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ABSTRACT

Two physical objectscannotoccupy the samespaceat the same
time. Simulatedphysicalobjectsdo not naturally obey this con-
straint. Instead,we mustdetectwhentwo objectshave collided—
we must perform collision detection. This work presentsa sim-
ple voxel-baseccollision detectionalgorithm, an efficient parallel
implementatiorof thealgorithm,andperformanceesults.
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1. INTRODUCTION

Whenusing CAD/CAM to designa machine,we mustensure
the simulatedmachinepartsnever passthoughoneanother If the
simulatedpartscollide, we mustcorrectthe design.

In computegraphicsandanimationwe oftenwantto ensurehat
objectshehae in aphysicallyplausibleway. This meanschecking
if thesimulatedobjectspenetratmneanother if they do,themod-
elingtool or animatorwill wantto know.

In motion planningfor robotics,we mustcheckif a robotarm
will collide with arything asit executesa proposeccommand.The
commandwill have to bemodifiedif acollisionis possible.

In simulatinga car crashor tearingmetal, at eachtimestepwe
mustcheckif ary objectsintersect.If they do, we mustdeformor
displacethe objects.

Collisiondetectionalsoknown ascontactor interferencedetec-
tion, is the problemof determiningwhethera given setof objects
overlap. If the objectsoverlap,in somesituationswe needto find
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Figure 1: Collision detectionfor: (a) CAD/CAM (b) Computer
animation (c) Robotics(d) Structural simulation

exactly which partsof the objectsoverlapandthe depthof theover-
lapregion. Theproblemcanbeformulatedin 2D, 3D, or higherdi-
mensionscanvarywith time; and,asshavn above andin Figurel,
is relevantto mary domains.

1.1 Summary

In this work, we presenta scalablehigh-level parallel solution
to alarge subclasof collision detectionproblems. Our approach
is to divide spaceinto a sparsegrid of regular axis-alignedvox-
els distributed acrossthe parallelmachine. Objectsare thensent
to all the voxels they intersect. Onceall the objectshave arrived,
eachvoxel becomesa self-containedsubproblem which is then
solved using standardserial collision detectionapproachesThis
voxel-basedapproactefficiently andnaturallyseparatesary ob-
jectsthat cannotever collide, by placingthemin separatesoxels.
Simultaneouslyoxelsbringtogethetadjacenbbjectsthatmayin-
tersect.

In theory the basicvoxel algorithmworksfor ary objecttypeor
serial collision detectionmethod. In practice,the methodworks
bestwhen thereis not too much scale disparity— objects much
larger than a voxel will be sentto several voxels, wasting space
andtime; while structuresnuchsmallerthanavoxel mustbedealt
with entirely via the serialapproach.Further the serial collision
detectionmethodusedmustbe ableto work with only a subseof
the problems objects-the subsethatlies within the voxel.

For problemswhich conformto theselimitations, however, the
serialandparallelperformancef the voxel schemas excellent.

1.2 Prior Work

Marny researcherdrom mary domainshave addressetheprob-
lem of collision detection. Following Lin and Gottschalkin [23],
we canseparateut two mainareasof work: n-body collision de-
tection,the “broad phase"which determinesvhich pairsamongn
objectsmayintersectandpairwisecollisiondetectionthe“narrow
phase’which decidesvhethera singlepair of objectscollide. Any
n-body algorithmdependn a pairwisealgorithmto performthe
final tests.



Figure 3: n circles;(a) with O(n) collisions; (b) with O(1) col-
lisions

Finally, althoughthetwo problemsaredistinct,the commonand
literatureusageof the term*“collision detection"canreferto work
in eithern-body or pairwisedetection. The voxel method,whose
presentatiorforms the bulk of this work, addresseshe n-body
problem.

Thebasicproblemof pairwisecollision detectioris to determine
whethertwo given objectscollide. Faroukiet al [6] shav how to
do pairwiseintersectiongor quadrics. Cameron[4] defines"S-
Bounds”to perform pairwise intersectionsfor constructve solid
geometry Thefamouspapershy Lin andCanry [22], andGilbert,
Johnson,and Keerthi[9], usecorvex optimizationtechniquesto
intersect pair of corvex polytopesn timelogarithmicin thenum-
berof vertices.Thislastresultis sometimesnisinterpretedo mean
the n-body collision detectionproblemcanbe solved in logarith-
mic time, whichis notthe case.

1.3 n»-body collision detection

Givenanalgorithmto determindf agivenpairof objectscollide,
the obvious way to determinewhich of n objectscollide is simply
totry all (%) possiblepairs. Becauseg(;) = O(n?), this approach
requiresO(n?) pairtests.

