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Abstract

In this paper, we presenta novel approachfor simulatingthe behavior of eachindividual

memberof a crowd ef�ciently , of which aggregationeventuallyevolvesinto a crowd behavior.

Thebackboneof ourcrowd simulationis theevent-drivenapproachfor collisiondetectionamong

sphereswith unknown trajectories.Ontopof theeventsfor collisiondetection,we introducenew

typesof eventsto facilitatecrowdsimulation.Wetakeintoaccounttwo typesof events:externand

internalevents.Guidedby theexternaleventsaccordingto a givenscenario,the internalevents

aremainly dueto theinteractionsamongthemembersthemselvesandtheir interactionswith the

surroundingenvironment.We invokea memberto reacton anevent,basedon thebehavior rules

togetherwith the information perceived from neighborsand the surroundingenvironment. To

generatea natural-lookingmotion,we exploit live-capturedmotionclips. We obtainthemotion

by blendingexamplemotionclips andretargetit to a speci�c charactermodelandsituationin an

online,real-timemanner.

1 Intr oduction

1.1 Moti vation

A largenumberof peoplein streets,parks,or publicsquaresform acrowd to show complicatedscenes

thathave frequentlyappearedin applicationssuchascomputergames,animations,andmovie �lms.

Eachof thesescenesevolvesfrom theinteractionamongthemembersof thecrowd. Theinteraction

of amemberwith othersdeterminesits individualbehavior, andtheaggregatemotionof themembers

yieldshighly dynamicandcomplex behaviors of acrowd thatarehardto describeinteractively.

It is not easyto synthesizevisually-convincing motionfor eachmemberof thecrowd. Although

interactive motion editing is a reasonablesolution to describethe motion for a small crowd, it is

tediousandtime-consumingfor a largecrowd. As thesizeof thecrowd grows, thecomplexity issue

alsoarises.Supposethateachmemberis requiredto interactwith therestof membersto determine

its behavior. Then,we have a quadraticgrowth rateof time complexity, which is prohibitive for a

largecrowd. As Reynolds[28] pointedout,eachmemberpayslittle attentionto theothersthatarenot

perceived. Basedon this observation, therehave beenvariousschemes[3, 4, 25, 29, 34] exploiting
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localizedperceptionmodels.However, mostof themcheckall themembersto �nd theirneighborsat

every timestep.

In thispaper, we presentanovel approachfor simulatingthebehavior of eachindividual member

of a crowd ef�ciently, of which aggregationeventuallyevolvesinto a crowd behavior. For ef�cient

simulation,we take an event-driven approach.Guidedby a given scenario,the eventsaremainly

dueto the interactionsamongthe membersthemselves andtheir interactionswith the surrounding

environment.To generatenatural-lookingmotions,weexploit live-capturedmotionclips.

1.2 Previous Works

Crowd Simulation Reynolds[28] introducedreactive behaviors to simulategroupsof simplecrea-

turessuchas �ocks of birds, herdsof land animals,andschoolsof �shes. He alsomentionedthe

possibilityof dynamicspatialpartitioningto ef�ciently �nd thecandidatepairsof interaction.Tu and

Terzopoulos[34] simulatedreactive behaviors of arti�cial �shes with syntheticvisionsandexhibited

realisticbehaviors suchasavoiding collision, mating,wandering,andschooling. BroganandHod-

gins [3] proposedan algorithmfor modelinggroupbehaviors, in which eachindividual is forcedto

move toward a positioncomputedbasedon groupvelocity, neighbors,andvisible obstacles.They

alsoappliedtheiralgorithmto simulatingtheBordercolliesandtheOlympicbicycle racing[4]

MusseandThalmann[25] adopteda sociologicalmodelto build relationsamongindividualsand

presentedan adaptive collision avoidanceschemefor a pair of individualsbasedon their distance

from the camera.They alsopresentedthe ViCrowd modelto simulatecrowds with different levels

of autonomy[26]. Eachmemberis controlledby scripts,behavioral rules,or externalcontrols. In

addition, they formeda hierarchycomposedof crowd, groups,and individuals. Perlin et al. [27]

developedthe Improv systemfor scriptinginteractive actors. They useda blackboardfor actorsto

communicatewith eachotherandintroduceda layeredbehavior modelto createcomplex behaviors

from simplerscriptsandactions.To producethe animation�lm, AntZ, PDI [1] developeda crowd

simulationsystemthat takesinto accounta combinationof physicalforcesandproceduralrulesfor

generatingrealisticbehaviors of ants.

Collision Detection Ef�cient collision detectionamongstationaryor moving objectshasreceived

increasingattentionin computationalgeometryand computergraphics. Spacesubdivision tech-

niques[15, 24, 35, 37] have beenwidely usedto localizecollision checks.To simplify the shapes

of objectsandtheir moving trajectoriesfor ef�cient collision detection,boundingvolumessuchas

spheres[12] andaxis-alignedboxes[7, 21, 23] have beenused.Hierarchicalboundingvolumessuch

asOBB-trees[10], sphere-trees[13], andBV-trees[17] werealsoproposedto encloseobjectsmore

tightly. Collisionsareusuallycheckedataeachtimestep[2, 7, 10, 11, 24] undertheassumptionthat

the interval betweentime stepsis relatively smallwith respectto thevelocitiesof objects.To detect

collisionsamongpolyhedralobjectsmoving alongballistic trajectories,Mirtich [21, 23] exploitedthe

axis-alignedboundingbox containinganobjectduringa time interval. Kim et al. [15] presentedan
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event-driven approachwith a spacesubdivision schemeto localizecollision checksamongmoving

spheres.Mirtich [22] adoptedJefferson's timewarp algorithm[14] to reduceunnecessarysynchro-

nizationby rolling backthesimulationof thecolliding objectsto thecollision time. Milenkovic and

Schmidl[20] gaveanoptimization-basedanimationto generateplausiblemotionsfor convex objects.

