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Abstract

This papertreatstwo linkedsubjectsunderlyingbehavioural simulation.First, the

way to describeavirtual environmentthroughaninformedhierarchicalabstractgraph.
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Thisgraphstoressomepre-computationssuchaspotentialvisibility sets,orientedgrids,

or densitiesof people,whichcanbeusedindividually by simulatedentities.Second,the

way to usethis abstractgraphto performa realisticandef�cient pathplanning,which

takescareof individualpreferencesaswell asindividualknowledgeof theenvironment.

Moreover, thepathplanningmethodwe proposeis reactive to someevents,re�ecting

the perceived modi�cations of the environment,which allows the entity to adaptits

behaviour in consequence.

Keywords: EnvironmentDescription,PathPlanning,SimulationInvolving Virtual Humans

Intr oduction

Simulatingcrowdsof peopleis a complex topic, implying to managemany entitiesat the

sametime,possiblythousands,while makingthemsuf�ciently realisticto beanalysed.For

theseentitiesto berealistic,they musthandlesomebehaviouralprocedureswhichwill guide

themduringthesimulation.Oneof thesenecessarybehavioursis unquestionablythecapac-

ity to move, andso thecapacityto plana path. Our studyis undertakenwithin the frame-

work of microscopiccrowd simulationinsideconstrainedenvironments,andparticularly

exchangeareaslike train stations.We want to provide maximalentity autonomyandreal-

ism to achieve two maingoals. First, anentity mustbeableto adaptits behaviour to take

into accountenvironmentswith low populationaswell asovercrowdedones,makingit pos-

sibleto producethemacroscopicemergentbehaviour calledcrowd. Second,anentity must

2



achieveasuf�ciently realisticbehaviour in orderto maketheinterpretationof datafrom the

simulationpossible.Moreover, aspreviouslystated,crowd simulationimpliesto simultane-

ouslymanagemany entities,makingcomputationcostamajorconstraintin ourmodel.The

point we arefocusingon in this studyis theway anagentcanplana realisticpathinsidea

moreor lessknown environment. We start,in the relatedwork section,by presentingthe

spatialsubdivision,environmentalabstraction,andpathplanningtechniques,includingour

previouswork which is usedasa basisfor this paper. We alsotalk aboutcrowd studiesin

thatsection.Then,wepresenttheimprovementsdoneto ourpreviousenvironmentabstrac-

tion, makingit moreadaptedto realisticpathplanning.Wecontinuewith ourpathplanning

method,which is hierarchical,handlesmany criteria (including subjective ones),andcan

reactto someadaptationevents.After that,wepresentsomeapplicationsof ourmodelwith

our industrialpartner, AREP, andtechnicalbenchmarks.Finally, weconcludeby giving the

mainadvantagesof thiswork, andaddressfuturework.

Relatedwork

Spatial subdivision convertscomplex geometricdata,madeup of a greatnumberof poly-

gons,in amoreor lessinformeddatabase.Thethreeprincipalapproaches,whichhavebeen

reusedin behavioural animation,comefrom the �eld of robotics[1]. Potential �elds [2]

associaterepulsivepowerswith theenvironment's obstacles,andanattractive onewith the

agent's destination. Roadmaps[3] discretisethe navigation spacein a network of paths
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madeupof linesandcurves.Cell decompositioncomputesaconnexity graphin two differ-

ent ways: an approximatedecomposition[4], usinggrids or quadtrees,coversa subspace

includedin theenvironment's freespace;anexactdecomposition[5], generallyusingcon-

vex cells,coversthewholeof theenvironment's freespace.Our previousmodel's starting

datais obtainedwith suchanexactdecomposition,providedin partby F. Lamarcheetal. [6]

algorithm. This algorithmis appliedto a 2D graphicalrepresentationof the environment,

andextractsa setof convex cellsby computinga constrainedDelaunaytriangulationwhile

keepingthebottlenecksof theenvironment. Topologicalabstraction is a complementary

process,usedto betterorganisetheinformationobtainedat thetime of spatialsubdivision,

