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Abstract

In this paper we presenta novel approachfor simulatingthe behaior of eachindividual
memberof a crowd ef ciently, of which aggreyationeventuallyevolvesinto a crowd behavior.
Thebackbonef our crowd simulationis theevent-drivenapproactor collision detectioramong
spheresvith unknawn trajectories Ontop of theeventsfor collision detectionwe introducenew
typesof eventsto facilitatecrond simulation.We take into accountwo typesof events:externand
internalevents. Guidedby the externaleventsaccordingto a givenscenariothe internalevents
aremainly dueto theinteractionsamongthe memberghemselesandtheir interactionswith the
surroundingervironment.We invoke a memberto reacton anevent,basedon the behaior rules
togetherwith the information perceved from neighborsand the surroundingernvironment. To
generatea natural-lookingmotion, we exploit live-capturednotion clips. We obtainthe motion
by blendingexamplemotionclips andretaigetit to a speci ¢ charactemodelandsituationin an
online,real-timemanner

1 Intr oduction

1.1 Motivation

A largenumberof peoplein streetsparks,or public squaregorm acrowd to shav complicatedscenes
thathave frequentlyappearedn applicationssuchascomputergamesanimationsandmaovie Ims.
Eachof thesescenesvolvesfrom theinteractionamongthe membersof the crond. Theinteraction
of amembemvith othersdeterminegts individual behaior, andtheaggrgatemotionof themembers
yields highly dynamicandcomplex behaiors of a crowvd thatarehardto describanteractvely.

It is not easyto synthesizevisually-cowincing motionfor eachmemberof the crowvd. Although
interactve motion editing is a reasonablesolutionto describethe motion for a small crowd, it is
tediousandtime-consumindor a large cronvd. As the sizeof the crowvd grows, the compleity issue
alsoarises.Supposdhateachmemberis requiredto interactwith the restof membergo determine
its behaior. Then,we have a quadraticgrowth rate of time compleity, which is prohibitive for a
largecrowd. As Reynolds[28] pointedout, eachmembeilpayslittle attentiornto theothersthatarenot
perceved. Basedon this obseration, therehave beenvariousschemeg3, 4, 25, 29, 34] exploiting



localizedperceptiormodels.However, mostof themcheckall thememberdo nd their neighborsat
everytime step.

In this paperwe present novel approactor simulatingthe behaior of eachindividual member
of acrowd efciently, of which aggr@ationeventually evolvesinto a crowd behaior. For efcient
simulation,we take an event-driven approach. Guidedby a given scenario the eventsare mainly
dueto the interactionsamongthe memberghemseles and their interactionswith the surrounding
ervironment.To generataatural-lookingmotions,we exploit live-capturednotionclips.

1.2 Previous Works

Crowd Simulation Reynolds[28] introducedreactive behaiors to simulategroupsof simplecrea-
turessuchas ocks of birds, herdsof land animals,and schoolsof shes. He alsomentionedthe
possibilityof dynamicspatialpartitioningto ef ciently nd thecandidatgairsof interaction.Tu and
Terzopoulog34] simulatedreactive behaiors of arti cial shes with syntheticvisionsandexhibited
realisticbehaiors suchasavoiding collision, mating, wandering,andschooling. Broganand Hod-
gins[3] proposedan algorithmfor modelinggroupbehaiors, in which eachindividual is forcedto
move toward a positioncomputedbasedon group velocity, neighbors,andvisible obstacles.They
alsoappliedtheiralgorithmto simulatingthe Bordercolliesandthe Olympic bicycle racing[4]

Musseand Thalmann25] adopteda sociologicalmodelto build relationsamongindividualsand
presentedhn adaptve collision avoidanceschemefor a pair of individuals basedon their distance
from the camera. They alsopresentedhe ViCrowd modelto simulatecronvds with differentlevels
of autonomy[26]. Eachmemberis controlledby scripts,behaioral rules, or externalcontrols. In
addition, they formed a hierarchycomposedf crowvd, groups,and individuals. Perlin et al. [27]
developedthe Improv systemfor scriptinginteractie actors. They useda blackboardfor actorsto
communicatewvith eachotherandintroduceda layeredbehaior modelto createcomple behaiors
from simplerscriptsandactions. To producethe animation Im, AntZ, PDI [1] developeda crond
simulationsystemthattakesinto accounta combinationof physicalforcesand procedurakulesfor
generatingealisticbehaiors of ants.

Collision Detection Ef cient collision detectionamongstationaryor moving objectshasreceved
increasingattentionin computationalgeometryand computergraphics. Spacesubdvision tech-
niques[15, 24, 35, 37] have beenwidely usedto localize collision checks. To simplify the shapes
of objectsandtheir moving trajectoriesfor ef cient collision detection,boundingvolumessuchas
sphere$12] andaxis-alignedboxes[7, 21, 23] have beenused.Hierarchicalboundingvolumessuch
asOBB-treedq[10], sphere-treegl3], andBV-trees[17] werealsoproposedo encloseobjectsmore
tightly. Collisionsareusuallychecledataeachtime step[2, 7, 10, 11, 24] undertheassumptiorihat
the intenal betweertime stepsis relatively smallwith respecto the velocitiesof objects. To detect
collisionsamongpolyhedralobjectsmaoving alongballistic trajectoriesMirtich [21, 23] exploitedthe
axis-alignedboundingbox containingan objectduringatime interval. Kim etal. [15] presentedn



event-driven approachwith a spacesubdvision schemeto localize collision checksamongmoving
spheres.Mirtich [22] adoptedlefersons timewarp algorithm[14] to reduceunnecessargynchro-
nizationby rolling backthe simulationof the colliding objectsto the collision time. Milenkovic and
SchmidI[20] gave anoptimization-basednimationto generatglausiblemotionsfor corvex objects.