Provided with the maximumnorm of the accelerationof every object,Hubbard[12] proposed

a collision detectionalgorithmfor moving sphereswith unknown trajectories. He de�ned a four-

dimensionalboundingvolume, called a parabolichorn, that containsa moving spherefor a time

interval. To reducethecomputationalcostfor �nding theintersectionsamongthehorns,hesimpli�ed

them with hypertrapezoids.To detectcollisions amongmultiple moving spheresat an interactive

rate,Kim et al. [16] interpretedtheparabolichornasa volumesweptby amoving sphereof variable

radius,calleda time-varying bound,andextendedan event-driven approach[15] to copewith the

time-varyingbounds.

Motion Editing Therehave beena bunchof researchresultsfor generatingrealisticmotion with

prescribedmotions.BruderlinandWilliams [5] adoptedsignalprocessingtechniquesto modify an-

imatedmotions. They alsointroduceddisplacementmappingto edit motionswhile preservingtheir

detailedcharacteristics.Witkin andPopovic [39] presenteda motionwarpingtechniquefor thesame

purpose.Roseet al. [31] generatedseamlesstransitionsbetweenmotionclips usingspacetimecon-

straints. Gleicher[9] simpli�ed the spacetimeproblemfor motion retargeting, that is, adaptinga

motion of an articulatedcharacterto the target characterof an identicalstructurebut differentsize

andproportions. Employing an optimizationtechnique,he wasable to achieve an interactive per-

formance. To solve the sameproblemmoreef�ciently, Lee andShin [18] presenteda hierarchical

approachbasedonthemultilevel B-splineapproximationandafastinversekinematicssolver. Shinet

al. [32] proposedacomputerpuppetrytechniquethatretargetsmotionsin anonline,real-timemanner

basedon importanceanalysis.

Unumaet al.. [36] adoptedtheFourieranalysisto interpolateandextrapolatevariousmotionsin

moodandstyle. BruderinandWilliams [5] suggesteda schemefor multitargetmotion interpolation

to blendanumberof samplemotionsin a frequency domain.They alsogavea techniquefor dynamic

time-warping to synchronizethe samplemotions. Using trilinear motion interpolation,Wiley and

Hahn[38] produceda desiredmotion that satis�esa given spatialgoal. Roseet al. [30] introduced

thenotionof verbsandadverbsto classifyandparameterizetheexamplemotions. Basedon multi-

dimensionalscattereddatainterpolation,they synthesizeda new motion by blendingthe example

motionsin theparameterspace.

1.3 Overview

Given a scenariofor crowd animation,our objective is to generatea sequenceof motionsfor each

memberin accordancewith theuser-speci�edbehavioral rules.Differentlyfrom conventionalcrowd

animationschemes[3, 4,25, 26, 28, 34] thatexplicitly specifythemovementof everymemberateach
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Figure1: Systemoverview

time step,we proposean event-driven schemethat redirectsthebehaviors of themembersinvolved

in aneventwhenever it occurs.In addition,to generatevisually-convincing motion in real time, we

employ anon-linemotionblendingschemewith live-capturedexamplemotionsandretargetablended

motionto thespeci�c charactermodelandsituation.

In our crowd simulationscheme,an event triggersthe membersto take certainmotionsin ac-

cordancewith the behavioral rulestogetherwith the informationperceived from neighborsandthe

environment. Thosemotionsmay againgive rise to othereventsamongthe crowd. The backbone

of our crowd simulationis theevent-driven approachfor collision detectionamongsphereswith un-

known trajectories[16]. Ontopof theeventsfor collisiondetection,we introducenew typesof events

to facilitatecrowd simulation.We take into accounttwo typesof events:externalandinternalevents.

An externalevent is designedto attractattentionsfrom the crowd or to broadcastnews amongthe

crowd at a speci�c time instanceasspeci�ed in theanimationscenario.An internalevent is to deal

with spatial,temporalandemotionalrelationshipsamongthecrowd. We maintainthecandidatesfor

eventsin a priority queueregardlessof their typesto generatethemin the orderof their occurring

times.

To ef�ciently tracethemovementsof themembersandtheir interactions,wesubdivide thewhole

spaceinto a hierarchyof uniform cells andattacha local billboardat eachcell for the cell-speci�c

informationsuchasinterestinglocations,obstacles,andmembersin thecell. Theinformationrelated

to the whole crowd andspaceis storedin a global billboard. Whenan event occurs,we derive the

responsesof themembersinvolved in thatevent,basedon their individual behavioral rulestogether

with theinformationperceivedfrom othermembers,thesurroundingenvironment,andbillboards.To

dealwith a complex behavior, we introducea hierarchyof behavior rules. The lowest level of the

hierarchyrepresentsaprimitive motion,suchaswalking,running,touching,andhandshaking.