In fact, any correctn-body collision detectionalgorithmhasa
worst-casgime in O(n?). Thisis becausét is possibleto arrange
n objects(seeFigure 2) so that every objectcollides with every
otherobject,for O(n?) separateollisions.

However, becausephysicalobjectscannotpassthoughone an-
other nearlyary plausiblephysicalsituationactually hasat most
O(n) collisions,asin Figure 3(a). Many situationsfoundin prac-
tice have asfew asO(1) collisions,asshavn in Figure3(b).

Sincemostproblemshave only a few collisions, it is quite of-
ten possibleto do collision detectionin fasterthan O(n?) time.
Thereareseveralwaysto do this, eachwith their own adwantages.
Hubbard[12] pointsout that mostcollision detectionresearchig-

Figure4: n nested’L’ figuresdo not collide, but every bounding
box intersectsevery other bounding box.

noresthetime dependencef collision problems Althoughseveral

methoddor fully four dimensional'spacetime’collision detection
areknown, anddescribedn Jiménezs suney [13], a standardap-

proachis to sweepout or ignoretime dependencandtreateach
timestepor frameof thesimulationasaconceptuallyseparat@rob-

lem. For rigid objectswith boundedvelocitiesand accelerations,
thecollision schedulingnethodof [21] canbeeffective.

Most othern-body approachesisesomesort of boundingvol-
ume. Boundingvolumes,althoughshavn quite effective in prac-
tice, are subjectto ratherunlikely worst casessuchasthe nested
‘L’ shapesshawn in Figure4. Suri, Hubbard,and Hughes[24]
shaw thatif theobjectaspectatio and“scalefactor® arebounded,
then boundingboxes introduceno more than a linear amountof
overheadZhouandSuri[26] extendthis resultto includebounded
avelage aspectatio andscalefactor Thesetheoreticaresultscon-
firm the practicaleffectivenesf boundingboxes.

Thereare two major approacheso n-body collision detection.
In object subdvision, objectsare divided into partsthat cannot
intersect. Hubbardhas divided objectsusing bounding spheres
[12]; Gottschalket al. [10] examinesorientedboundingboxes;
Klosowski etal. [17] usedliscrete-orientatiopolytopeqk-DOPS);
andKrishnanetal. [18] usea higherorderboundingvolume. By
contrastwith spatialsubdvision, spacdtself is divided up to sep-
arateobjects.The voxel methodis the simplestspatialsubdvision
scheme.

Brown, Attaway, Plimpton,and Hendrickson[2] usea parallel
recursve coordinatebisection(RCB) spatial subdvision scheme
to performcollision detectionin a transientdynamicsapplication.
The parallelimplementatiorof RCB requiresatleastO(lg p) syn-
chronizedcommunicatiorsteps however, so their approacthasa
ratherhigh synchronizatioroverhead.However, theirsis scalable,
production-leel work, andshouldbe considered proven alterna-
tive to the voxel method.

Several otherspatialsubdvision schemedave beendescribed,
suchasthe sweep-linemethod,binary spacepartition [7], octrees
[1] and methodsderived from ray tracing. By reductionto sort-
ing, however, ary subdvision schemebasedon comparingobject
locationswill requireatleastO(n lgn) time; with parallelimple-
mentationghatrequiremultiple synchronizatiorsteps. The voxel
method,describechext, in somesituationsachiezes O(n) perfor
mancewith excellentparallelefficiengy.

!'Ratio of the volume of the boundingboxes of the smallestand
largestobject.
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Figure5: Lar geobjectsmay spanseveral voxels. The dotsshow
the centersof the two lines and the midpoint betweencenters.

2. THE VOXEL METHOD

The n-body, spatialsubdvision approactwe examinein there-
mainderof this work is the voxelmethod A regular, axis-aligned
grid of voxelsis imposedover the problemdomain.Eachobjectis
addedto all the voxelsit touchestheneachvoxel’s list of objects
is collided separately Any collision detectionsubschemenay be
usedto detectcollisionswithin a voxel, from the simple all-pairs
testto arecursve applicationof the voxel method.

We are deliberatelyvagueaboutexactly what an “object to be
collided” meansin this contet, becausehe exact type of object
is completelyirrelevant. The voxel methodis exactly the sameand
worksalmostequallywell whethercolliding boxes,triangles tetra-
hedra hexahedrafinite elementspolyhedraspheresNURBS sur
facepatchesor even complicatedcompositeobjects. Of course,
ary implementationhasto pick somerepresentationfwo fairly
popular generakhoicesareboundingboxesandtriangles.