which generallyconsistsin producinga hierarchicalgraphrepresentationof the environ-

ment. The uni�cation processis addressedprincipally in two ways: a pure topological

uni�cation [6] associatesthe subdivision cells accordingto their numberof connexions;

a more conceptualuni�cation introducesa semanticalde�nition of the environment,like

with the IHT-graphstructure[7], producingan informedenvironment[8]. Path planning

is theagentbehaviour which producesa pathin orderto reacha destination.This process

is generallyperformedby a graphcrossingalgorithm,which canexploit the hierarchical

aspectgivenby a topologicalabstraction[9]. Evenif travelleddistanceimpactspathplan-

ning, someexperimentalresearchhave shown that a certainnumberof otherfactorsmust

be taken into account[10]. The least-anglestrategy [11] minimisestheanglebetweenthe

agent's direction and the destination,allows to take into accountthe agent's knowledge

abouttheenvironment,andintroducesthenotionof preferencein thedecisionprocess.The
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simplestpathstrategy [12] introducesacognitivecostminimisationfor pathevaluation.The

congestionof an areaof theenvironment[13] is an importantfactor, especiallyfor crowd

simulation.A stressfactor [14] canalsobetakeninto account,basedon thenumberof sur-

roundingpeople,or thedifferencebetweenthecurrentandtheshortestpath. Our previous

modeldid not directly addresspathplanning,but wasde�ning theway to manageanindi-

vidual knowledgeof theenvironment,andtheprocessesto update(observation)andaccess

(remember)this knowledge.Evenif J.J.Fruin [15] hasbeena pioneerin theseventies,the

developmentof crowd simulation is still recentandlimited. Macroscopicsimulation[16]

hasbeenhistoricallythe�rst approach,globallymanagingall theentitiesof thesimulation.

Basedon a largenumberof observations,statisticalmodels[17] havebeenproposedto ex-

presstheevacuationdelayof a building throughequations.Particle systems[18] arebased

onphysicallawsthatdescribeattractiveandrepulsiveforcesthatcanbeassociatedto obsta-

clesandmoving entities.Somestudieshavealsofocusedoncrowd simulationandits levels

of autonomy[19] in orderto provide realisticcrowd behaviour insidevirtual environments.

Topologicalabstraction

Intr oduction

The�rst necessarystepto performpathplanningis to describethesimulatedenvironment.

Our previous model [20] wasbasedon a pure topologicaluni�cation. A hierarchical
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graph,composedby threeinterconnectedlayers(asshown in �gure 1), is computed:the

�rst layer correspondsto the output of the spatialsubdivision process,while layerstwo

and threearesuccessive groupings. The type of the nodesof the graphis set according

to their numberof connectionsc : deadend (c = 1), corridor (c = 2), and crossroad

(c � 3). Moreover, two �ags canbe setfor somespeci�c nodes:the nodesconnectedto

thesubdivision boundinglimits arevirtual; thenodesconnectedto at leastonevirtual and

onenon virtual nodeareentry/exit. Throughthe restof this paper, we will call the nodes

of the �rst layercells, of thesecondlayergroups, andof the third layerzones. In orderto

improve the expressivity of the informedhierarchicalgraph,we proposedto pre-compute

somestaticdata.Thesurfaceareaof eachnodeis stored,enablingto computethenode's

density. A potentialvisibility set(PVS) is computedfor eachinter-groupconnection.We

alsoassociatea grid representationto eachgroup,which is usedto computethe density

valuescorrespondingto the innerpathsof thegroup. Finally, a setof datais associatedto

eachorientedpair of externalconnectionsof a groupor a zone,which givesc � (c � 1)

setspernode.Eachsetof datacontainstheinformationcorrespondingto thecrossingof the

nodethroughthecorrespondingconnections.This informationis composedof : theshortest

pathlength; theminimalpathwidth; thepathdirection; a �ows of peoplecounter, refreshed

by theentitiescurrentlymoving throughtheseconnections;anda densityof peoplemarker,

which is �lled by a dynamicglobal processusinggrids. We will presentin the following

how thetopologicalabstractionof our previousmodelcanbeimprovedin orderto make it

moresuitedto realisticpathplanning.
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Impr ovedgroupings