To generatea natural-lookingmotion,we blendexamplemotionclips andretarget themotion,if

necessary, to the speci�c charactermodelandsituation. In particular, we blendmotionsof various

speed,gyration,andstyleto generatehumanlocomotion,whichplaysacrucialrole in thecrowd ani-

mation.As preprocessing,we parameterizetheexamplemotionclips to placethemin theparameter

spacefor lateron-the-�y blending.Givenaparametervector, weperformmulti-dimensionalscattered

datainterpolationto obtainthe correspondingmotion, andthenadaptit to a given trajectorywhile
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avoiding artifactssuchasfoot slidingandpenetration.

Theremainderof thepaperis organizedasfollows. After describinganevent-drivenapproachfor

collision detectionin Section2, we presentour behavior simulationmodelfor a crowd in Section3.

In Section4, we presenthow to generatea desiredmotion for eachmemberusingexamplemotion

clips. We show experimentalresultsto demonstratethecapabilityof our crowd animationschemein

Section5. Finally, we concludethispaperanddescribefuturework in Section6.

2 Event-DrivenCollision Detection

Our crowd simulationis basedon an event-driven approachfor collision detection. Most internal

eventsaregenerateddueto thecollisionsamongthemembers.Theway to avoid thecollisionsnatu-

rally inducestheinteractionparadigmamongthemembersandalsowith theirenvironmentfor crowd

simulation.

2.1 Time-Varying Bound

For a smallcrowd, thecollisionscanbedetectedwithin a reasonabletime by repeatingthecollision

checkbetweeneverypairof themembersateachtimestep.However, for alargecrowd, suchpairwise

collision checksareextremelytime-consuming.For ef�cient collision detection,we decomposethe

spaceinto asetof subspacesandthentracethemovementsof themembersacrossthesubspaces.The

membersof a crowd areapproximatedby their boundingvolumes.For thetypesof crowd consisting

of human-like �gures, we approximatetheir membersascylinders,whoseprojectionson theground

planearecircles. For the other types,we approximatetheir membersby spheres.Therefore,our

collisiondetectionproblemis reducedto thatof collisiondetectionamongmoving 2D or 3D spheres.

We assumethatthetrajectoryof a sphereis not known. Therefore,onecannotpredictthefuture

positionx(t ) andvelocity v(t ) of thesphere.However, theexactpositionandvelocityof any sphere

atgiventimeareavailableimmediatelyafterthattime. Wealsoassumethatthemaximummagnitude

of theaccelerationa(t ) of anobjectis boundedby aknown valueA, thatis,

jja(t )jj � A : (1)

In practice,this makessensesincethe speedof an objectcannotbe arbitrarily large. Let t c be the

currenttime. Then,aboundon x(t ) canbederivedasshown in [12]:

jjx(t ) � (x(t c) + v(t c)�t )jj �
A
2

�t 2 ; (2)

where� t = t � tc for t � tc. This inequalitystatesthat the centerx(t ) of the sphereis within a

distanceof A
2 � t2 from theknown currentpositionx(t c) + v(t c)�t .

Let r betheradiusof thesphereapproximatingthemember. Then,thesphereattimet is contained
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in a boundingsphereof radiusr̂ (t) centeredat thepositionx̂ (t):

r̂ (t) =
A
2

� t2 + r; (3)

x̂ (t) = x(t c) + v(t c)�t : (4)

Thesetwo equationsgive a parabolichorn,whosecrosssectionat the time t is thesphereof radius

r̂ (t) centeredat x̂ (t) [12]. Thishorncanbeinterpretedasthevolumesweptby a time-varyingsphere

of variableradiusr̂ (t) moving from x(t c) to x(t c) + v(t c)�t . Wecall thissphereasa time-varying

bound.Thecollision betweentwo time-varyingboundscanbecalculatedef�ciently becauseof their

simplicity in shapeandmotion. If a pair of spherescollide with eachother, thentheir time-varying

boundsalsocollide beforehand.Hence,we checka collision betweentwo sphereswhenever their

time-varyingboundscollide with eachother.

The time-varying boundsof the membersplay a crucial role in our crowd animationscheme.

Whentwo time-varying boundsfor a pair of memberscollide, thesemembersexchangetheir status

suchas positions,velocities,and so on. Their neighborsare also identi�ed by exploiting the co-

herencein time and space. Basedon the gatheredinformation for their statusand neighbors,the

membersadjustthemselvesto their possiblecollision in future.As they aregettingcloser, their time-

varyingboundscollide morefrequently. Accordingly, themembersaregettingreadyto thecollision

by changingtheir behaviors graduallyin accordancewith thesequenceof signals,that is, thecolli-

sionsbetweentheir time-varyingbounds.While moving toward their goals,thememberscontribute

theselocalvariationsto theglobalbehavior of thecrowd.

2.2 Event Generation

To localizethecollision checksamongthetime-varyingbounds,we subdivide thewholespacecon-

tainingthespheresinto asetof uniformcubicalsubspaces.Weassumethatthediameterof thebiggest

sphereis a constantmultiple of thatof thesmallestoneandthat the lengthof anedgeof thecubical

subspaceis boundedby someconstantmultiple of the diameterof the biggestsphere.Then,each

non-emptysubspacehasa constantnumberof intersectingspheres.For every non-emptysubspace,

we keepa list of time-varyingboundsoccupying thesubspace.Thesesubspacesaremaintainedin a

subspacetree,which is abinarysearchtreeof boundedbalance[8].

We keeptrack of the trajectoriesof time-varying boundsandtheir spatialdistribution by iden-

tifying six typesof events: entering,leaving, resetting,colliding, contacting,andseparatingevents.