Thevoxel methodwasfirst describedy Turk [25] for molecules,
but his approachhashedhe grid locationsinto buckets, ignoring

hashcollisions,andusedhenaive all-pairsalgorithmoneachbucket.

Zydaetal. [27] describethe NPSNETsystem,which usesa par
allel 2D densegrid structurequite similar to the voxel method but
Zyda's implementationwas limited to simple vehicle/\ehicle and
vehicle/terraininteractions,and also usedthe naive all-pairs ap-
proachwithin eachgrid cell.

Whenthe objectsto be collided are of nearly uniform size, the
voxel methodis idealandgivesexcellentresults.For objectsmuch
smallerthana voxel, the division into voxels doesnot help much,
andthe voxel methoddegenerateso the serialschemausedwithin
avoxel.

Objectsmuchlargerthanavoxel will beduplicatedacrossmary
voxels,asshavn in Figure5. In this casea carefulimplementation
canavoid duplicatingcollision testsacrossvoxels by usinga con-
ventionto decidewhichvoxelis responsibldor testingtheseshared
objects.For example,only thevoxel thatcontainghe midpointbe-
tweenthe objectcentersneedtestthoseobjectsfor collision—see
thedotsin Figure5. Evenwith this optimization,howvever, objects
muchlargerthana voxel still wastebothspaceandtime.

Voxels shouldbeimplementedasa sparsegrid, via a hashtable
in mostcasesA sparsémplementatioris not required but canbe
agooddealmorespaceandtime efficientif the problemdomainis
not naturallyboundedor if objectsaredistributednonuniformly A
significantadwantageof a sparsegrid is the factthatemptyvoxels
never getcreatedandhencecostnothing.

Although normally implementedn 3D, gridding works well in
ary numberof dimensions althoughhigh-dimensionaproblems
may consumedarge quantitiesof memory The commontimestep
“sweeping”approacHor spacetimecollision detection,jllustrated
in Figure6, canbeseerasakind of griddingalongthetime axisof
spacetime.

Figure 6: Sweepingobjectsbetweentimestepscorrespondsto a
coarsetimestepgrid in 4D

Thevoxel approachs easiesto implementvia the slopypy strat-
egy of addingeachobjectto all the voxels touchedby the object
boundingbox which may be mary morevoxels thanaretouched
by the actualobject. This sloppinessanbetoleratedbecausery
irrelevantobjectsin avoxel will beignoredby the collision detec-
tion subschemeFor elongatecbbjects,whoseboundingbox does
not fit well, this canbe quite wasteful;for long andskinry or flat
objects,the 3D digital differentialanalyzerapproachof [1] could
improve performance.

However, sincethevoxel sizeis normallychosersothatmostob-
jectsfit in asinglevoxel, griddingonly the boundingbox normally
workswell. Thefastgriddingmethoddescribedn AppendixA is
idealfor this case.

3. PARALLEL IMPLEMENT ATION

Unlike mary otherobject-or space-diision collision detection
schemesthe voxel methodis naturally’ parallel. The description
of a parallelimplementatiorof the voxel algorithmis givenbelow.

3.1 CHARM++

The sparsevoxel grid is implementecbn top of theportablepar
allel runtime systemCHARM++, presentedn [14]. CHARM++
targetsbothsharedanddistributed-memoryparallelmachinesand
runson machinesrom workstationgo clustersto supercomputers.
CHARM++ is a parallellibrary for C++, but includesbindingsfor
C andFORTRAN90.

A parallelapplicationin CHARM++ consistsof a numberof rel-
atively small, self-containecparallel objects Theseobjectscom-
municatevia remotemethodinvocation,an RPC protocolsimilar
to CORBA or Java RMI, but asynchronousSinceeachprocessor
housessereral objects,while one objectis waiting for data,other
local objectscanusethe CPU. Thisdata-drvenapproactihusauto-
matically andtransparentlyverlapscommunicatiorandcomputa-
tion, leadingto betterperformanceandeasierapplicationdevelop-
ment. For unstructureddynamicproblemdik e collision detection,
this approachis muchmoreusefulthanthe lower-level primitives
providedby MPI.

Parallelobjectsareimplementedasordinary C++ classesThey
communicatevith otherparallelobjectsusingalocal communica-
tion proxy object,anotheregular C++ class.Proxiesareautomati-
cally generatedrom aninterfacefile thatlists eachclassestemote
methods.