In orderto improve theoverall aspectof theabstraction,we have introduceda geometrical

heuristicin thealgorithm. This heuristicis concurrentwith the topologicalheuristic,with

theneedto validatethetopologicalpropertyfor bothlayerstwo andthreeof theabstraction

graph. The geometricalheuristichasa greaterpriority than the topologicalheuristicfor

the �rst abstractiongrouping,anda lower onefor thesecondabstraction.Thegoalof the

geometricalheuristicis to obtaingroupswith the bestconvex aspect.To do so, oriented

boundingboxesarecomputedfor everynodeof theworking layer. Thenthecoverageratio

of theboundingbox is evaluatedasthesurfaceof thebox dividedby theactualsurfaceof

thenode.Thegeometricalheuristic�nally performsgroupingsof a setof connectednodes

if andonly if thegroupratio is better, i.e. closerto one,thanevery basenoderatio. The

directapplicationof thisgeometricalgroupingmethodis to keepsubdivisionbottlenecksin

groups(asshown in �gure 2.c), aswell asto highlight large areas,thusallowing ef�cient

pre-computationsand graphtraversal. The topologicalheuristichasalso beenmodi�ed

concerningthecomputationof the lastabstractionlayer. Indeed,in thepreviousheuristic,

deadendgroupswereabsorbedby their adjacentcrossroadgroupto form a resultingzone,

whichwasa terminatingconditionfor groupings.In themodi�ed algorithm,if theresulting

zoneis alsoa deadendconnectedto a crossroadzone,they aremerged,andso on until

the adjacentcrossroadzoneis connectedto at least two non deadend zones. This last

improvementhighlightszoneswhich aremuchmoreconceptual(asshown in �gure 2.e),
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andpreparestheenvironmentfor a fastdiscriminantpathplanningheuristic.

Impr oved information

To improve theinformationstoredin theenvironmentabstraction,we have introducednew

typesof nodesin addition to previous deadend, corridor, crossroad, andvirtual nodes.

Thesenodesarecalledconceptualbecausethey do not correspondto any physicalarea,

i.e. they have a null surface.All of thesenodesareungroupable:a conceptualcell, group

or zoneis representedby the samenode,presentin the threelayersof the graph. More-

over, theseconceptualnodesarenamedto beeasilytargetedby a pathplanningprocedure,

andthuscanbe usedin a rationalbehaviour process.Stoppagenodeshave no outgoing

connection,andanunlimitednumberof incomingconnections.They areusedto stopany

graphcrossingalgorithm,while preservingthe standardnodesconnectionabilities for fu-

ture graphmodi�cations. So, if a connectionmustbe temporarilybroken in the graph,it

is redirectedto a stoppagenode,thusrespectingthe integrity of theabstractgraph,i.e. re-

lieving the constraintto recomputethe abstraction. Oriented nodesgive a directionfor

graphexplorationalgorithms.They arespeci�c corridor nodes,whoseorientationcanbe

changeddynamicallythanksto their automaticmanagementof stoppageconnections(as

shown in �gures 3.a-d).Accessnodesarea re�nementof orientednodes.They areusedas

connectionsbetweena virtual cell anda nonvirtual one,thusrepresentingpossibleentries

andexits of theenvironment.Link nodesarealsoa re�nementof orientednodes.They are
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usedasgatesbetweentwo hierarchicalgraphs,allowing to managemorethanoneabstracted

graph.For example,to representatrainstationcomposedof two �oors, ahierarchicalgraph

is createdfor each�oor . Then,a link nodeis introducedeverywherea connectionbetween

the�oors is necessary, likefor stairs(anillustrationis shown on�gure 3.e).But, asopposed

to accessnodes,a link nodedoesnot directly connecttwo standardnodes. Instead,it is

connectedto a standardnodeof its correspondinggraph,andto anotherspeci�c conceptual

nodecalledconnectedlinks. Connectedlinks nodesaretheonly nodeswhicharenotasso-

ciatedto aspeci�c hierarchicalgraph.They areusedto associateasetof link nodesbetween

eachother. To take againtheexampleof the two story train station,a connectedlink will

representastairwellor anelevator, andthusbeconnectedto all thelink nodesassociatedto

thisstairwellor elevator. By introducingthesenew typesof nodes,wehavemadethehierar-

chicalgraphoriented,re-orientable,andableto beassociatedto any numberof othergraphs.