Enteringandleaving eventsarecausedwhentime-varying boundscrosssubspaces,anda resetting

eventis for preventinga time-varyingboundfrom growing excessively. A colliding eventis triggered

by a collision betweentwo time-varyingboundsoccupying thesamesubspace.A contactingeventis

dueto a pair of spheresthat becomein contact,anda separatingevent occurswhentwo spheresin

contactseparatefrom eachother. We computethecandidateeventsfor eachtime-varyingboundby

allowing penetrationwith otherboundsandmaintainthemin apriority queue.
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Figure2: An entering(left) anda leaving (right) eventfor a time-varyingbound.

Figure3: A resettingeventoccurswhenthediameterof a time-varyingboundreachesto thelengthof
anedgeof asubspace(left). Its radiusis resetto thatof its originalsphere(right).

With penetrationamongtime-varyingboundsallowed,thecandidateeventsseemto have nothing

to dowith theactualeventsat �rst glance.However, any pairof time-varyingboundsdonotpenetrate

with eachotheruntil the earliestevent takesplace. Moreover, theearliestevent is guaranteedto be

an actualevent. Whenever the earliestevent occurs,we modify the subspacetreeandevent treein

accordancewith the typeof theevent to generatethenext earliestevent. Repeatingthis process,all

eventscanbeidenti�ed in their occurringtimesequence.

2.3 Event Handling

Givena time-varyingboundB (si ) of a spheresi lying in a subspace,anenteringeventoccurswhen

B (si ) touchesa faceof thesubspaceto enterits adjacentsubspacesharingtheface.A leaving event

occurswhenB (si ) moves apartfrom the touchingface. Thesetypesof eventschangethe list of

time-varyingboundsfor thesubspace.WheneverB (si ) entersasubspace,weaddB (si ) to thelist for

thesubspace.Accordingly, we computethenew candidatecolliding eventsof B (si ) with theother

boundsintersectingthe subspaceto add themto the event queue. We alsocomputethe candidate

eventsof B (si ) for enteringand leaving from the subspace.In the symmetricalway, we handlea

leaving event.

Initially, B (si ) is identical to si . As time passes,it grows andmay intersectmany subspaces.

Accordingly, the candidateeventsfor B (si ) would increaseexcessively to degradethe ef�ciency.

We circumvent this problemby restrictingthe diameterof B (si ) not to be larger than the length

of an edgeof a subspace.This restrictionforcesa time-varying boundto intersectat most eight

subspaces,andthusthetotal numberof non-emptysubspacesis O(n), wheren is thenumberof the
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Figure4: A colliding event for two time-varying bounds(left). A contactingevent for two spheres
(right).

Figure5: A separatingevent for two spheresoccurswhentheir relative velocity becomesnon-zero
(left), andthecontactgraphis updated(right).

time-varyingbounds.Whenever thediameterof B (si ) reachesto thelengthof anedgeof asubspace,

a resettingeventoccurs.Then,we make B (si ) bethesameassi . For eachsubspacenot intersecting

B (si ) anymore,we remove B (si ) from thelist of time-varyingbounds.Wealsorenew thetrajectory

of B (si ) using its currentpositionandvelocity, and then computeits candidateentering,leaving,

colliding andresettingevents. Theseeventsareinsertedin theeventqueueafter removing obsolete

candidateeventsof B (si ) from theeventqueue.

A colliding event takesplacewhenB (si ) collideswith anothertime-varyingboundB (sj ) inter-

sectingthe samesubspace.Then,we checkthe actualcollision betweenthe spheressi andsj . We

alsocheckwhetherthetwo spheresbecomein contact.If thespheresarenot in contact,weresetboth

of B (si ) andB (sj ) in thesamewayasona resettingeventto resumethecollisioncheck.Otherwise,

wegeneratethecontactingeventbetweensi andsj .

Two spheresarein contactif theirdistanceis lessthanagiventhresholdandtheir relativevelocity

is zero.For two spheresin contact,colliding eventsbetweentheir time-varyingboundswould occur

repeatedly. To avoid suchunnecessaryevents,we maintaina contactgraph,which hasa nodefor

every sphereandhasan edgebetweentwo nodesif their correspondingspheresare in contact. A

connectedcomponentof this graphyields a contactgroupof spheres.For a pair of spheresin the

samecontactgroup,wedonotcheckcollisionsbetweentheir time-varyingboundseventhoughthose

boundsbelongto thesamesubspace.Whenacontactingeventbetweentwo spheressi andsj occurs,

we insertanedgebetweenthetwo nodescorrespondingto thespheresin thecontactgraph,andthen

resetbothof B (si ) andB (sj ) in thesamewayasona resettingevent.

A separatingevent betweensi andsj , which arein contact,occurswhentheir relative velocity
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becomesnon-zero.We remove the edgebetweenthe nodescorrespondingto the spheressi andsj

from thecontactgraph,andthenresetbothof B (si ) andB (sj ). Supposethattheremoval of theedge

makesthe contactgroupsplit into two contactgroups. For a pair of spheressk andsl intersecting

thesamesubspaceandbelongingto thedifferentcontactgroups,theeventqueuemaynot maintain

thecandidatecolliding event for B (sk ) andB (sl ), sincesk andsl werein thesamecontactgroup.

Hence,for sucha pair of B (sk) andB (sl ), we calculatetheir colliding event to insertit in theevent

queue.