In this sense CHARM++ is quite similar to CORBA. However,
CHARM++ targetstightly coupledparallelmachinesandaimsfor

_2The morecommonbut, to us,lessdescriptve termis “embarrass-
ingly parallel’



extremelyefficientcommunicatiorbetweerthousandsf in-process
objects. The overheadimposedby CHARM++ is just a few mi-
crosecondsiatherthanthe millisecond-scaleostof a CORBA.

The CHARM++ array framework, presentedby the authorin
[20], supportsparallel objectscalled array elementghat can be
dynamically createdand destrged, participatein reductionsand
broadcastsand migratefrom one processoto another Array el-
ementsare identified acrossthe parallelmachineby an array in-
dex, which neednot be a contiguousrangeof integers—it canbea
sparsauserdefineddatastructuresuchasa multidimensionaloca-
tion, bitvector or string.

Sincearrayelementanmigrate, CHARM++ canimprove load
balanceby occasionallymigratingsomeobjectsfrom heavily loaded
processor$o lessloadedprocessorsMigration-basedoadbalanc-
ing canautomaticallycompensatéor application-inducetbadim-
balanceminimizecommunicatiorvolume,handlevariationamong
machinespr accommodat®ackgroundoad. The load balancing
systemis describedn [3].

CHARM++ is an excellentfoundationfor parallel programde-
sign, researchand implementation. Several major, highly scal-
able parallel applicationshave beendevelopedusing CHARM ++,
including[15].

3.2 Interface

Therearecurrentlytwo implementation®f the voxel algorithm.
Oneimplementationusesan axis-alignedboundingbox to repre-
sentanobject;in theother atriangleis anobject.

Trianglesare an extremely popularlowest commondenomina-
tor surfacerepresentationand can be efficiently represented@nd
processedDetailson the specificinput formatand sometriangle-
specificoptimizationsare presentedy the authorin anothemwork
[19].

Boundingboxesaremoregenerakhantrianglesin the sensehat
evenacomplex objectcanbecollidedusingonly its boundingbox,
atleastatthebroadphase Boundingboxescanalsobeconstructed
to containmultiple objects,providing anadditionaldegreeof free-
dom for the user Of course,boundingboxes may intersectwhen
the actualobjectsdo not, so the boundingbox implementatioris
only the first step. A subsequentnarrowv phase”is still needed
to checkthe few possiblecolliding pairsof objectsfor ary actual
intersections.

Theinputto eitherimplementatiorof thevoxel algorithmis aset
of objects—boundindoxes or triangles—presentedn eachpro-
cessar The outputis alist of objectsthatcollide; differentpieces
of thislist arereturnedon every processor

3.3 The Algorithm

Thevoxel methods parallelimplementations perhapsnostsuc-
cinctly describedy its CHARM++ interfacefile:

nodul e par Col |ide {
nessage obj Li st;

array [3D] Voxel {

entry Voxel ();

entry [createhere] void add(objList *);
entry void startCollision(void);

b

group Manager syncReducti onMyr {
entry Manager (CkArrayl D voxel s);
entry voi d voxel MessageRecvd(voi d);

};

Voxel isagridof voxels—asparsehree-dimensionalHARM ++
parallelarray of objects. This allows voxels to be createdon ary
processqrreceve messagefrom ary processqrandmigratefrom
processoto processaor

Voxel : : add is calledto addalist of objectsto thevoxel. Be-
causeadd is declarectr eat eher e, if anadd messagés sentto
a non-«istentgrid location, CHARM++ will createa new Voxel
objecton the sendingprocessoto handletherequest.obj Li st ,
the “message”parametetto add, containsa list of objectsto be
collidedby thevoxel.

Voxel : : start Col | i si on runsthe serial collision detec-
tion subschemen all the voxel's accumulatedbjects. We usea
spatialrecursve coordinatebisectionschemealthoughary method
canbeused.An interestingapproachmightbeto recursvely apply
thevoxel method especiallyif mary objectslie in asinglevoxel.

Manager is a CHARM++ group, a specialcollectionof parallel
objectswith exactly oneobjecton every processorThe Manager
coordinategandsynchronizeshe collision detectioncomputation.

3.4 Steps

Thestepsin onecollision detectioncomputatiorareasfollows.

1. Clientsgive thelocal Manager their objectsto becollided.

2. The local Manager determineswhich voxels eachobject
touchesandcallsVoxel : : add for theappropriatevoxels.

3. TheManager s synchronizefo ensurethatall voxels have
recevedall their objects.

4. start Col |'i si on is broadcasto all voxels, which then
runtheir serialcollision detectionalgorithm.

