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ABSTRACT
Two physicalobjectscannotoccupy the samespaceat the same
time. Simulatedphysicalobjectsdo not naturallyobey this con-
straint. Instead,we mustdetectwhentwo objectshave collided–
we must perform collision detection. This work presentsa sim-
ple voxel-basedcollision detectionalgorithm,anefficient parallel
implementationof thealgorithm,andperformanceresults.

Categoriesand SubjectDescriptors
I.6.m [Simulation and Modeling]: Miscellaneous—Collision De-
tection

GeneralTerms
Algorithms

Keywords
parallelgeometry, collisiondetection,contact

1. INTRODUCTION
WhenusingCAD/CAM to designa machine,we mustensure

thesimulatedmachinepartsnever passthoughoneanother. If the
simulatedpartscollide,we mustcorrectthedesign.

In computergraphicsandanimation,weoftenwanttoensurethat
objectsbehave in a physicallyplausibleway. Thismeanschecking
if thesimulatedobjectspenetrateoneanother– if they do,themod-
eling tool or animatorwill wantto know.

In motion planningfor robotics,we mustcheckif a robot arm
will collidewith anythingasit executesa proposedcommand.The
commandwill have to bemodifiedif acollision is possible.

In simulatinga car crashor tearingmetal,at eachtimestepwe
mustcheckif any objectsintersect.If they do, we mustdeformor
displacetheobjects.

Collisiondetection, alsoknown ascontactor interferencedetec-
tion, is theproblemof determiningwhethera given setof objects
overlap. If theobjectsoverlap,in somesituationswe needto find
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Figure1: Collision detectionfor: (a) CAD/CAM (b) Computer
animation (c) Robotics(d) Structural simulation

exactlywhichpartsof theobjectsoverlapandthedepthof theover-
lap region. Theproblemcanbeformulatedin 2D, 3D, or higherdi-
mensions;canvarywith time;and,asshown aboveandin Figure1,
is relevantto many domains.

1.1 Summary
In this work, we presenta scalablehigh-level parallelsolution

to a largesubclassof collision detectionproblems.Our approach
is to divide spaceinto a sparsegrid of regular axis-alignedvox-
els distributedacrossthe parallelmachine. Objectsare thensent
to all the voxels they intersect.Onceall the objectshave arrived,
eachvoxel becomesa self-containedsubproblem,which is then
solved usingstandardserial collision detectionapproaches.This
voxel-basedapproachefficiently andnaturallyseparatesmany ob-
jectsthat cannotever collide, by placingthemin separatevoxels.
Simultaneously, voxelsbring togetheradjacentobjectsthatmayin-
tersect.

In theory, thebasicvoxel algorithmworksfor any objecttypeor
serial collision detectionmethod. In practice,the methodworks
best when there is not too much scaledisparity– objectsmuch
larger than a voxel will be sentto several voxels, wastingspace
andtime;while structuresmuchsmallerthana voxel mustbedealt
with entirely via the serialapproach.Further, the serialcollision
detectionmethodusedmustbeableto work with only a subsetof
theproblem’s objects–thesubsetthatlieswithin thevoxel.

For problemswhich conformto theselimitations,however, the
serialandparallelperformanceof thevoxel schemeis excellent.

1.2 Prior Work
Many researchers,from many domains,haveaddressedtheprob-

lem of collision detection.Following Lin andGottschalkin [23],
we canseparateout two mainareasof work: � -bodycollision de-
tection,the“broadphase”which determineswhich pairsamong�
objectsmayintersect;andpairwisecollisiondetection,the“narrow
phase”whichdecideswhethera singlepair of objectscollide. Any� -bodyalgorithmdependson a pairwisealgorithmto performthe
final tests.



Figure2: � line segmentsarranged to have
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Figure 3: � circles;(a) with �	� ��
 collisions; (b) with �	�� 
 col-
lisions

Finally, althoughthetwo problemsaredistinct,thecommonand
literatureusageof theterm“collision detection”canrefer to work
in either � -body or pairwisedetection.Thevoxel method,whose
presentationforms the bulk of this work, addressesthe � -body
problem.

Thebasicproblemof pairwisecollisiondetectionis to determine
whethertwo given objectscollide. Farouki et al [6] show how to
do pairwiseintersectionsfor quadrics. Cameron[4] defines“S-
Bounds” to perform pairwise intersectionsfor constructive solid
geometry. Thefamouspapersby Lin andCanny [22], andGilbert,
Johnson,and Keerthi [9], useconvex optimizationtechniquesto
intersectapairof convex polytopesin timelogarithmicin thenum-
berof vertices.Thislastresultis sometimesmisinterpretedto mean
the � -body collision detectionproblemcanbe solved in logarith-
mic time,which is not thecase.

1.3 � -body collision detection
Givenanalgorithmto determineif agivenpairof objectscollide,

theobviousway to determinewhich of � objectscollide is simply
to try all

��� ���
possiblepairs.Because

��� ����� �	� �
� 
 , this approach

requires�	� �
� 
 pair tests.