3 Behavior Simulation

To simulatethe behaviors of the members,we adoptan event-driven approach.Whenan event oc-

curs,themembersinvolved in thateventareinvokedto reactbasedon their behavioral rulestogether

with theinformationperceivedfrom othermembers,thesurroundingenvironment,andbillboards.In

Section3.1,we �rst describethe typesof eventsthatwe considerfor our crowd simulationscheme,

andthenshow how to derive theresponseof eachmemberto eachtypeof eventsin Section3.2.

3.1 Behavioral Events

For crowd simulation,we considertwo typesof events: externaland internalevents. An external

eventis for thebehavior of acrowd asspeci�edin theanimationscenarioor by theusers.An internal

eventis for dealingwith spatial,temporalandemotionalrelationshipsamongthecrowd. Everyevent

hasits occurringtime, themembersaffectedby theevent,andtheevent-speci�cinformationsuchas

thelocationwheretheeventtakesplace.Wemaintainthecandidatesfor theeventsin apriority queue

to identify theactualeventin theorderof theiroccurringtimes.

In orderto properlyreacton anevent,eachindividual hasits own internalstatusthatdetermines

its behavior. Theinternalstatusof amembercontainsits physicalstateandmentalstate.Thephysical

stateof a memberincludesits currentposition,velocityandits time-varyingbound.Thementalstate

of a memberincludesits goal,socialstateandemotionalstate.Whenaneventoccurs,eachmember

involvedin theeventtakesactionby updatingits internalstatusin accordancewith its behavioral rules

basedon its currentinternalstate,its neighbors,andnews poston billboards.

Wehave threetypesof internalevents:spatial,temporal,andemotionalevents.Thespatialevents

aremainly for collision avoidance. They arealsousedfor informationpropagation.To tracesuch

eventsef�ciently, we employ thecollision detectionschemedevelopedin Section2. To localizethe

collisioncheckamongthetime-varyingbounds,wehave subdividedthewholespaceinto ahierarchy

of uniform subspacescalledcells. We attacha local billboard at eachcell, which shows the cell-

speci�c informationsuchas locationsof interest,obstacles,andmembersin the cell. Whenever a

pair of time-varyingboundscollide with eachother, they exchangetheir internalstatusfor collision

avoidanceandinformationpropagation.In addition,uponenteringor leaving acell,amemberupdates

its internalstatusby referringto thelocalbillboard.Thetemporaleventsarefor schedulingactionsin
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future,for which a resettingeventarea typical example.Wecanalsoschedulea sequenceof display

actionson the screenwith suchevents. Finally, emotionaleventsare for conveying the emotional

statesof amemberto others.An exampleis to threatenothersdueto madness.An emotionaleventis

dueto theevolutionof theinternalstateof amemberdirectedby its interactionwith others.

Externaleventsarefor explicitly directingthebehavior of themembers.During thesimulation,

thememberscanbedirectedwith externaleventsin two waysasspeci�ed in ananimationscenario.

Thebehaviorsof certainmemberscanbeactivatedindependentof their interactionamongthemselves

andwith theenvironment. Theexternaleventscanalsobe usedto broadcastnews to themembers.

For this purpose,we setup a globalbillboardfor thewholespace.On externalevent,we updatethe

billboardfor guidingthesimulation.

3.2 Behavior Generation

Whenan event occurs,we generatethe responsesof the membersinvolved in that event, basedon

their individual behavioral rulestogetherwith theinternalstatus.For ef�cient handlingof a complex

behavior, we introducea hierarchyof behavior rules. The hierarchyconsistsof threelevels which,

fromtopto bottom,representsocialbehaviors,spatialbehaviors,andprimitivebehaviors,respectively.

Thehighestlevel of thehierarchyconsistsof socialbehaviors thataremostgeneralandabstract,

for example,go-to-school,meet-a-friend,have-lunch,etc. Thenext level includesspatialbehaviors,

whicharethebuilding blocksfor thesocialbehaviors,e.g.,move-to-where,stop-moving, stay-where-

you-are,etc. The lowest level containsprimitive behaviors, which are the building blocks for the

spatialbehaviors. Theprimitivebehaviorscorrespondto thegivenexamplemotions,suchaswalking,

running,touching,or handshaking.In general,theexternaleventsgovernthesocialbehavior, andthe

internaleventsarerelatedto thespatialbehaviors.

A behavioral rule is representedasa hierarchyof state-transitiongraphsasshown in Fig. 6. A

behavior ateachlevel is describedasastate-transitiongraph,in whichastate(node)representsthebe-

havior at thelower level, andanedgerepresentsa transitionfrom astateto another. A state-transition

graphis adirectedmultigraph,sincemultipletransitionsareallowedbetweentwo states.Eachedgeis
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attachedwith adecisionfunction.This functionis apredicateto decideif its correspondingtransition

canbe activated,given parameterssuchas the event type, the currentstate,andother information

on the statusof the memberinvolved. A singlenodemay have multiple outgoingedgesproduced

by a singleevent. Oneof themis chosenasthe link to thenext statedependingon theprobabilities

assignedto them.A statecanalsohave anedgepointingto itself, which meansno statetransitionat

all.

Whenan event occurs,the currentstateof the graphfor eachmemberchangesto anotherstate

accordingly, or stayswhereit is. Variousfactorsshouldbeconsideredin determiningthenext state,

suchasthe informationperceived from othermembers,the surroundingenvironment,andthe bill-

boards.Whenastatemakestransitionto anew state,thestatetransitiongraphat its lower level of the

new stateis initialized to continuebehavior generation.