5. Theresultinglists of collisionsarereturnecdto the clients.

As usualin CHARM++, becausehis library’s clientsarealmost
alwaysparallelobjectsthemseles,therecanbe several clientsper
processqror perhapsioneatall ona particularprocessor

In step2,thelocalManager actuallyaccumulatetheobjectsto
be sentoff, thenfinally sendsall the objectsfor avoxel in asingle
messageStep?2 is anall-to-all communicatiorstep,sothis simple
“accumulateandsend”communicatioroptimizationis just oneof
avarietyof optimizationghatcanbeapplied.Suchcommunication
optimizationsarethe subjectof ongoingresearch.

The messagesendsin step?2 actually createthe voxels, if they
haven't alreadybeencreated.By default, the creationhappenn
the sendingprocessor this malkes all future communicationbe-
tweenthis Manager andthe voxel efficient. If the objectsthe
clientgivesonasingleprocessoareclusteredvell, mostwill never
be sentover the network.

The synchronizationin step3 is needececauseroxels mayre-
ceive objectsfrom severalprocessorsSinceary processocansend
an objectto ary voxel, “Have all objectsbeendelivered?” is a
globalproperty obtainableonly via a global operation.Recallthat
in CHARM++, however, otherlocal objectswill automaticallyuse
the CPUduringthis singlesynchronization.

After the synchronizationeachvoxel runstheir separateserial
collision detectionalgorithmandreportstheresults.

3.5 Parallel Details

Unlike in MPI, althoughmessagesan be sentto Voxel s, a
Voxel is notaprocessornoris a processoresponsibldor some
fixed setof Voxel s. CHARM++ allows mary Voxel sto sharea
single processokefficiently—the only limitations are memoryus-
age and bookleepingoverhead. Most programswork bestwith



betweenl0 and 10,000Voxel s per processqrbut Voxel s can
be dynamicallycreated andoften migratebetweenprocessorsor
loadbalance.

Considerthen,step2 of our parallelalgorithm. A list of objects
destinedfor someVoxel with index (17,9, —4) canbe givento
CHARM++ on someprocessor Somehav, the processomustde-
termineif that Voxel alreadyexists somavhere on the parallel
machine.lf so,the objectsneedto be sentto the Voxel . If not,a
new Voxel mustbecreatedjdeally onthe sameprocessor

Further objectsdestinedfor the same honeistentVoxel may
be givento two differentprocessorat the sametime. CHARM++
must resohe this race condition—eactly one of the processors
must createa newv Voxel ; andthe others’ objectsmustbe sent
there.

It's easyto imagineusinga centralizedvoxel registry to map
grid locationsto processorsandto organizeVoxel creation.How-
ever, acentralizedregistry is is not scalableandwould quickly be-
comea serial bottleneck. The naturalsolution, then, is to usea
distributedregistry.

This is the approachusedby CHARM++. To deliver a message
to anunknavn Voxel location,it computesa “home” processcr
for thatlocationvia a simple hashfunction. This homeprocessor
will eitherinform thesenderof theVVoxel 'slocation,or authorize
the senderto createa new local Voxel . Home processorghus
actasa distributedregistry to keeptrack of which Voxel s exist,
andwhere. Processorgachethe location of recentlyreferenced
Voxel s, which meanshe homeprocessoneednot be consulted
beforeevery messagsend.

Homeprocessorsisoprovide an efficient, distributedmeansto
supportmigratingarrayelementsThe arrayframewvork alsoprop-
erly supportsbroadcastgo all existing Voxel s, usedin step4
above; aswell asreductionsacrosll Voxel s,usedin step5. The
detailsof how to supportheseoperationgvenwith ongoingmigra-
tionsarepresentedy the authorin anothemwork [20]. Of course,
CHARM++'s migratableparallel objectsare not a voxel method-
specificconstruct—theg are useful,andused,in mary othercon-
texts.

3.6 Load Balancing

The CHARM++ automaticload balance{3] measureshe load
andcommunicatiorpatternsof eachparallelobject. It thenusesa
load balancing“strategy™ to determinewhereeachobjectshould
be migratedfor optimal performance.Performingload balancing
automaticallyat run-timeenablesanapplicationto reactquickly to
irregularity in the problemstructure.

In fact, sincecollision detectionis often only a small part of a
muchlargerparallelprogram perfectioadbalancefor thecollision
library is actuallynot necessaryAs long asthe programis struc-
turedto allow the executionof differentlibrariesto interleave (as
is alwaysthe casein CHARM++), differentprocessorsnay have
differentamountsof collision work yet all have the sameamount
of work overall.