In fact, any correct � -body collision detectionalgorithmhasa
worst-casetime in �	� �

� 
 . This is becauseit is possibleto arrange� objects(seeFigure2) so that every object collides with every
otherobject,for �	� �

� 
 separatecollisions.
However, becausephysicalobjectscannotpassthoughonean-

other, nearlyany plausiblephysicalsituationactuallyhasat most�	� ��
 collisions,asin Figure3(a). Many situationsfoundin prac-
tice have asfew as�	�� 
 collisions,asshown in Figure3(b).

Sincemostproblemshave only a few collisions, it is quite of-
ten possibleto do collision detectionin fasterthan �	� �

� 
 time.
Thereareseveralwaysto do this,eachwith their own advantages.
Hubbard[12] pointsout thatmostcollision detectionresearchig-
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Figure4: � nested‘L ’ figuresdo not collide,but every bounding
box intersectsevery other bounding box.

noresthetimedependenceof collisionproblems.Althoughseveral
methodsfor fully four dimensional“spacetime”collisiondetection
areknown, anddescribedin Jiménez’s survey [13], a standardap-
proachis to sweepout or ignore time dependenceandtreateach
timestepor frameof thesimulationasaconceptuallyseparateprob-
lem. For rigid objectswith boundedvelocitiesandaccelerations,
thecollisionschedulingmethodof [21] canbeeffective.

Most other � -body approachesusesomesort of boundingvol-
ume. Boundingvolumes,althoughshown quite effective in prac-
tice, aresubjectto ratherunlikely worst cases,suchasthe nested
‘L’ shapesshown in Figure 4. Suri, Hubbard,and Hughes[24]
show thatif theobjectaspectratioand“scalefactor”1 arebounded,
then boundingboxes introduceno more than a linear amountof
overhead.ZhouandSuri [26] extendthis resultto includebounded
average aspectratioandscalefactor. Thesetheoreticalresultscon-
firm thepracticaleffectivenessof boundingboxes.

Thereare two major approachesto � -body collision detection.
In object subdivision, objectsare divided into parts that cannot
intersect. Hubbardhas divided objectsusing boundingspheres
[12]; Gottschalket al. [10] examinesorientedboundingboxes;
Klosowski etal. [17] usesdiscrete-orientationpolytopes( � -DOPs);
andKrishnanet al. [18] usea higher-orderboundingvolume. By
contrast,with spatialsubdivision, spaceitself is dividedup to sep-
arateobjects.Thevoxel methodis thesimplestspatialsubdivision
scheme.

Brown, Attaway, Plimpton,andHendrickson[2] usea parallel
recursive coordinatebisection(RCB) spatialsubdivision scheme
to performcollision detectionin a transientdynamicsapplication.
Theparallelimplementationof RCB requiresat least�	� �"!�# 
 syn-
chronizedcommunicationsteps,however, so their approachhasa
ratherhigh synchronizationoverhead.However, theirsis scalable,
production-level work, andshouldbeconsidereda provenalterna-
tive to thevoxel method.

Several otherspatialsubdivision schemeshave beendescribed,
suchasthesweep-linemethod,binaryspacepartition [7], octrees
[1] andmethodsderived from ray tracing. By reductionto sort-
ing, however, any subdivision schemebasedon comparingobject
locationswill requireat least�	� � �$! ��
 time; with parallelimple-
mentationsthat requiremultiple synchronizationsteps.Thevoxel
method,describednext, in somesituationsachieves �	� �%
 perfor-
mancewith excellentparallelefficiency.

&
Ratio of the volume of the boundingboxes of the smallestand

largestobject.



Figure5: Lar geobjectsmay spanseveral voxels.The dotsshow
the centersof the two linesand the midpoint betweencenters.

2. THE VOXEL METHOD
The � -body, spatialsubdivision approachwe examinein there-

mainderof this work is thevoxelmethod. A regular, axis-aligned
grid of voxels is imposedover theproblemdomain.Eachobjectis
addedto all thevoxels it touches,theneachvoxel’s list of objects
is collided separately. Any collision detectionsubschememay be
usedto detectcollisionswithin a voxel, from the simpleall-pairs
testto a recursive applicationof thevoxel method.

We aredeliberatelyvagueaboutexactly what an “object to be
collided” meansin this context, becausethe exact type of object
is completelyirrelevant.Thevoxel methodis exactly thesameand
worksalmostequallywell whethercolliding boxes,triangles,tetra-
hedra,hexahedralfinite elements,polyhedra,spheres,NURBSsur-
facepatches,or even complicatedcompositeobjects. Of course,
any implementationhas to pick somerepresentation;two fairly
popular, generalchoicesareboundingboxesandtriangles.