To de�ne thebehavior rule convenientlyandspeci�cally, we usebothscriptsandexternalfunc-

tions. We useuser-de�ned externalfunctionsto de�ne primitive behaviors. The othertwo typesof

behaviors at higherlevelsaredescribedwith scripts.

4 Motion Generation

Basedontheframework of multidimensionalscattereddatainterpolationproposedby Roseetal. [30]

andSloanetal. [33], ourapproachfor motiongenerationconsistsof two mainparts:parameterization

andmotionblending.As preprocessing,weparameterizeexamplemotionsto placethemin a param-

eterspace.Providedwith avectorof parameters,wegeneratethecorrespondingmotionateachframe

by blendingtheparameterizedexamplemotions.

4.1 Motion Parameterization

For effective control over a variety of locomotion,we focuson threeparameters:style, speed,and

gyration.Therestof parametersfor anexamplemotionarespeci�edinteractively asdiscussedin [30].

We have threetypesof locomotion,walking, jogging,andrunningto which weassignzero,one,and

two, respectively, astheir valuesof thestyleparameter. Parameterssuchasspeedandgyrationwill

becomputedfrom eachexamplemotion.

With somelossof generality, supposethateachexamplemotionis shortenoughfor its speedand

gyrationto be invariantover its duration. For a lengthymotion with non-homogeneousspeedand

gyration,we needsomepreprocessingto decomposeit into shortmotionssatisfyingthis assumption.

Sincea motion of constantspeedandgyrationtracesa circular trajectory, we approximatethe root

trajectoryof the motionasa circulararc that best�ts the projectedtrajectoryon the �oor by least-

squares�tting. Notice that a straight line is a circular arc of in�nite radius. The speedand the

gyrationof themotionarecomputedfrom the lengthof thearcandits subtendingangleby dividing

themequallyby thedurationof themotion.
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4.2 Motion Blending

Givena vectorof parametersat eachframe,we �rst determinetheweightsof theexamplemotions.

We then perform timewarping to synchronizethe examplemotions. Next, we computethe target

motionby blendingthe timewarpedexamplemotionswith respectto their weights. Finally, given a

trajectoryon the �oor , we adaptthe blendedpostureto the target characterandthe environmentto

follow thetrajectorythroughmotionretargeting.

4.2.1 Weight Computation

We employ a multidimensionalscattereddatainterpolationtechniquesuggestedby Sloanet al. [33].

Their approachis basedon theinterpolationschemeof Roseet al. [30]. Incorporatingcardinalbasis

functions,Sloanet al.reformulatedthis schemeto provide a moreef�cient blendingmethod. Dif-

ferently from the original versionwhich interpolateseachdegreeof freedomat every frame, they

computedtheweightsof theexamplemotionsfor thegivenparametervectorandblendedthemwith

respectto theseweights.

Cardinalbasisfunctionsconsistof two terms: linear basisfunctionsandradial basisfunctions.

The linear basisfunctionsprovide an overall approximationof the examplemotionsover the entire

parameterspaceandthusfacilitatemotion extrapolationoutsidethe convex hull constructedby the

parametersof theexamplemotions.Theradialbasisfunctionstakecareof theresidualsof theexample

motionsleft by thelinearbasisfunctions,sothattheexamplesareinterpolatedexactly.

4.2.2 IncrementalTimewarping

To blendtheexamplemotionsof awiderangeof speed,weemploy thenotionof keytimesintroduced

by Roseetal. [30], thatis, theimportantinstancesof amotionsuchasthemomentsof heel-strikesand

toe-offs. All examplemotionsconsistof thesamesequenceof keytime phases,that is, theexample

motionsstartwith thesamefoot andtake thesamenumberof steps.

Basedon keytimes,a timewarpingfunction is de�ned asa piecewise linear mappingof generic

time onto actualtime [30]. Onceall examplemotionshave reparameterizedwith their timewarping

functions,we cancomputetheactualtime of a blendedmotionat a givengenerictime. Accordingto

Sloanet al. [33], theactualtime of thenew motionis givenby theweightedsumof theactualtimes

of theexamplemotionsat a givengenerictime. This approachworkswell whentheweightof each

examplemotion is �x ed during the whole cycle of the motion. In general,the weight may change

dynamicallyfrom frameto frame,andthespeedvariationovertheexamplemotionsmayalsobequite

large. In thiscase,ablendedactualtimemaygoreversely, thatis, go backto thepast,with respectto

thegenerictime.

To blendmotionsof variousspeedwith time-varying weights,we proposean incrementaltime

warpingtechnique.Thebasicideais to blendthechangeratesof theactualtimeswith respectto the

generictime ratherthantheactualtimesthemselvesandto accumulatetheweightedchangeratefor
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incrementallyupdatingthecurrentactualtimeof theblendedmotion.With this incrementalapproach,

we canguaranteethe monotonicityof the blendedtimewarpingfunction sincethe changeratesare

alwayspositive.

4.2.3 Posture Blending

We generatethe target postureat a given generictime by blendingthe correspondingposturesof

examplemotionsat the samegenerictime. The postureof an articulatedbody is de�ned by the

positionof theroot segment,its orientation,andthe joint angles.We blendnot only thejoint angles

but alsotheroot positionsandorientationsof theexampleposturesto obtainthepostureof thetarget

character, whichwill beadaptedto a giventrajectory.

We take a simpleweightedsumto blendtheroot positions.However, dueto thenon-linearityof

theorientationspace,thisschemecannotbeapplieddirectly to blendingorientationdatasuchasroot

orientationsandjoint angles.Therefore,we provide a new orientationblendingtechniquebasedon

theorientation�ltering schemeof LeeandShin[19].