Considerthework doneby a parallelmachineduringan unsyn-
chronizedperiod-thatis, betweertwo globalsynchronizationsln
symbols,let A; and B; representhe amountof work neededby
two libraries A and B on processot. Assumefurtherthat A and
B areindependentsothey donotdependn oneanother—asitua-
tion that CHARM ++supportgquite well. Thenfor load balancewe
requirethateachprocessohave the sameamountof work overall:

3The sameconceptis usedin most distributed sharedmemory
cachecoherenceschemes.

“Several built-in stratejiesexist; or a customstratgyy canbe writ-
ten.

Vg Ai+B; = Aj + Bj Q)

This is often ensuredby requiring that every library imposethe
sameamountof work on every processqror:

It is clearthat2 implies 1, but 1 doesnotimply 2. Thatis, library
loadbalancss sufiicient but not necessaryor globalloadbalance.
Thusthe usualparallel programmingapproachof load balancing
every library is not actually necessary A load balancercan use
the extra degreesof freedomobtainedby replacing2 with 1 to, for
example,minimize communicatioroverhead.

For the voxel method,the CHARM ++ automaticload balancer
is free to migrateboth the clients, which do work beforethe syn-
chronizationandthevoxels,which dowork afterwards.Hencethe
load balancercanbalancehe collision algorithmin the context of
thelargerprogram.

4. PERFORMANCE

The voxel algorithm presentedn this work hasexcellenttheo-
reticalaswell aspracticalperformance.

4.1 Theoretical Performance

Let n denotethe numberof objects. If the averagenumberof
voxels spannedy eachobjectis boundedby a constantthe voxel
methodsendseachobjecta constannumberof times,andcollides
O(n) objects,and henceimposesno asymptoticoverheadon the
intra-voxel serialscheme.

If, further, theintra-voxel serialschemeaunsin lineartime, then
the voxel methodis alsolineartime overall. If the serialscheme
is not linear; but the numberof objectsin eachvoxel is bounded,
theserialschemes inputsizeis constanndhencerunsin constant
time, sothevoxel methodis againlineartime.

In the parallel implementation,after a global synchronization
stepeachvoxel formsanindependenserialsubproblem Thusas-
sumingenoughvoxelsthatgoodloadbalances possiblé thetime
requiredis O(n/p + 1g p). For largeenoughn, thefirst termdom-
inatesandthetime requiredis O(n/p).

To reiterate,for a variety of commoncasesthe voxel method
runsin O(n) serialtime,andO(n/p) paralleltime.

4.2 Serial Performance

Totesttheperformancef ourimplementatiorof thevoxel method
independentlyrom thatof theserialcollisiondetectiorschemewe
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, and skipping the serial
collision detectiontestif all the objectsin a voxel camefrom the
samemodel. Of course this optimizationstill allows you to detect
collisions betweenmodels,which arelikely the interestingcolli-
sions.If self-intersectionaredesiredthis checkcouldbedisabled
or eachobjectcanbeassigneddifferentmodelnumber Finally, in
ourtestswe alwaysusedndividual trianglesasobjects thisis actu-
ally aworstcasefor our method sincemoreaggreationgenerally
improvesour performance.

Theseperformanceesultsalwaysuseonly onemodel,andhence
theimplementatioris alwaysableto skip theserialcollision detec-
tion step.This nicely factorsoutthe contritution of the serialcolli-

5Thedegreeof parallelismis limited by the numberof voxels.



Figure 7: Dragon model.

siondetectionschemdrom the parallelscheme.Theimplementa-
tion, andtheremaindenf thecomputationfrom objectdistribution
to thefinal collectionof results,is otherwiseunmodified.

The871,414trianglé dragonmodelof Figure7 presentedn [5]
took ?.132 seconddgo collide on a single processoinf an Origin
2000:!

The remainingtestsuse a much simpler model—atessellated
planeperturbedby small harmonicwaves. This simple modelis
easyto scaleto ary desirednumberof triangles,while retaining
muchof the characteof anactualsurface.

Figure8 shavs thewall-clock time percompletecollision detec-
tion for a rangeof differentnumbersof triangleson a slow Linux
PC? The smallestfigure shawn is 1,024triangles,which take 1.4
millisecondsor 1.4 microsecondgper triangle. The largestfigure
is 1,048,57@riangleswhichtake 2.1 second®r 2.1 microseconds
per triangle. This muchlarger datasetannotfit entirelyin cache
andis henceslightly slower.