Thevoxel methodwasfirst describedbyTurk [25] for molecules,
but his approachhashedthe grid locationsinto buckets, ignoring
hashcollisions,andusedthenaiveall-pairsalgorithmoneachbucket.
Zyda et al. [27] describethe NPSNETsystem,which usesa par-
allel 2D densegrid structurequitesimilar to thevoxel method,but
Zyda’s implementationwas limited to simplevehicle/vehicleand
vehicle/terraininteractions,and also usedthe naive all-pairs ap-
proachwithin eachgrid cell.

Whenthe objectsto be collided areof nearlyuniform size,the
voxel methodis idealandgivesexcellentresults.For objectsmuch
smallerthana voxel, thedivision into voxels doesnot helpmuch,
andthevoxel methoddegeneratesto theserialschemeusedwithin
a voxel.

Objectsmuchlargerthanavoxel will beduplicatedacrossmany
voxels,asshown in Figure5. In thiscase,acarefulimplementation
canavoid duplicatingcollision testsacrossvoxelsby usinga con-
ventionto decidewhichvoxel is responsiblefor testingtheseshared
objects.For example,only thevoxel thatcontainsthemidpointbe-
tweentheobjectcentersneedtestthoseobjectsfor collision—see
thedotsin Figure5. Evenwith this optimization,however, objects
muchlargerthana voxel still wastebothspaceandtime.

Voxelsshouldbeimplementedasa sparsegrid, via a hashtable
in mostcases.A sparseimplementationis not required,but canbe
a gooddealmorespaceandtimeefficient if theproblemdomainis
notnaturallyboundedor if objectsaredistributednonuniformly. A
significantadvantageof a sparsegrid is thefact thatemptyvoxels
never getcreated,andhencecostnothing.

Although normally implementedin 3D, gridding works well in
any numberof dimensions,althoughhigh-dimensionalproblems
may consumelarge quantitiesof memory. Thecommontimestep
“sweeping”approachfor spacetimecollision detection,illustrated
in Figure6, canbeseenasakind of griddingalongthetimeaxisof
spacetime.

Figure6: Sweepingobjectsbetweentimestepscorrespondsto a
coarsetimestepgrid in 4D

Thevoxel approachis easiestto implementvia thesloppy strat-
egy of addingeachobject to all the voxels touchedby the object
boundingbox, which may be many morevoxels thanaretouched
by theactualobject. This sloppinesscanbetoleratedbecauseany
irrelevantobjectsin a voxel will beignoredby thecollision detec-
tion subscheme.For elongatedobjects,whoseboundingbox does
not fit well, this canbequitewasteful;for long andskinny or flat
objects,the 3D digital differentialanalyzerapproachof [1] could
improve performance.

However, sincethevoxel sizeisnormallychosensothatmostob-
jectsfit in asinglevoxel, griddingonly theboundingboxnormally
workswell. Thefastgriddingmethoddescribedin AppendixA is
idealfor thiscase.

3. PARALLEL IMPLEMENT ATION
Unlike many otherobject-or space-division collision detection

schemes,the voxel methodis naturally2 parallel. The description
of a parallelimplementationof thevoxel algorithmis givenbelow.

3.1 CHARM++

Thesparsevoxel grid is implementedon topof theportablepar-
allel runtime systemCHARM++, presentedin [14]. CHARM++
targetsbothshared-anddistributed-memoryparallelmachines,and
runsonmachinesfrom workstationsto clustersto supercomputers.
CHARM++ is a parallellibrary for C++, but includesbindingsfor
C andFORTRAN90.

A parallelapplicationin CHARM++ consistsof a numberof rel-
atively small, self-containedparallel objects. Theseobjectscom-
municatevia remotemethodinvocation,an RPCprotocolsimilar
to CORBA or Java RMI, but asynchronous.Sinceeachprocessor
housesseveral objects,while oneobjectis waiting for data,other
localobjectscanusetheCPU.Thisdata-drivenapproachthusauto-
maticallyandtransparentlyoverlapscommunicationandcomputa-
tion, leadingto betterperformanceandeasierapplicationdevelop-
ment.For unstructured,dynamicproblemslikecollisiondetection,
this approachis muchmoreusefulthanthe lower-level primitives
providedby MPI.

ParallelobjectsareimplementedasordinaryC++ classes.They
communicatewith otherparallelobjectsusinga local communica-
tion proxyobject,anotherregularC++ class.Proxiesareautomati-
cally generatedfrom aninterfacefile thatlistseachclasses’remote
methods.

In this sense,CHARM++ is quitesimilar to CORBA. However,
CHARM++ targetstightly coupledparallelmachinesandaimsfor�
Themorecommonbut, to us,lessdescriptive termis “embarrass-

ingly parallel.”



extremelyefficientcommunicationbetweenthousandsof in-process
objects.' The overheadimposedby CHARM++ is just a few mi-
croseconds,ratherthanthemillisecond-scalecostof aCORBA.