Thebasicideafor blendingorientationsis to transformtheorientationdatainto theiranaloguesin

a vectorspacethroughthelogarithmmap,to computetheir weightedsum,andthento transformthe

resultbackto theorientationspacethroughthe exponentialmap. Here,we employ theexponential

andlogarithmmapsthat facilitatea natural,non-singularparameterizationfor “small” angulardis-

placements[19]. Thus,for mappingorientationdatainto their vectordisplacements,we choosethe

referenceorientationthatis as“close” to all exampleorientationsaspossible.

To choosethereferenceorientation,we �rst de�ne thedistancemetricbetweentwo quaternions.

BussandFillmore [6] usedthegeodesicnorm� = k log(q1q2)k astheir distancemetric to �nd the

sphericalaverageof pointson a d-dimensionalsphereS. However, they did not addresstheproblem

causedby theantipodalequivalencepropertyof theunit quaternionspace.Sinceq and� q represent

thesameorientation,theangulardistancebetweentwo quaternions,q1 andq2 is

dist(q1 ; q2) = min
�
k log

�
q� 1

1 q2
�

k; k log
�
q� 1

1 (� q2)
�

k
�

: (5)

Therefore,thereferencequaternionq � is obtainedby minimizing thesumof squareddistances:

E =
NeX

i =1

kdist(q � ; q i )k
2: (6)

However, thisdistancemetricis notdifferentiableat� = �
2 . Thus,weintroduceanalternativedistance

metricbasedonasinusoidalfunction:

dist(q1 ; q2) = sin(k log(q � 1
1 q2)k): (7)

This metricnot only approximatestheangulardistancewell but alsois differentiableat any point in
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Figure7: Unit quaternionblending.

[0; � ).

With thenew distancemetric,thereferenceorientationq � canbefoundby minimizing theobjec-

tive function:

E =
NeX

i =1

sin2 � i ; (8)

where� i = k log(q � 1
� q i )k. Sincesin2 � i = (1 � cos2 � i ) andcos� i = qT

i � q� , wehave

E =
NeX

i =1

�
1 � (qT

i � q� )2 �
: (9)

To �nd q� that minimizesE subjectto the unitarinessconstraintof the quaternion,we employ the

lagrangianmultiplier method:
@E
@q�

= �
@C
@q�

; (10)

whereC = 1 � kq � k2 and� is thelagrangianmultiplier. PluggingEquation(9) into Equation(10),

wehave  
NeX

i =1

q i � qT
i

!

q� = � q� or Aq � = � q� ; (11)

whereq� is representedasa4� 1 vector, A is a4� 4 matrix,and� is arealnumber. Theproblemof

�nding q � in Equation(11) is a typicaleigenvectorproblem.Sincea4 � 4 matrixhasamaximumof

four eigenvectors,weexamineeachsolutionfor Equation(9)andchoosethebestonewhichminimizes

theobjective functionE asgivenin Equation(9).

Figure7 illustratesourunit quaternionblendingscheme.Giventhereferenceorientationq � (Fig-

ure 7(a)), we transformeachexampleorientationq i into its correspondingdisplacementvectorv i

throughthe logarithmmap,that is, v i = log(q� 1
� q i ) (Figure7(b)). Then,we blendv i , 1 � i � Ne
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with respectto their weightswi to obtain the displacementvector v =
P N e

i = 1 w i v i , whereNe is

thenumberof theexamplemotions(Figure7(c)). Finally, we computetheblendedorientationq by

transformingv backto theorientationspaceandapplyit to q � , thatis, q = q � exp(v), (Figure7(d)).

Now, weadapttheblendedrootpositionandorientationof a targetcharacterto agiventrajectory.

We �rst adjustthe root position. Given a curved root trajectoryon the �oor , we computethe target

root position,so that its projectionon the �oor is coincidentwith its trajectorywhile preservingits

elevation. We thenadjusttheblendedroot orientationfor thecharacterto follow thetrajectory. The

directionfor the characterto move forward is obtainedby blendingthe tangentvectorsof the arcs

that approximatethe projectedroot trajectoriesof the examplemotions. We determinethe target

root orientationsuchthat the forward directioncoincideswith the tangentvectorof the given root

trajectory:Werotatetherootsegmentby theangulardifferencebetweentheforwarddirectionandthe

tangentvectorof thegivenroot trajectoryabouttheunit normalvectorof the�oor .

4.2.4 Motion Retargeting

Whenthe target characterhasa differentsizeandproportionfrom the actualhumanperformer, we

arenot ableto simultaneouslypreserve the joint anglesof the blendedpostureandits end-effector

positions.Therefore,theremaybeartifactssuchasfoot slidingandpenetration.To obtaina convinc-

ing locomotionof the target character, we needto adjusttheblendedposturein anonline,real-time

mannerwhile keepingthe characteristicsof the original motion. For this purpose,we employ an

importance-basedapproachfor onlinecomputerpuppetryintroducedby Shinet al. [32].

To employ their approach,we have to provide a sequenceof target foot positionsasinput data.

We obtainthemby blendingthefoot positionsof theexamplemotions.To do that,we �rst represent

eachof themin thelocalcoordinateframeof its rootsegment.Then,a targetfoot positionis obtained

by blendingthoseof theexamplemotionswith respectto their weights.Finally, werecover its corre-

spondingtarget foot positionin theglobalcoordinateframeby applyingthe target root positionand

orientationto it.