Thisserialresultis competitive with thefigureof 2 microseconds
pertriangl€ given for the serialalgorithmof Gottschalket al. in
[10]. Further the obsered performanceof the voxel algorithmis
indeedlinearin thenumberof triangles.

4.3 Parallel Performance

We ran a simple scalingbenchmarkwith 65,536polygonsper
processopn ASCI Rebp. Thewall-clocktime pertimestefor var-
ious numbersof processorss shavn in Figure9. A programwith
perfectspeedupvould have a constantime per step. Instead,we
seea slow, logarithmicrisein thetime perstepdueto the O(lg p)
synchronizatioroverhead.

The smallestrun shawn, 65,536triangleson a single processaqr
takes0.44 secondger step. The largestrun shavn, 65,536trian-
gleson eachof 1,500 processor®r 98.3 million triangles,takes

SHencethisis a871,414-objectmodel.
7195MHzMIPS R10000,RIX 6.5
8400MHzAMD K6-3, Linux 2.4.2
90na195MHzMIPS processor
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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 processaor

0.73secondgperstep.Thisis ascaledspeedumf 915,0r aparallel
efficiengy of 60 percent.

Theobsered parallelperformanceés indeedexcellent. |t is also
comparablewith the result of 40 millisecondsper timestep(ap-
proximately20-fold faster)for 18750bjectsperprocessofapprox-
imately 35-fold fewer) for the parallel RCB schemedescribedn
[2]. However, thatwork waspartof aproductioncodeandincluded
extra computatiorandcommunicatiorassociatedvith mechanics.

The parallelimplementatioralsoscalesdowvn for smallermod-
elsandfastresponsdime, suchasfor interactve applications.32
processor®f a 195 MHz Origin2000systemcan handle300,000
trianglesat the goodinteractie rateof 30 millisecondsperstep.

5. CONCLUSIONS AND FUTURE WORK

We have demonstratech parallel collision detectionalgorithm
basedon regular spacesubdvision. We have implementedhe al-
gorithm in CHARM++ and extensiely analyzedits performance.
Theresultsaretheoreticallyandpracticallyquite competitive with
publishedwork.

5.1 Future Work

The mostfundamentalimitation of the voxel methodis thatall
the voxels are the samesize and orientation,which limits perfor
mancefor extremely small or large objects. A promisingareaof
futureresearchs to usea nonuniformgrid, ideally determinedau-



Figure 10: Objects could warp the grid in arelativistic fashion.

tomaticallyfrom the objectdensity A multi-level grid suchasan
octreewould beaneasywayto achieve thisend,althoughit maybe
difficult to maintainO(n) performance A moreeffective method
might be to usethe local objectsize or density possiblyfrom the
previous step,to efficiently adjustthe grid resolutionin a spatially
dependentanner A peraxisapplicationof this methodis shavn
in Figure 10; and Gaedeand Guinter[8] provide a comprehense
suney of possibletechniques.

A much simpler goal is automaticdeterminationof the ideal
voxel size.Voxelsthataretoo smallhave too muchoverheadyox-
els that are too large do not createenoughparallelismand lump
togethertoo mary objects. Thetradeof shouldbe betteranalyzed
and,if possible automatic.

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

Theimplementatiorcurrentlyrequiresonebarrieroperationper
collision, which could becomea bottleneckfor small problemson
large machines. Somesort of global operationis neededto en-
sureall objectshave beendeliveredto thevoxels; but a systolicap-
proach,continually summingthe currentsendandreceve counts,
might be moreproactie.

We currentlyonly determinewhich objectsintersect.Thisis suf-
ficient for someapplications,suchas motion planning,clearance
checking,andmary graphicsapplications.However, amorecom-
pletesolutionwouldgo onto determingheentiresetof penetrating
points, the penetrationdistance ,andthe penetrationdirection for
eachpoint. Kawachiand Suzuki[16] usea “discreteclosestfea-
turelist” to efficiently determinethesequantitiesvia an algorithm
similar to the voxel method.

Finally, we areimplementinga real mechanicsapplicationthat
usesthis collision detectionimplementation. We hopeto quan-
titatively demonstratehe benefitsof our dynamicload balancing
capabilitiesusingthis realapplication.
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APPENDIX
A. EFFICIENT GRIDDING

The innerloop of the voxel methodoutlinedin this work com-
putesthe grid locationsspannecy anobject,andtheninsertsthe
objectinto the objectlists at eachgrid location. For simplicity,
we computethe grid locationsbasedon the objectboundingbox.
Henceone extremely commonoperationis to convert the coordi-
nateof eachfaceof a boundingbox, a floating-pointhumbey into
agrid location,aninteger. However, onmodernarchitecturesgon-
verting floating-pointnumbergo integersis oftenslow.