Provided with the maximumnorm of the acceleratiorof every object, Hubbard[12] proposed
a collision detectionalgorithm for moving sphereswith unknavn trajectories. He de ned a four-
dimensionalboundingvolume, called a parabolichorn, that containsa moving spherefor a time
intenval. Toreducethecomputationatostfor nding theintersection@mongthehorns,hesimpli ed
themwith hypertrapezoids.To detectcollisions amongmultiple moving spheresat an interactve
rate,Kim etal. [16] interpretedhe parabolichornasavolumesweptby a moving sphereof variable
radius, called a time-varying bound, and extendedan event-driven approach{15] to copewith the
time-varyingbounds.

Motion Editing Therehave beena bunchof researchresultsfor generatingealistic motion with

prescribednotions. BruderlinandWilliams [5] adoptedsignalprocessingechniguego modify an-
imatedmotions. They alsointroduceddisplacemenimappingto edit motionswhile preservingheir
detailedcharacteristicsWitkin andPopwic [39] presentec motionwarpingtechniquefor the same
purpose.Roseet al. [31] generatedeamlessransitionsbetweermotion clips usingspacetimeson-
straints. Gleicher[9] simpli ed the spacetimeproblemfor motion retageting, that is, adaptinga
motion of an articulatedcharactetto the target characterf an identical structurebut different size
and proportions. Employing an optimizationtechnique he was ableto achieze an interactve per

formance. To solve the sameproblemmore ef ciently, Lee and Shin[18] presented hierarchical
approachbasednthe multilevel B-splineapproximatiorandafastinversekinematicssolver. Shinet
al. [32] proposedi computempuppetrytechniguehatretagetsmotionsin anonline,real-timemanner
basednimportanceanalysis.

Unumaetal.. [36] adoptedhe Fourieranalysisto interpolateandextrapolatevariousmotionsin
moodandstyle. BruderinandWilliams [5] suggesteé schemefor multitaget motion interpolation
to blendanumberof samplemotionsin afrequeng domain.They alsogave atechniqueor dynamic
time-warpingto synchronizethe samplemotions. Using trilinear motion interpolation,Wiley and
Hahn[38] produceda desiredmotion that satis esa given spatialgoal. Roseet al. [30] introduced
the notion of verbsandadwerbsto classifyand parameterizéhe examplemotions. Basedon multi-
dimensionalscattereddatainterpolation,they synthesizedh newv motion by blendingthe example
motionsin the parametespace.

1.3 Overview

Given a scenariofor crovd animation,our objective is to generatea sequencef motionsfor each
membelin accordancevith the userspeci ed behaioral rules. Differentlyfrom corventionalcrond
animationschemeg§3, 4, 25, 26, 28, 34] thatexplicitly specifythemovementof everymembemteach
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time step,we proposean event-driven schemethat redirectsthe behaiors of the memberdnvolved
in aneventwheneer it occurs.In addition,to generatevisually-cowincing motionin realtime, we
employ anon-linemotionblendingschemaewith live-capturedxamplemotionsandretagetablended
motionto the speci ¢ charactemodelandsituation.

In our crowd simulationscheme an event triggersthe membergo take certainmotionsin ac-
cordancewith the behaioral rulestogetherwith the informationperceved from neighborsandthe
environment. Thosemotionsmay againgive rise to othereventsamongthe crovd. The backbone
of our crowd simulationis the event-driven approactfor collision detectionamongspheresvith un-
known trajectorieg16]. Ontop of theeventsfor collision detectionwe introducenew typesof events
to facilitatecrowvd simulation.We take into accountwo typesof events:externalandinternalevents.
An externaleventis designedo attractattentionsfrom the crowd or to broadcashewns amongthe
crowvd at a speci ¢ time instanceasspeci ed in the animationscenario.An internaleventis to deal
with spatial,temporalandemotionalrelationshipsamongthe crovd. We maintainthe candidate$or
eventsin a priority queueregardlessof their typesto generatehemin the order of their occurring
times.

To ef ciently tracethe movementsof themembersandtheirinteractionswe subdvide thewhole
spaceinto a hierarchyof uniform cells and attacha local billboard at eachcell for the cell-speci ¢
informationsuchasinterestingocations,obstaclesandmembersn thecell. Theinformationrelated
to the whole crovd and spaceis storedin a global billboard. Whenan event occurs,we derive the
responsesf the memberdnvolved in thatevent, basedon their individual behaioral rulestogether
with theinformationpercevedfrom othermembersthe surroundingenvironment,andbillboards.To
dealwith a complex behaior, we introducea hierarchyof behaior rules. The lowestlevel of the
hierarchyrepresents primitive motion,suchaswalking, running,touching,andhandshaking.