A targetfootpositionmayvaryfrom timeto timein accordancewith its weightchange.Therefore,

weforcethetargetfoot positionto be�x edwhile thefoot contactsthe�oor . Thedurationof its contact

canbeeasilyobtainedfrom thekeytimes. Whenthe foot is approachingor contactingthe �oor , we

changethejoint anglesto keepthefoot position.Otherwise,we keepthejoint anglesto preserve the

motioncharacteristicsinheritedfrom theexamplemotions.

5 Experimental Results

Our crowd animationsystemis implementedin C++ on top of theMicrosoft Windows 2000.Exper-

imentsareperformedon an Intel PentiumPC(PIII 800MHz processorand512MB memory)with

commerciallyavailablemotion clips. We usea humanmodelof 40 DOFs: 6 DOFsfor the pelvis

positionandorientation,3 DOFsfor thespine,7 DOFsfor eachlimb, and3 DOFsfor theneck.The
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motionclips aresampledat therateof 30 framespersecond.

Our �rst experimentis for simulatinghuman-like charactersto walk aroundin thesquarewhile

avoidingcollisionwith theothers.Weapproximateeachof thecharactersby theboundingcylinderof

radius10inches.Themaximumnormof theaccelerationis50to100inches/s2. Figure8 (a)showsthe

initial placementsof thecharactersin thesquare.After simulatingthecharactersfor severalseconds,

wegenerateanexternaleventfor thosein theupper-left cornerof thesquareto directacrowd motion

suchasanevacuationthatall themembersshouldmove to the lower-right corner. Thecharactersas

drawn with redcirclesin Figure8 (b) arereceivedtheexternalmessage.They distribute themessage

to othersthroughlocal interactions.Figure8 (c) shows a snapshotof thesimulation.Eventually, all

themembersgatheraroundthelower-right cornerasshown in Figure8 (d).

Thesecondexperimentexhibits complex behaviors of a crowd walking arounda museumto see

pictureson the wall asshown in Figure9. Eachcharacter�rst lines up to enterthe museum,and

thenmovesfrom placeto placeguidedby thedirectionsonsignpostswhile interactingwith theothers

andtheenvironment.Thelocal billboardof a cell containstheinformationsuchasthemembers,the

pictures,andthesignpostslying in thecell. Eachmemberstopsin front of apicturefor awhile to see

it andthenmovesto anotheruntil eventuallyleaving themuseum.

Our third experimentis for simulatingathletescompetingin a long-distancerace. Figure10 (a)

shows the racetrack on the groundandthe initial placementsof the runners.To start the race,we

generateanexternaleventcorrespondingto thestartingsignal. In modelingthebehavioral rulesfor

the runners,we take into accountthe competitive natureof the raceaswell as the level of fatigue

dueto their physicalexercise.Whena runnerspurtsabruptlyat a full speed,an emotionalevent is

generatedto alertnearbyrunnerssothatthey maynot fall toofarbehindthatrunner. Wealsogenerate

a temporalevent to considerthe fatigueof a runneraccumulatedduring the race. The racerrunsat

a full speeduntil the temporaleventoccurs,andthengraduallyslows down thepace.Figure10 (b)

shows a snapshotof the race. To generaterealisticmotionsof variousspeedandgyration,we take

examplemotionssuchas“walking”, “jogging” and“running” with � ve differentgyrationsandfour

differentspeeds.

The �nal experimentis for a �ock of birds �ying alonga corridor. Differently from the above

experiments,eachbird is approximatedasits boundingsphereof radius20 inches. The numberof

birds is 1000,the initial speedof thebirds is 50 inches/s,andthemaximumnormof accelerationis

50 to 100inches/s2. Thecorridorhasthevolumeof 7200� 1000� 1000cubicincheswith tenstatic

columnswithin it. Theradiusof eachcolumnis 50 inches.Birds initially gatheraroundonesideof

thecorridorasshown in Figure11(a),andmove to theothersideduringthesimulation.Figure11(b)

givesa snapshotof thesimulation. It takes3.0335secondson averagefor onesecondsimulationof

1000birds. To show theef�ciency of our event-drivenapproach,we alsosimulatethesameexample

usingthe�x edtimestepapproach,whichchecksall pairsof themembersto �nd theneighborsof each

memberat every time step.By varyingthenumberof birdsfrom 100to 1000,weplot thesimulation

timesfor onesecondsimulationasgivenin Figure12. Therenderingandmotiongenerationtimesare
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excludedto compareonly theef�ciency of collision detection.We canobserve thattheevent-driven

simulationoutperformsthe�x edtimestepsimulationasexpected.

6 Conclusion

We have presentedan event-driven approachfor crowd simulation. Whenan event occurs,the re-

sponseof eachmemberinvolvedin thateventis derivedfrom theinternalstatusbasedon ahierarchy

of behavioral rulestogetherwith theinformationperceivedfrom othermembersandtheenvironment.

To generatenatural-lookingmotionsof the members,we exploit the examplemotion clips. Given

a vectorof parameters,we synthesizeits correspondingmotionby blendingthoseexamplemotions,

andthenretarget themotionto thespeci�c charactermodelandsituation.As demonstratedin exper-

imentalresults,our approachcansimulate,at aninteractive rate,thebehaviors of a crowd consisting

of severalhundredhuman-likecharacters,eachof whichhas40degreesof freedomandis represented

by about1,000polygons.
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