Automation,
Roboticsand Vision.

TESCHNER, M., HEIDELBERGER, B., MULLER, M., POMERANETS, D., AND
GRoss, M. 2003. Optimizedspatialhashingfor collision detectionof deformable
objects.Proc. of Vision, Modelingand Visualization 47-54.

TESCHNER, M., KIMMERLE, S., HEIDELBERGER, B., ZACHMANN, G., RAGHU-
PATHI, L., FUHRMANN, A., CANI, M.-P,, FAURE, F., MAGNENAT-THALMANN,
N., STRASSER, W., AND VOLINO, P. 2005. Collision detectionfor deformable
objects.ComputerGraphicsForum19, 1, 61-81.

VAN DEN BERGEN, G. 1997. Ef cient collision detectionof complex deformable
modelsusingAABB trees.Journal of GraphicsTools2, 4, 1-14.

VOLINO, P., AND THALMANN, N. M. 2000.Accuratecollisionrespons®n polygon
meshesIn Proc. of ComputerAnimation 154.