The CHARM++ array framework, presentedby the author in
[20], supportsparallel objectscalled array elementsthat can be
dynamicallycreatedand destroyed, participatein reductionsand
broadcasts,andmigratefrom oneprocessorto another. Array el-
ementsare identifiedacrossthe parallelmachineby an array in-
dex, which neednot bea contiguousrangeof integers–it canbea
sparseuser-defineddatastructuresuchasa multidimensionalloca-
tion, bitvector, or string.

Sincearrayelementscanmigrate,CHARM++ canimprove load
balancebyoccasionallymigratingsomeobjectsfromheavily loaded
processorsto lessloadedprocessors.Migration-basedloadbalanc-
ing canautomaticallycompensatefor application-inducedloadim-
balance,minimizecommunicationvolume,handlevariationamong
machines,or accommodatebackgroundload. The load balancing
systemis describedin [3].

CHARM++ is an excellent foundationfor parallelprogramde-
sign, researchand implementation. Several major, highly scal-
ableparallelapplicationshave beendevelopedusing CHARM++,
including[15].

3.2 Interface
Therearecurrentlytwo implementationsof thevoxel algorithm.

Oneimplementationusesan axis-alignedboundingbox to repre-
sentanobject;in theother, a triangleis anobject.

Trianglesarean extremelypopularlowestcommondenomina-
tor surfacerepresentation,andcanbe efficiently representedand
processed.Detailson thespecificinput formatandsometriangle-
specificoptimizationsarepresentedby theauthorin anotherwork
[19].

Boundingboxesaremoregeneralthantrianglesin thesensethat
evenacomplex objectcanbecollidedusingonly its boundingbox,
at leastat thebroadphase.Boundingboxescanalsobeconstructed
to containmultiple objects,providing anadditionaldegreeof free-
dom for the user. Of course,boundingboxesmay intersectwhen
the actualobjectsdo not, so the boundingbox implementationis
only the first step. A subsequent“narrow phase”is still needed
to checkthe few possiblecolliding pairsof objectsfor any actual
intersections.

Theinput to eitherimplementationof thevoxel algorithmis aset
of objects—boundingboxesor triangles—presentedon eachpro-
cessor. Theoutputis a list of objectsthatcollide; differentpieces
of this list arereturnedonevery processor.

3.3 The Algorithm
Thevoxel method’sparallelimplementationis perhapsmostsuc-

cinctly describedby its CHARM++ interfacefile:

module parCollide {
message objList;

array [3D] Voxel {
entry Voxel();
entry [createhere] void add(objList *);
entry void startCollision(void);

};

group Manager : syncReductionMgr {
entry Manager(CkArrayID voxels);
entry void voxelMessageRecvd(void);

};
};

Voxel isagridof voxels–asparsethree-dimensionalCHARM++
parallelarrayof objects. This allows voxels to be createdon any
processor, receive messagesfrom any processor, andmigratefrom
processorto processor.
Voxel::add is calledto adda list of objectsto thevoxel. Be-

causeadd is declaredcreatehere, if anadd messageis sentto
a non-existentgrid location,CHARM++ will createa new Voxel
objecton thesendingprocessorto handletherequest.objList,
the “message”parameterto add, containsa list of objectsto be
collidedby thevoxel.
Voxel::startCollision runs the serial collision detec-

tion subschemeon all the voxel’s accumulatedobjects. We usea
spatialrecursivecoordinatebisectionscheme;althoughany method
canbeused.An interestingapproachmightbeto recursively apply
thevoxel method,especiallyif many objectslie in a singlevoxel.
Manager is a CHARM++ group, a specialcollectionof parallel

objectswith exactly oneobjectonevery processor. TheManager
coordinatesandsynchronizesthecollisiondetectioncomputation.

3.4 Steps
Thestepsin onecollisiondetectioncomputationareasfollows.

1. Clientsgive thelocalManager their objectsto becollided.

2. The local Manager determineswhich voxels eachobject
touches,andcallsVoxel::add for theappropriatevoxels.

3. TheManagers synchronize,to ensurethat all voxels have
receivedall their objects.

4. startCollision is broadcastto all voxels, which then
run their serialcollisiondetectionalgorithm.

5. Theresultinglistsof collisionsarereturnedto theclients.

As usualin CHARM++, becausethis library’s clientsarealmost
alwaysparallelobjectsthemselves,therecanbeseveralclientsper
processor, or perhapsnoneatall ona particularprocessor.

In step2, thelocalManager actuallyaccumulatestheobjectsto
besentoff, thenfinally sendsall theobjectsfor a voxel in a single
message.Step2 is anall-to-all communicationstep,sothis simple
“accumulateandsend”communicationoptimizationis just oneof
avarietyof optimizationsthatcanbeapplied.Suchcommunication
optimizationsarethesubjectof ongoingresearch.