To generate natural-lookingmotion, we blendexamplemotion clips andretagetthe motion, if
necessaryto the speci c charactemodelandsituation. In particular we blend motionsof various
speedgyration,andstyleto generatdhumanlocomotion,which playsa crucialrole in the crond ani-
mation. As preprocessingye parameterizéhe examplemotionclips to placethemin the parameter
spacdor lateron-the- y blending.Givenaparametevector we performmulti-dimensionakcattered
datainterpolationto obtainthe correspondingnotion, andthenadaptit to a given trajectorywhile



avoiding artifactssuchasfoot sliding andpenetration.

Theremaindewof thepapeiis organizedasfollows. After describinganevent-driven approacHor
collision detectionin Section2, we presenbur behaior simulationmodelfor a crond in Section3.
In Section4, we presenthow to generatea desiredmotion for eachmemberusing examplemotion
clips. We shav experimentakesultsto demonstrat¢he capabilityof our crovd animationschemen
Sectionb. Finally, we concludethis paperanddescribefuturework in Section6.

2 Event-Driven Collision Detection

Our crowvd simulationis basedon an event-driven approachfor collision detection. Most internal
eventsaregeneratedlueto the collisionsamongthe members The way to avoid the collisionsnatu-
rally inducesheinteractionparadigmamongthe membersaindalsowith theirervironmentfor crowd
simulation.

2.1 Time-Varying Bound

For a smallcrowd, the collisionscanbe detectedwithin areasonabléime by repeatinghe collision
checkbetweerevery pairof themembersateachtime step.However, for alarge crowvd, suchpairwise
collision checksare extremelytime-consuming For ef cient collision detectionwe decomposé¢he
spacednto asetof subspaceandthentracethe movementsf themembersacrosshe subspacesl he
memberof a cronvd areapproximatedy their boundingvolumes.For the typesof cronvd consisting
of human-lile gures, we approximateheir membersascylinders,whoseprojectionson the ground
planearecircles. For the othertypes,we approximatetheir membersby spheres. Therefore,our
collision detectionproblemis reducedo thatof collision detectionramongmoving 2D or 3D spheres.

We assumehatthe trajectoryof a spheres not known. Therefore onecannotpredictthe future
positionx(t) andvelocity v(t) of thesphere However, the exactpositionandvelocity of ary sphere
atgiventime areavailableimmediatelyafterthattime. We alsoassumehatthe maximummagnitude
of theacceleratiora(t) of anobjectis boundedoy aknown valueA, thatis,

jat)i  A: (1)

In practice,this makes sensesincethe speedof an objectcannotbe arbitrarily large. Let t. bethe
currenttime. Then,aboundonx(t) canbedervedasshavnin [12]:

XM )+t i St 2 @

where t =1t tcfort tc. Thisinequalitystatesthatthe centerx(t) of the spheres within a
distanceof % t2 from the known currentpositionx (t¢) + v(t¢) t
Letr betheradiusof thesphereapproximatinghemember Then,thespherattimet is contained



in aboundingsphereof radiusf(t) centeredhtthe position® (t):

A(t)
R(1)

% t?+r; (3)
X(te) + v(te) t (4)

Thesetwo equationggive a parabolichorn, whosecrosssectionat thetime t is the sphereof radius
i(t) centerecatR(t) [12]. Thishorncanbeinterpretedasthe volumesweptby atime-varyingsphere
of variableradiusf(t) moving fromx(t¢) tox(tc) + v(tc) t . Wecall thissphereasatime-varying
bound. The collision betweertwo time-varying boundscanbe calculatecef ciently becausef their
simplicity in shapeandmotion. If a pair of spheresollide with eachother thentheir time-varying
boundsalso collide beforehand.Hence,we checka collision betweentwo spheresvheneer their
time-varying boundscollide with eachother

The time-varying boundsof the membersplay a crucial role in our crovd animationscheme.
Whentwo time-varying boundsfor a pair of memberscollide, thesemembersexchangetheir status
suchas positions,velocities,and so on. Their neighborsare alsoidenti ed by exploiting the co-
herencen time and space. Basedon the gatherednformationfor their statusand neighbors,the
membersadjustthemselesto their possiblecollisionin future. As they aregettingcloser theirtime-
varyingboundscollide morefrequently Accordingly the membersaregettingreadyto the collision
by changingtheir behaiors graduallyin accordancaevith the sequencef signals,thatis, the colli-
sionsbetweertheir time-varying bounds.While moving toward their goals,the membersontritute
thesdocalvariationsto the globalbehaior of thecrowd.

2.2 Event Generation

To localizethe collision checksamongthe time-varying bounds we subdvide the whole spacecon-
tainingthespherento asetof uniform cubicalsubspacedNe assumehatthediameterof thebiggest
spherds a constanimultiple of thatof the smallestoneandthatthe lengthof anedgeof the cubical
subspaceés boundedby someconstantmultiple of the diameterof the biggestsphere. Then, each
non-emptysubspacdasa constannumberof intersectingspheres.For every non-emptysubspace,
we keepa list of time-varying boundsoccugying the subspaceThesesubspacearemaintainedn a
subspacé¢ree,whichis abinarysearchreeof boundedoalancg8].