In certainsituations,a novel but simple technique[11] canbe
usedto dramaticallyspeedup floating-pointto integercorversions.
In particular given a double-precisiorsourceandinteger destina-
tion array we may useeitherthe first or the secondtwo C state-
mentsbelow:

/*Nor mal way: */

dest[i] = (int)floor(src[i]);

/*Bi zarre but fast way:*/

float f = (float)(src[i] + convert);
dest[i] = *(int32 *)&f;

Thereasonis thatan IEEE single precisionfloating-pointnum-
ber's mantissdfield overlapsthe low bits of aninteger, asshavn
in Figure 11. If the grid sizeis a power of two, we can convert
a coordinateinto a grid locationby shifting andextractingout the
appropriatebits of the coordinate.

Floating-pointnumbersare always storedin the “normalized”
form 2™1.xxx2, SO we can shift the mantisseof a floating point

numberby simply addinga constantFor example,givenafloating-
pointcoordinatewith binaryrepresentationzx.yyy-, afteradding
2231.10002, we get

2%*1. 1000000000000000000z2,

~
23bits

By addinga constantwe have shiftedthegrid locationzzz into
thelow bits, andby roundingto singleprecisionwe have removed
theexcessbits yyy thatrepresenthe sub-gridcellocation.

This floating-pointnumbercan be comparedjncrementedand
decrementedsif aninteger The IEEE exponentfield corrupts
the high bits of this integer, but thesecaneasilybe subtractedff.
Sincethe origin of the grid coordinateds arbitrary aryway, we
leave the exponent. The mantissas only 23 bhits, but this is still
enoughto represens million grid cells along eachaxis, or 10%°
cellstotal. Converting a double-precisioffloating point numberto
a 64-bitintegerin the sameway would yield a 52-bit grid index.

By addinga “borrow protection”hit to the constantthis method
canacceptboth positive and negative input coordinates.By sub-
tractingthe coordinateorigin, we canaccomplisha shifting aswell
asscaling. We canalsoscalethe constantto extract out a differ-
entsetof bits, simulatingary power-of-two grid size;this is less
flexible but much more efficient than scalingthe input valuesto
changehegrid size.Finally, we mustcompensatéor IEEE round-
ing, which roundsto the nearesbitpatternratherthantruncating.
Theideal constanfor this methodthushastheform:

shift

23
1.5 * 27 — 0.5
~~~ ~~
borrow protect round

Thusgivena power-of-two grid sizeandorigin, the optimizedC
codeto computehecorversionconstanandthenconvertafloating
pointvaluesr ¢ to anintegergrid cell index dest is asfollows.

/* gridsize nust be a power of two*/

doubl e convert = (1.5*(1<<23)-0.5)
*gridsize-origin;

float f = (float)(src + convert);

int dest = *(int32 *)&f;

Of course thesamemethodcanbe appliedin ary languagethat
allows usto quickly interpretthe bits of one datatype as bits of
anotheratatype.

Table 1 shavs the time per floating point to integer corversion
for both the conventionaland optimizedapproachesThe perfor
mancedifferencebetweerthetwo is dramatic-a factorof 2 to 40,
dependingnthearchitectureBecausenappingoneboundingbox
onto a grid requiressix suchconversions,the total savzings by us-
ing the optimizedmethodis a microsecondr two per object—a
significantspeedup.

T e T T T T T T
‘S‘ Exponent (8 bitsi Mantissa (23 bits)

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



Machine™® Normal Fast
1.5GHz AMD Athlon XP*! 54ns 5ns
500MHz Pentium3 Xenor> | 236ns| 14ns
195MHz MIPS R10000° 109ns| 21ns
300MHz SFARC Ultra 10 | 245ns| 30ns
332MHz PowerPC604€° 281ns | 127ns
240MHz PA-RISC 8200° 648ns| 15ns

Table 1: Comparing corventional and optimized cornversion
times.

10 Ccomputedaswall clock time for 200million conversionsdivided
by 100million

"Linux 2.4.7,gcc2.96-03

2| inux 2.4.2,gcc2.96-03

13|RIX64 6.5,9cc2.95.2-03

14 splaris2.6,gcc2.95.2-03

15 AIX for IBM SR gcc2.95.2-03/MisualAgeAlX 5
16HpP-UX 10.20,gcc2.95.2-03