The messagesendsin step2 actuallycreatethe voxels, if they
haven’t alreadybeencreated.By default, thecreationhappenson
the sendingprocessor– this makes all future communicationbe-
tweenthis Manager and the voxel efficient. If the objectsthe
clientgivesonasingleprocessorareclusteredwell, mostwill never
besentover thenetwork.

Thesynchronizationin step3 is neededbecausevoxelsmayre-
ceiveobjectsfromseveralprocessors.Sinceany processorcansend
an object to any voxel, “Have all objectsbeendelivered?” is a
globalproperty, obtainableonly via a globaloperation.Recallthat
in CHARM++, however, otherlocal objectswill automaticallyuse
theCPUduringthis singlesynchronization.

After the synchronization,eachvoxel runstheir separateserial
collisiondetectionalgorithmandreportstheresults.

3.5 Parallel Details
Unlike in MPI, althoughmessagescan be sent to Voxels, a

Voxel is not a processor;nor is a processorresponsiblefor some
fixedsetof Voxels. CHARM++ allows many Voxels to sharea
singleprocessorefficiently—theonly limitations arememoryus-
ageand bookkeepingoverhead. Most programswork bestwith



between10 and 10,000Voxels per processor, but Voxels can
bedynamically( created,andoftenmigratebetweenprocessorsfor
loadbalance.

Consider, then,step2 of our parallelalgorithm.A list of objects
destinedfor someVoxel with index ��*),+.-/+.0%1 
 canbe given to
CHARM++ on someprocessor. Somehow, theprocessormustde-
termine if that Voxel alreadyexists somewhereon the parallel
machine.If so,theobjectsneedto besentto theVoxel. If not, a
new Voxel mustbecreated,ideallyon thesameprocessor.

Further, objectsdestinedfor thesame,nonexistentVoxel may
begiven to two differentprocessorsat thesametime. CHARM++
must resolve this race condition—exactly one of the processors
must createa new Voxel; and the others’ objectsmust be sent
there.

It’ s easyto imagineusinga centralizedVoxel registry to map
grid locationstoprocessors,andtoorganizeVoxel creation.How-
ever, a centralizedregistry is is not scalableandwould quickly be-
comea serial bottleneck. The naturalsolution, then, is to usea
distributedregistry.

This is theapproachusedby CHARM++. To deliver a message
to anunknown Voxel location,it computesa “home” processor3

for that locationvia a simplehashfunction. This homeprocessor
will eitherinform thesenderof theVoxel’s location,or authorize
the senderto createa new local Voxel. Home processorsthus
act asa distributedregistry to keeptrack of which Voxels exist,
and where. Processorscachethe location of recentlyreferenced
Voxels, which meansthe homeprocessorneednot beconsulted
beforeeverymessagesend.

Homeprocessorsalsoprovide anefficient, distributedmeansto
supportmigratingarrayelements.Thearrayframework alsoprop-
erly supportsbroadcaststo all existing Voxels, usedin step4
above; aswell asreductionsacrossall Voxels,usedin step5. The
detailsof how to supporttheseoperationsevenwith ongoingmigra-
tionsarepresentedby theauthorin anotherwork [20]. Of course,
CHARM++’s migratableparallel objectsarenot a voxel method-
specificconstruct—they areuseful,andused,in many othercon-
texts.

3.6 Load Balancing
The CHARM++ automaticload balancer[3] measuresthe load

andcommunicationpatternsof eachparallelobject. It thenusesa
load balancing“strategy”4 to determinewhereeachobjectshould
be migratedfor optimal performance.Performingload balancing
automaticallyat run-timeenablesanapplicationto reactquickly to
irregularity in theproblemstructure.

In fact, sincecollision detectionis often only a small part of a
muchlargerparallelprogram,perfectloadbalancefor thecollision
library is actuallynot necessary. As long astheprogramis struc-
turedto allow the executionof different librariesto interleave (as
is always the casein CHARM++), differentprocessorsmay have
differentamountsof collision work yet all have the sameamount
of work overall.

Considerthework doneby a parallelmachineduringanunsyn-
chronizedperiod–thatis, betweentwo globalsynchronizations.In
symbols,let 243 and 563 representthe amountof work neededby
two libraries 2 and 5 on processor7 . Assumefurther that 2 and5 areindependent,sothey donotdependononeanother—a situa-
tion thatCHARM++supportsquitewell. Thenfor loadbalancewe
requirethateachprocessorhave thesameamountof work overall:8
The sameconceptis used in most distributed sharedmemory

cachecoherenceschemes.9
Severalbuilt-in strategiesexist; or a customstrategy canbewrit-

ten.

: 3<; = 2 3?> 5 3 � 2 =@> 5 = (1)

This is often ensuredby requiring that every library imposethe
sameamountof work onevery processor, or:: 3<; =@263 � 2A=%B�563 � 5�= (2)

It is clearthat2 implies1, but 1 doesnot imply 2. That is, library
loadbalanceis sufficientbut notnecessaryfor globalloadbalance.
Thus the usualparallelprogrammingapproachof load balancing
every library is not actually necessary. A load balancercan use
theextra degreesof freedomobtainedby replacing2 with 1 to, for
example,minimizecommunicationoverhead.