We keeptrack of the trajectoriesof time-varying boundsandtheir spatialdistribution by iden-
tifying six typesof events: entering,leaving, resetting,colliding, contacting,and separatingvents.
Enteringand leaving eventsare causedvhentime-varying boundscrosssubspacesanda resetting
eventis for preventingatime-varyingboundfrom growving excessiely. A colliding eventis triggered
by a collision betweerntwo time-varying boundsoccupying the samesubspaceA contactingeventis
dueto a pair of sphereghatbecomein contact,anda separatingavent occurswhentwo spheresn
contactseparatdrom eachother We computethe candidateaventsfor eachtime-varying boundby
allowing penetratiorwith otherboundsandmaintainthemin a priority queue.



Figure2: An entering(left) andaleaving (right) eventfor atime-varyingbound.
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Figure3: A resettingeventoccurswhenthediameterof atime-varyingboundreacheso thelengthof
anedgeof asubspacgleft). Its radiusis resetto thatof its original sphergright).

With penetratioramongtime-varying boundsallowed, the candidatesventsseemto have nothing
to dowith theactualeventsat rst glance.However, ary pair of time-varyingboundsdo not penetrate
with eachotheruntil the earliestevent takes place. Moreover, the earliesteventis guaranteedo be
an actualevent. Wheneer the earliestevent occurs,we modify the subspacéreeand eventtreein
accordancevith the type of the eventto generateahe next earliestevent. Repeatinghis processall
eventscanbeidenti ed in their occurringtime sequence.

2.3 EventHandling

Givenatime-varyingboundB (s;) of aspheres; lying in a subspaceanenteringeventoccurswhen
B (si) touchesafaceof the subspaceéo enterits adjacensubspacsharingtheface. A leaving event

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

time-varyingbounddor thesubspaceWheneer B (s;) entersasubspaceye addB (s;) to thelist for

the subspace Accordingly we computethe nenv candidatecolliding eventsof B (s;) with the other
boundsintersectingthe subspace¢o addthemto the event queue. We also computethe candidate
eventsof B (sj) for enteringandleaving from the subspace.n the symmetricalway, we handlea

leaving event.

Initially, B (sj) is identicalto s;. As time passesit grows and may intersectmary subspaces.
Accordingly the candidateeventsfor B (sj) would increaseexcessiely to degradethe ef ciency.
We circument this problemby restrictingthe diameterof B (s;) not to be larger than the length
of an edgeof a subspace.This restrictionforcesa time-varying boundto intersectat most eight
subspacegndthusthetotal numberof non-emptysubspaceis O(n), wheren is the numberof the



Figure4: A colliding eventfor two time-varying bounds(left). A contactingeventfor two spheres
(right).
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Figure5: A separatingventfor two spheresoccurswhentheir relative velocity becomesion-zero
(left), andthe contactgraphis updatedright).

time-varyingbounds Wheneerthediameternf B (s;) reachedo thelengthof anedgeof asubspace,
aresettingeventoccurs.Then,we make B (s;) bethesameass;. For eachsubspaceaotintersecting
B (si) arymore,we remove B (s;) from thelist of time-varyingbounds.We alsorenav thetrajectory
of B(sj) usingits currentposition and velocity, and then computeits candidateentering,leaving,
colliding andresettingevents. Theseeventsareinsertedin the event queueafter remaving obsolete
candidateeventsof B (sj) from theeventqueue.

A colliding eventtakesplacewhenB (s;) collideswith anotherttime-varyingboundB (s;) inter
sectingthe samesubspaceThen,we checkthe actualcollision betweerthe spheress; ands;. We
alsocheckwhetherthetwo spheredecomen contact.If thespheresarenotin contactwe resetboth
of B(sj) andB (s;j) in thesameway ason aresettingeventto resumethe collision check.Otherwise,
we generateghe contactingeventbetweers; ands; .

Two spheregarein contactf their distances lessthana giventhresholdandtheirrelative velocity
is zero. For two spheresn contact,colliding eventsbetweertheir time-varying boundswould occur
repeatedly To avoid suchunnecessargvents,we maintaina contactgraph,which hasa nodefor
every sphereand hasan edgebetweentwo nodesif their correspondingpheresarein contact. A
connecteccomponenbf this graphyields a contactgroup of spheres.For a pair of spheresn the
samecontactgroup,we do not checkcollisionsbetweertheirtime-varying boundseventhoughthose
boundsbelongto the samesubspaceWhena contactingeventbetweertwo spheres; ands; occurs,
we insertan edgebetweerthetwo nodescorrespondingo the spheresn the contactgraph,andthen
resetbothof B (sj) andB (s;j) in thesameway asonaresettingevent.

A separatingvent betweens; ands;, which arein contact,occurswhentheir relative velocity



becomesion-zero. We remove the edgebetweenthe nodescorrespondindo the spheress; ands;
from the contactgraph,andthenresetbothof B (s;) andB (s;). Supposehattheremoval of theedge
malkesthe contactgroup split into two contactgroups. For a pair of spheresy ands; intersecting
the samesubspacendbelongingto the differentcontactgroups,the event queuemay not maintain
the candidatecolliding eventfor B (sx) andB (s)), sincesk ands; werein the samecontactgroup.
Hence for sucha pair of B (sk) andB (s)), we calculatetheir colliding eventto insertit in the event
gueue.

3 Behavior Simulation

To simulatethe behaiors of the memberswe adoptan event-driven approach.Whenan event oc-
curs,themembersnvolvedin thateventareinvokedto reactbasecn their behaioral rulestogether
with theinformationperceved from othermembersthe surroundingervironment,andbillboards.In
Section3.1,we rst describethe typesof eventsthatwe considerfor our crovd simulationscheme,
andthenshav how to derive therespons®f eachmembertto eachtype of eventsin Section3.2.

3.1 Behavioral Events

For crowd simulation,we considertwo typesof events: externalandinternal events. An external
eventis for thebehaior of acrowd asspeci edin theanimationscenaricor by theusers An internal
eventis for dealingwith spatial temporalandemotionalrelationshipsamongthe crowd. Every event
hasits occurringtime, the membersaffectedby the event,andthe event-speci cinformationsuchas
thelocationwherethe eventtakesplace.We maintainthe candidate$or theeventsin apriority queue
to identify theactualeventin the orderof their occurringtimes.

In orderto properlyreacton anevent, eachindividual hasits own internalstatusthatdetermines
its behaior. Theinternalstatusof amembercontaingts physicalstateandmentalstate. The physical
stateof amembeiincludesits currentposition,velocity andits time-varying bound. The mentalstate
of amembelincludesits goal, socialstateandemotionalstate.Whenan eventoccurs,eachmember
involvedin theeventtakesactionby updatingts internalstatusn accordancevith its behaioral rules
basednits currentinternalstate its neighborsandnews poston billboards.

We have threetypesof internalevents:spatial temporalandemotionalevents. The spatialevents
aremainly for collision avoidance. They arealso usedfor information propagation.To tracesuch
eventsef ciently, we emplg the collision detectionschemedevelopedin Section2. To localizethe
collision checkamongthetime-varyingboundswe have subdvidedthewhole spacento a hierarchy
of uniform subspacesalled cells. We attacha local billboard at eachcell, which shavs the cell-
speci ¢ information suchaslocationsof interest,obstaclesand membersn the cell. Wheneer a
pair of time-varying boundscollide with eachother they exchangetheir internalstatusfor collision
avoidanceandinformationpropagationin addition,uponenteringor leaving acell,amembetupdates
its internalstatusby referringto thelocal billboard. Thetemporaleventsarefor schedulingactionsin
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Figure6: A hierarchicaktate-transitiographfor examplesocialbehaior

future,for which aresettingeventareatypical example.We canalsoschedulea sequencef display
actionson the screenwith suchevents. Finally, emotionaleventsare for conveying the emotional
statesof amembetto others.An exampleis to threaternthersdueto madnessAn emotionaleventis
dueto theevolution of theinternalstateof amemberdirectedby its interactionwith others.

Externaleventsarefor explicitly directingthe behaior of the members.During the simulation,
the memberganbedirectedwith externaleventsin two waysasspeci edin ananimationscenario.
Thebehaiors of certainmembersanbeactivatedindependentf theirinteractionamongthemseles
andwith the ervironment. The externaleventscanalsobe usedto broadcashews to the members.
For this purposewe setup a global billboardfor the whole space.On externalevent, we updatethe
billboardfor guidingthe simulation.

3.2 Behavior Generation

Whenan event occurs,we generatehe response®sf the membersnvolved in that event, basedon
theirindividual behaioral rulestogethemwith theinternalstatus.For ef cient handlingof a comple
behaior, we introducea hierarchyof behaior rules. The hierarchyconsistsof threelevels which,
fromtopto bottom,represensocialbehaiors, spatiabehaiors, andprimitive behaiors, respectiely.

Thehighestlevel of the hierarchyconsistsf socialbehaiors thataremostgeneralandabstract,
for example,go-to-schoolmeet-a-friendhave-lunch,etc. The next level includesspatialbehaiors,
whicharethebuilding blocksfor thesocialbehaiors, e.g.,move-to-wherestop-meing, stay-where-
you-are,etc. The lowestlevel containsprimitive behaiors, which are the building blocks for the
spatialbehaiors. Theprimitive behaiors correspondo the givenexamplemotions,suchaswalking,
running,touching,or handshakingln generalthe externaleventsgovernthe socialbehaior, andthe
internaleventsarerelatedto the spatialbehaiors.

A behaioral rule is represente@sa hierarchyof state-transitiorgraphsasshavn in Fig. 6. A
behaior ateachlevel is describedisastate-transitiograph,in which astate(node)representthebe-
havior atthelower level, andanedgerepresents transitionfrom a stateto another A state-transition
graphis adirectedmultigraph,sincemultiple transitionsareallowedbetweerwo states Eachedgeis
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attachedwith adecisionfunction. Thisfunctionis apredicateo decideif its correspondingransition
canbe activated, given parametersuchasthe event type, the currentstate,and otherinformation

on the statusof the memberinvolved. A single nodemay have multiple outgoingedgesproduced
by a singleevent. Oneof themis choserasthe link to the next statedependingon the probabilities
assignedo them. A statecanalsohave anedgepointingto itself, which meanao statetransitionat

all.