For the voxel method,the CHARM++ automaticload balancer
is free to migrateboth the clients,which do work beforethe syn-
chronization;andthevoxels,whichdowork afterwards.Hencethe
loadbalancercanbalancethecollision algorithmin thecontext of
thelargerprogram.

4. PERFORMANCE
The voxel algorithmpresentedin this work hasexcellent theo-

reticalaswell aspracticalperformance.

4.1 Theoretical Performance
Let � denotethe numberof objects. If the averagenumberof

voxelsspannedby eachobjectis boundedby a constant,thevoxel
methodsendseachobjecta constantnumberof times,andcollides�	� ��
 objects,andhenceimposesno asymptoticoverheadon the
intra-voxel serialscheme.

If, further, theintra-voxel serialschemerunsin lineartime, then
the voxel methodis alsolinear time overall. If the serialscheme
is not linear; but the numberof objectsin eachvoxel is bounded,
theserialscheme’s inputsizeis constantandhencerunsin constant
time,sothevoxel methodis againlineartime.

In the parallel implementation,after a global synchronization
stepeachvoxel formsanindependentserialsubproblem.Thusas-
sumingenoughvoxelsthatgoodloadbalanceis possible5 thetime
requiredis �	� �%C # > �"!%# 
 . For largeenough� , thefirst termdom-
inatesandthetimerequiredis �	� ��C # 
 .

To reiterate,for a variety of commoncases,the voxel method
runsin �	� ��
 serialtime,and�	� ��C # 
 paralleltime.

4.2 Serial Performance
Totesttheperformanceof ourimplementationof thevoxelmethod

independentlyfrom thatof theserialcollisiondetectionscheme,we
usedanoptimizationtakenfrom computergraphics–never testthe
geometricmodelsfor self-intersection.This optimizationis espe-
cially importantfor triangularmodels,which may consistof mil-
lions of adjacenttriangles. The optimizationis implementedby
addinga “model number” to eachobject,andskipping the serial
collision detectiontestif all the objectsin a voxel camefrom the
samemodel.Of course,this optimizationstill allows you to detect
collisionsbetweenmodels,which are likely the interestingcolli-
sions.If self-intersectionsaredesired,thischeckcouldbedisabled
or eachobjectcanbeassignedadifferentmodelnumber. Finally, in
ourtestswealwaysusedindividual trianglesasobjects;thisis actu-
ally a worstcasefor ourmethod,sincemoreaggregationgenerally
improvesourperformance.

Theseperformanceresultsalwaysuseonlyonemodel,andhence
theimplementationis alwaysableto skip theserialcollisiondetec-
tion step.Thisnicely factorsout thecontributionof theserialcolli-D
Thedegreeof parallelismis limited by thenumberof voxels.



Figure7: Dragon model.

siondetectionschemefrom theparallelscheme.Theimplementa-
tion,andtheremainderof thecomputation,from objectdistribution
to thefinal collectionof results,is otherwiseunmodified.

The871,414triangle6 dragonmodelof Figure7 presentedin [5]
took 3.132secondsto collide on a singleprocessorof an Origin
2000.7

The remainingtestsusea much simpler model—atessellated
planeperturbedby small harmonicwaves. This simplemodel is
easyto scaleto any desirednumberof triangles,while retaining
muchof thecharacterof anactualsurface.

Figure8 shows thewall-clock timepercompletecollisiondetec-
tion for a rangeof differentnumbersof triangleson a slow Linux
PC.8 The smallestfigureshown is 1,024triangles,which take 1.4
millisecondsor 1.4 microsecondsper triangle. The largestfigure
is 1,048,576triangles,which take 2.1secondsor 2.1microseconds
per triangle. This muchlargerdatasetcannotfit entirely in cache
andis henceslightly slower.

Thisserialresultis competitivewith thefigureof 2 microseconds
per triangle9 given for the serialalgorithmof Gottschalket al. in
[10]. Further, the observed performanceof thevoxel algorithmis
indeedlinearin thenumberof triangles.

4.3 Parallel Performance
We ran a simplescalingbenchmarkwith 65,536polygonsper

processoronASCI RED. Thewall-clocktimepertimestepfor var-
iousnumbersof processorsis shown in Figure9. A programwith
perfectspeedupwould have a constanttime per step. Instead,we
seea slow, logarithmicrise in thetime perstepdueto the �	� �$!�# 

synchronizationoverhead.

Thesmallestrun shown, 65,536triangleson a singleprocessor,
takes0.44secondsperstep. The largestrun shown, 65,536trian-
gles on eachof 1,500processorsor 98.3 million triangles,takes

E
Hencethis is a 871,414-objectmodel.F
195MHzMIPSR10000,IRIX 6.5G
400MHzAMD K6-3, Linux 2.4.2H
Ona 195MHzMIPSprocessor.
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Figure8: Time per stepfor serial benchmark
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Figure 9: Time per stepfor a scalingparallel benchmark, with
a fixed 65,536polygonsper processor.

0.73secondsperstep.This is ascaledspeedupof 915,or aparallel
efficiency of 60 percent.

Theobservedparallelperformanceis indeedexcellent.It is also
comparablewith the result of 40 millisecondsper timestep(ap-
proximately20-fold faster)for 1875objectsperprocessor(approx-
imately 35-fold fewer) for the parallelRCB schemedescribedin
[2]. However, thatwork waspartof aproductioncodeandincluded
extra computationandcommunicationassociatedwith mechanics.

Theparallelimplementationalsoscalesdown for smallermod-
elsandfastresponsetime, suchasfor interactive applications.32
processorsof a 195 MHz Origin2000systemcanhandle300,000
trianglesat thegoodinteractive rateof 30millisecondsperstep.

5. CONCLUSIONS AND FUTURE WORK
We have demonstrateda parallel collision detectionalgorithm

basedon regularspacesubdivision. We have implementedtheal-
gorithm in CHARM++ andextensively analyzedits performance.
Theresultsaretheoreticallyandpracticallyquitecompetitive with
publishedwork.

5.1 Future Work
Themostfundamentallimitation of thevoxel methodis thatall

the voxels arethe samesizeandorientation,which limits perfor-
mancefor extremelysmall or large objects. A promisingareaof
futureresearchis to usea nonuniformgrid, ideally determinedau-



Figure10: Objectscould warp the grid in a relativistic fashion.

tomaticallyfrom theobjectdensity. A multi-level grid suchasan
octreewouldbeaneasywayto achievethisend,althoughit maybe
difficult to maintain�	� ��
 performance.A moreeffective method
might be to usethe local objectsizeor density, possiblyfrom the
previousstep,to efficiently adjustthegrid resolutionin a spatially
dependentmanner. A per-axisapplicationof this methodis shown
in Figure10; andGaedeandGünter[8] provide a comprehensive
survey of possibletechniques.

A much simpler goal is automaticdeterminationof the ideal
voxel size.Voxelsthataretoosmallhave toomuchoverhead;vox-
els that are too large do not createenoughparallelismand lump
togethertoo many objects.The tradeoff shouldbebetteranalyzed
and,if possible,automatic.

Voxels neednot form a regular grid at all. Thereare several
other regular andirregular waysto tile 3D space.A lessangular
grid cell, with a highervolumeto surfaceareathana cube,would
be lesslikely to bring togetherobjectsthatwill never collide. The
implementationcouldalsomake muchbetteruseof temporaland
spatialcoherence,assuggestedin [22] and[21].

Theimplementationcurrentlyrequiresonebarrieroperationper
collision, which couldbecomea bottleneckfor smallproblemson
large machines. Somesort of global operationis neededto en-
sureall objectshave beendeliveredto thevoxels;but asystolicap-
proach,continuallysummingthecurrentsendandreceive counts,
mightbemoreproactive.

Wecurrentlyonly determinewhichobjectsintersect.This is suf-
ficient for someapplications,suchasmotion planning,clearance
checking,andmany graphicsapplications.However, a morecom-
pletesolutionwouldgoonto determinetheentiresetof penetrating
points, the penetrationdistance,andthe penetrationdirection for
eachpoint. Kawachi andSuzuki [16] usea “discreteclosestfea-
ture list” to efficiently determinethesequantitiesvia analgorithm
similar to thevoxel method.

Finally, we areimplementinga real mechanicsapplicationthat
usesthis collision detectionimplementation. We hopeto quan-
titatively demonstratethe benefitsof our dynamicload balancing
capabilitiesusingthis realapplication.

6. REFERENCES

[1] S.BandiandD. Thalmann.An adaptive spatialsubdivision
of theobjectspacefor fastcollisionof animatedrigid bodies.
In Proceedingsof Eurographics’95, pages259–270,August
1995.http://ligwww.epfl.ch/thalmann/.

[2] S.Brown, S.Attaway, S.Plimpton,andB. Hendrickson.
Parallelstrategiesfor crashandimpactsimulations.
ComputerMethodsin AppliedMechanicsandEngineering,
184:375–390,2000.
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APPENDIX

A. EFFICIENT GRIDDING
The inner loop of the voxel methodoutlinedin this work com-

putesthegrid locationsspannedby anobject,andtheninsertsthe
object into the object lists at eachgrid location. For simplicity,
we computethe grid locationsbasedon the objectboundingbox.
Henceoneextremelycommonoperationis to convert the coordi-
nateof eachfaceof a boundingbox, a floating-pointnumber, into
agrid location,aninteger. However, onmodernarchitectures,con-
vertingfloating-pointnumbersto integersis oftenslow.