Whenan event occurs,the currentstateof the graphfor eachmemberchangedo anotherstate
accordingly or stayswhereit is. Variousfactorsshouldbe consideredn determiningthe next state,
suchasthe information perceved from othermembersthe surroundingervironment,and the bill-
boards Whena statemalestransitionto anew state the statetransitiongraphatits lower level of the
new stateis initialized to continuebehaior generation.

To de ne the behaior rule corvenientlyandspeci cally, we useboth scriptsand externalfunc-
tions. We useuserde ned externalfunctionsto de ne primitive behaiors. The othertwo typesof
behaiors at higherlevelsaredescribedwith scripts.

4 Motion Generation

Basedontheframewvork of multidimensionakcatterediatainterpolationproposedy Roseetal. [30]
andSloanetal. [33], ourapproactor motiongeneratiorconsistof two mainparts:parameterization
andmotionblending.As preprocessingye parameterizexamplemotionsto placethemin a param-
eterspace Providedwith avectorof parametersye generatehecorrespondingnotionateachframe
by blendingthe parameterizedxamplemotions.

4.1 Motion Parameterization

For effective control over a variety of locomotion,we focuson threeparametersstyle, speedand
gyration. Therestof parameterfor anexamplemotionarespeci edinteractvely asdiscussedh [30].
We have threetypesof locomotion,walking, jogging,andrunningto which we assignzero,one,and
two, respectrely, astheir valuesof the style parameter Parametersuchasspeedandgyrationwill
be computedrom eachexamplemotion.

With somelossof generality supposahateachexamplemotionis shortenoughfor its speedand
gyrationto be invariantover its duration. For a lengthy motion with non-homogeneouspeedand
gyration,we needsomepreprocessingp decomposd into shortmotionssatisfyingthis assumption.
Sincea motion of constantspeedand gyrationtracesa circular trajectory we approximatethe root
trajectoryof the motionasa circulararcthatbest ts the projectedtrajectoryon the oor by least-
squarestting. Notice that a straightline is a circular arc of in nite radius. The speedand the
gyrationof the motionarecomputedrom the lengthof the arc andits subtendingangleby dividing
themequallyby the durationof themaotion.
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4.2 Motion Blending

Givenavectorof parameterat eachframe,we rst determinethe weightsof the examplemotions.
We then perform timewarping to synchronizethe example motions. Next, we computethe target
motion by blendingthe timewarpedexamplemotionswith respecto their weights. Finally, givena
trajectoryon the oor, we adaptthe blendedpostureto the tamget characterandthe environmentto
follow thetrajectorythroughmotionretageting.

4.2.1 Weight Computation

We emplo a multidimensionakcatteredlatainterpolationtechniquesuggestedby Sloanetal. [33].
Their approachis basedon theinterpolationschemeof Roseet al. [30]. Incorporatingcardinalbasis
functions, Sloanet al.reformulatedthis schemeto provide a more ef cient blendingmethod. Dif-
ferently from the original versionwhich interpolateseachdegree of freedomat every frame, they
computedheweightsof the examplemotionsfor the given parameterectorandblendedthemwith
respecto theseweights.

Cardinalbasisfunctionsconsistof two terms: linear basisfunctionsandradial basisfunctions.
The linear basisfunctionsprovide an overall approximationof the examplemotionsover the entire
parametespaceand thusfacilitate motion extrapolationoutsidethe corvex hull constructedby the
parametersf theexamplemotions.Theradialbasisfunctionstake careof theresidualof theexample
motionsleft by thelinearbasisfunctions,sothatthe examplesareinterpolatedexactly.

4.2.2 Incremental Timewarping

To blendtheexamplemotionsof awide rangeof speedwe employ the notionof keytimesintroduced
by Roseetal. [30], thatis, theimportantinstance®f amotionsuchasthe momentof heel-strikksand
toe-ofs. All examplemotionsconsistof the samesequencef keytime phasesthatis, the example
motionsstartwith the samefoot andtake the samenumberof steps.

Basedon keytimes, a timewarping functionis de ned asa pieceavise linear mappingof generic
time onto actualtime [30]. Onceall examplemotionshave reparameterizedith their timewarping
functions,we cancomputethe actualtime of a blendedmotionata givengenerictime. Accordingto
Sloanetal. [33], the actualtime of the new motionis given by the weightedsumof the actualtimes
of the examplemotionsat a given generictime. This approachworkswell whenthe weightof each
examplemotionis x ed duringthe whole cycle of the motion. In general the weight may change
dynamicallyfrom frameto frame,andthespeedariationoverthe examplemotionsmayalsobe quite
large. In this case a blendedactualtime may go reversely thatis, go backto the past,with respecto
thegenerictime.

To blendmotionsof variousspeedwith time-varying weights,we proposean incrementatime
warpingtechnique.The basicideais to blendthe changeratesof the actualtimeswith respecto the
generictime ratherthanthe actualtimesthemselesandto accumulatehe weightedchangeratefor
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incrementallyupdatingthe currentactualtime of theblendedmotion. With thisincrementabpproach,
we canguaranteghe monotonicityof the blendedtimewarping function sincethe changeratesare
alwayspositive.