In certainsituations,a novel but simple technique[11] canbe
usedto dramaticallyspeedupfloating-pointto integerconversions.
In particular, given a double-precisionsourceandintegerdestina-
tion array, we may useeither the first or the secondtwo C state-
mentsbelow:

/*Normal way:*/
dest[i] = (int)floor(src[i]);
/*Bizarre but fast way:*/
float f = (float)(src[i] + convert);
dest[i] = *(int32 *)&f;

Thereasonis thatanIEEE singleprecisionfloating-pointnum-
ber’s mantissafield overlapsthe low bits of an integer, asshown
in Figure11. If the grid size is a power of two, we can convert
a coordinateinto a grid locationby shifting andextractingout the
appropriatebits of thecoordinate.

Floating-pointnumbersare always storedin the “normalized”
form I*JK�,L MNMNM �

, so we canshift the mantissaof a floating point

numberbysimplyaddingaconstant.Forexample,givenafloating-
pointcoordinatewith binaryrepresentationMNMNM@L OPOPO �

, afteraddingI
� 8 �/L$�RQ/Q*Q �

, we get

I
� 8 �,L��RQ/Q/Q*Q/Q*Q/Q/Q*Q/Q*Q/Q/Q*Q/Q,Q*Q/QSM?MNMT U�V W� 8YX[Z \^]

By addinga constant,we haveshiftedthegrid locationM?MNM into
thelow bits,andby roundingto singleprecisionwe have removed
theexcessbits OPOPO thatrepresentthesub-gridcelllocation.

This floating-pointnumbercanbe compared,incremented,and
decrementedas if an integer. The IEEE exponentfield corrupts
thehigh bits of this integer, but thesecaneasilybesubtractedoff.
Since the origin of the grid coordinatesis arbitrary anyway, we
leave the exponent. The mantissais only 23 bits, but this is still
enoughto represent8 million grid cells alongeachaxis, or �_Q

�a`
cellstotal. Convertinga double-precisionfloatingpoint numberto
a 64-bit integerin thesameway wouldyield a 52-bit grid index.

By addinga“borrow protection”bit to theconstant,thismethod
canacceptboth positive andnegative input coordinates.By sub-
tractingthecoordinateorigin, wecanaccomplishashiftingaswell
asscaling. We canalsoscalethe constantto extract out a differ-
ent setof bits, simulatingany power-of-two grid size; this is less
flexible but much more efficient than scalingthe input valuesto
changethegrid size.Finally, wemustcompensatefor IEEEround-
ing, which roundsto the nearestbitpatternratherthantruncating.
Theidealconstantfor this methodthushastheform:

�/LcbTdU_VdWXdefgf eih	j.fgeY\gkil<\Pm

]gn.Z o \VdW�T[U
I
� 8 0pQqLcbTdU�V[WfgeRr.s�t

Thusgivena power-of-two grid sizeandorigin, theoptimizedC
codeto computetheconversionconstantandthenconvertafloating
point valuesrc to anintegergrid cell index dest is asfollows.

/* gridsize must be a power of two*/
double convert = (1.5*(1<<23)-0.5)

*gridsize-origin;
float f = (float)(src + convert);
int dest = *(int32 *)&f;

Of course,thesamemethodcanbeappliedin any languagethat
allows us to quickly interpretthe bits of onedatatype asbits of
anotherdatatype.

Table1 shows the time per floating point to integer conversion
for both the conventionalandoptimizedapproaches.The perfor-
mancedifferencebetweenthetwo is dramatic–a factorof 2 to 40,
dependingonthearchitecture.Becausemappingoneboundingbox
onto a grid requiressix suchconversions,the total savings by us-
ing the optimizedmethodis a microsecondor two per object–a
significantspeedup.

Exponent (8 bits) Mantissa (23 bits)S u v w u v w

u v w

Figure11: An IEEE singleprecisionfloating-point number and
a 32-bit integer



Machine10 Normal Fast
1.5GHz AMD Athlon XP11 54 ns 5 ns
500MHz Pentium3 Xenon12 236ns 14 ns
195MHz MIPSR1000013 109ns 21 ns
300MHz SPARC Ultra 1014 245ns 30 ns
332MHz PowerPC604e15 281ns 127ns
240MHz PA-RISC820016 648ns 15 ns

Table 1: Comparing conventional and optimized conversion
times.

& `
Computedaswall clock time for 100million conversionsdivided

by 100million&&
Linux 2.4.7,gcc2.96-O3& �
Linux 2.4.2,gcc2.96-O3&i8
IRIX64 6.5,gcc2.95.2-O3& 9
Solaris2.6,gcc2.95.2-O3&iD
AIX for IBM SP, gcc2.95.2-O3/VisualAgeAIX 5&iE
HP-UX 10.20,gcc2.95.2-O3