4.2.3 Posture Blending

We generatethe target postureat a given generictime by blendingthe correspondingposturesof
example motionsat 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 the exampleposturego obtainthe postureof thetarget
characterwhichwill beadaptedo a giventrajectory

We take a simpleweightedsumto blendtheroot positions.However, dueto the non-linearityof
theorientationspacethis schemecannot beapplieddirectly to blendingorientationdatasuchasroot
orientationsandjoint angles. Therefore we provide a new orientationblendingtechniquebasedon
theorientation Itering schemeof LeeandShin[19].

Thebasicideafor blendingorientationgs to transformthe orientationdatainto theiranalogue
avectorspacethroughthelogarithmmap,to computetheir weightedsum,andthento transformthe
resultbackto the orientationspacethroughthe exponentialmap. Here,we emplo/ the exponential
and logarithm mapsthat facilitate a natural, non-singulamparameterizatioffior “small” angulardis-
placement$19]. Thus,for mappingorientationdatainto their vectordisplacementsye choosethe
referenceorientationthatis as“close” to all exampleorientationsaspossible.

To choosehereferenceorientation,we rst de ne the distancemetric betweentwo quaternions.
BussandFillmore [6] usedthe geodesimorm = klog(q1g2)k astheir distancemetricto nd the
sphericalkaverageof pointson a d-dimensionakphereS. However, they did not addresshe problem
causedy theantipodalequivalencepropertyof the unit quaterniorspace Sinceq and ¢ represent
the sameorientation theangulardistancebetweerntwo quaternionsg; andqs is

dist(q1;92) = min klog q; 'z kiklog g;*( g2) k : (5)

Thereforethereferencequaterniorng is obtainedby minimizing the sumof squaredlistances:
Ke ,
E = kdist(q ;qi)k*: (6)

i=1

However, thisdistancemetricis notdifferentiableat = ». Thus,weintroduceanalternatve distance
metricbasedn asinusoidafunction:

dist(q1;92) = sin(klog(q; 1q2)k): 7)

This metric not only approximateshe angulardistancewell but alsois differentiableat ary pointin
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Figure7: Unit quaterniorblending.
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With the new distancemetric,thereferenceorientationq canbefoundby minimizingtheobjec-
tive function:

We
E= sin?;; (8)
i=1
where ; = klog(q q;)k. Sincesin?> ; = (1 cog j)andcos = ¢q' q ,wehae
Xe T 2
E = 1 (@ a): 9)

i=1

To nd g thatminimizesE subjectto the unitarinessconstraintof the quaternionwe emplo/ the
lagrangiamrmultiplier method:
& _ @ 10)
@ @
whereC = 1 kg k? and is thelagrangiarmultiplier. PluggingEquation(9) into Equation(10),
we have I
e .
g 9 9 =49 o AQ = q; (11)
i=1
whereq isrepresentedsa4 1vector A isa4 4 matrix,and isarealnumber Theproblemof
nding g in Equation(11)is atypical eigevectorproblem.Sincea4 4 matrix hasa maximumof
four eigervectors we examineeachsolutionfor Equation(9andchoosahebestonewhich minimizes
the objective functionE asgivenin Equation(9).
Figure7 illustratesour unit quaterniorblendingschemeGiventhereferenceorientationq  (Fig-
ure 7(a)), we transformeachexampleorientationg; into its correspondinglisplacementectorv;

throughthe logarithmmap,thatis, v; = log(q *q;) (Figure7(b)). Then,weblendv;,1 i N
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with respectto their weightsw; to obtainthe displacementectorv = P iN;’lwivi, whereNe is
the numberof the examplemotions(Figure7(c)). Finally, we computethe blendedorientationg by
transformingv backto theorientationspaceandapplyit toq , thatis,q = q exp(v), (Figure7(d)).

Now, we adaptthe blendedroot positionandorientationof atamgetcharacteto a giventrajectory
We rst adjusttheroot position. Given a curved root trajectoryon the oor, we computethe target
root position, so thatits projectionon the oor is coincidentwith its trajectorywhile preservingts
elevation. We thenadjustthe blendedroot orientationfor the characteto follow thetrajectory The
directionfor the charactetto move forward is obtainedby blendingthe tangentvectorsof the arcs
that approximatethe projectedroot trajectoriesof the examplemotions. We determinethe target
root orientationsuchthat the forward direction coincideswith the tangentvector of the given root
trajectory:We rotatetheroot segmentby theangulardifferencebetweertheforwarddirectionandthe
tangentvectorof the givenroottrajectoryaboutthe unit normalvectorof the oor.

4.2.4 Motion Retargeting

Whenthe tamget charactethasa differentsize and proportionfrom the actualhumanperformer we
are not ableto simultaneouslypresere the joint anglesof the blendedpostureandits end-efector
positions.Thereforetheremaybe artifactssuchasfoot sliding andpenetrationTo obtaina corvinc-
ing locomotionof the taget characterwe needto adjustthe blendedposturein an online, real-time
mannerwhile keepingthe characteristicof the original motion. For this purpose,we emplg/ an
importance-baseapproactor onlinecomputempuppetryintroducedby Shinetal. [32].

To emplg their approachwe have to provide a sequencef tamget foot positionsasinput data.
We obtainthemby blendingthe foot positionsof the examplemotions. To do that,we rst represent
eachof themin thelocal coordinatedrameof its root segment. Then,atargetfoot positionis obtained
by blendingthoseof the examplemotionswith respecto their weights.Finally, we recover its corre-
spondingtarget foot positionin the global coordinateframeby applyingthe target root positionand
orientationto it.

A tametfoot positionmayvaryfrom timeto timein accordancevith its weightchange Therefore,
we forcethetametfoot positionto be x edwhile thefoot contactghe oor. Thedurationof its contact
canbe easilyobtainedfrom the keytimes. Whenthe foot is approachingr contactingthe oor, we
changehejoint anglesto keepthefoot position. Otherwise we keepthejoint anglesto presere the
motioncharacteristicinheritedfrom the examplemotions.

5 Experimental Results

Our crowvd animationsystemis implementedn C++ on top of the Microsoft Windows 2000. Exper
imentsare performedon an Intel PentiumPC (Pl 800 MHz processoand512 MB memory)with
commerciallyavailable motion clips. We usea humanmodel of 40 DOFs: 6 DOFsfor the pelvis
positionandorientation,3 DOFsfor the spine,7 DOFsfor eachlimb, and3 DOFsfor theneck. The
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motionclips aresampledat therateof 30 framespersecond.

Our rst experimentis for simulatinghuman-lile charactergo walk aroundin the squarewhile
avoiding collisionwith the others.We approximatesachof the charactersy theboundingcylinder of
radius10inches Themaximumnormof theacceleratioris 50to 100inches#?. Figure8 (a)shavsthe
initial placement®f the characterén the square After simulatingthe charactergor seseralseconds,
we generatenexternaleventfor thosein the upperleft cornerof the squareto directa crowd motion
suchasanevacuationthatall the membersshouldmove to the lowerright corner The characterss
dravn with redcirclesin Figure8 (b) arerecevedthe externalmessageThey distribute the message
to othersthroughlocal interactions.Figure8 (c) shaws a snapshobf the simulation. Eventually all
the membergyatheraroundthe lower-right cornerasshavn in Figure8 (d).

The secondexperimentexhibits complex behaiors of a crovd walking arounda museunto see
pictureson the wall asshawvn in Figure 9. Eachcharacterrst lines up to enterthe museum,and
thenmovesfrom placeto placeguidedby thedirectionson signpostsvhile interactingwith theothers
andthe ervironment. Thelocal billboard of a cell containsthe informationsuchasthe membersthe
picturesandthesignpostdying in thecell. Eachmemberstopsin front of a picturefor awhile to see
it andthenmovesto anotheruntil eventuallyleaving the museum.

Our third experimentis for simulatingathletescompetingin a long-distanceace. Figure10 (a)
shaws the racetrack on the groundandthe initial placement®of the runners. To startthe race,we
generatean externalevent correspondingo the startingsignal. In modelingthe behaioral rulesfor
the runners,we take into accountthe competitve natureof the raceaswell asthe level of fatigue
dueto their physicalexercise. Whena runnerspurtsabruptlyat a full speedanemotionaleventis
generatedo alertnearbyrunnerssothatthey maynotfall toofar behindthatrunner We alsogenerate
atemporaleventto considerthe fatigueof a runneraccumulatediuring the race. Theracerrunsat
afull speeduntil thetemporaleventoccurs,andthengraduallyslows down the pace. Figure 10 (b)
shavs a snapshobdf therace. To generataealisticmotionsof variousspeedand gyration, 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
experimentsgachbird is approximatedasits boundingsphereof radius20 inches. The numberof
birdsis 1000, theinitial speedof the birdsis 50 inches/sandthe maximumnorm of accelerations
50to 100inches#’. Thecorridorhasthevolumeof 7200 1000 1000cubicincheswith tenstatic
columnswithin it. Theradiusof eachcolumnis 50 inches.Birds initially gatheraroundonesideof
the corridorasshawvn in Figure11(a),andmove to the othersideduringthe simulation.Figure 11(b)
givesa snapshobf the simulation. It takes3.0335secondon averagefor one secondsimulationof
1000birds. To shav the ef ciency of our event-driven approachwe alsosimulatethe sameexample
usingthe x edtime stepapproachwhichchecksall pairsof thememberdo nd theneighborof each
memberat every time step.By varyingthe numberof birdsfrom 100to 1000,we plot the simulation
timesfor onesecondsimulationasgivenin Figurel2. Therenderingandmotiongeneratiorimesare
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excludedto compareonly the ef ciency of collision detection.We canobsenre thatthe event-driven
simulationoutperformghe x edtime stepsimulationasexpected.

6 Conclusion

We have presentedan event-driven approachfor crowvd simulation. Whenan event occurs,the re-
sponseof eachmembeilinvolvedin thateventis dervedfrom theinternalstatusbasedon a hierarchy
of behaioral rulestogethemwith theinformationperceved from othermembersandtheervironment.
To generatenatural-lookingmotionsof the memberswe exploit the examplemotion clips. Given
avectorof parameterswe synthesizets correspondingnotion by blendingthoseexamplemotions,
andthenretagetthe motionto the speci ¢ charactemodelandsituation.As demonstrateth exper
imentalresults,our approacttansimulate,at aninteractve rate,the behaiors of a crowd consisting
of severalhundrechuman-lile charactersgachof which has40 degreesof freedomandis represented
by about1,000polygons.
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