Moreover, theintroductionof connectedlinks nodesbetweengraphsenablesusto describe

environmentscontainingasmany abstractedgraphsasneeded.Thedirectapplicationis to

simulatebuildingscontainingmorethanone�oor , but anotherapplicationcanbeto divide

ahugeenvironmentinto interconnectedconceptualhierarchicalgraphs; for example,acity

canberepresentedby a graph,andsomebuildingsof thecity by othergraphsconnectedto

the�rst one.Themostinterestingpropertyof thisapproachis that�nally , all interconnected

hierarchicalgraphscanbeusedasoneglobalhierarchicalgraph,andthus,beusedby graph

explorationalgorithms(includingpathplanning)withoutany speci�c management.
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Path planning

Thepathplanningmethodwe proposehastwo majorconstraints.First, it mustattainmin-

imal calculationcosts,in order to allow the simulationof a greatnumberof agents,to

achieve crowd simulation. Second,it shouldmaintaina high level of realism,in orderto

allow dataextractionfor further analysisby specialists.So, we proposeto baseour path

planningmethodon our informedenvironmentdescription,usinga hierarchicalapproach

with amulti-criteriaheuristic.Moreover, we proposeto take careof thechangesthatmight

occur inside the environmentsincethe last plannedpathby triggeringevents,which are

handledby thereactivepartof ouralgorithm.

Hierar chical path planning

Sincewe provide a topologicaldescriptionof theenvironmentasthreehierarchicalgraphs,

we proposeto take advantageof it by usinghierarchicalpathplanning. Thealgorithmis

dividedinto threemainsteps(�gur e4.a), onefor eachlevel of thegraph:

1. Planin thehighestabstraction graph, from currentto destinationzones.If no path

is found,thentheendingconditioncannotbesatis�ed. Otherwise,proceedto step2.

2. Plan in the �rst abstraction sub graph includedin the currentzone,andthe next

oneif any. If thezonepathonly containsonenode,plan from currentto destination

groupsbothlocatedin thecurrentzone.Otherwise,planfrom thecurrentgroupto the

�rst encounteredgroupin thenext zone.Proceedto step3.
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3. Planin the informed subdivision sub graph includedin thecurrentgroup,andthe

next oneif any. If thegrouppathonly containsonenode,planfrom currentto destina-

tion cellsboth locatedin thecurrentgroup(theentire path is computed). Otherwise,

planfrom thecurrentcell to the�rst encounteredcell in thenext group(this subpart

of thepathis computedandcanbeusedfor navigation).

Thebestpropertyof sucha hierarchicalmethodis thesmoothingof calculationcostsover

time. Indeed,thewholepathis only computedfor themostabstractedgraph,whichcontains

a small amountof nodescomparedto the informedsubdivision. Then,both subpathsare

computedonly when needed,as the entity moves. Consequently, lost computationtime

whenapathis invalidatedandmustberecomputedis reducedcomparedto acompletepath

evaluationonagraphwhichis neitherabstractednorhierarchical.As for any graphcrossing

algorithm,thishierarchicalpathplanningminimisesthecostto �nd thebestpath.Thecost

evaluationmethod,which is basedon multiple criteria,will bedetailedin thenext section.

In addition,the algorithmonly takesinto accountthe connectionsof the graphwhich are

known by the entity, simply ignoring the others.Finally, the algorithmcanbe specialised

in threewaysaccordingto the type of endingconditionused,allowing to handlespeci�c

costevaluations.The reachingspecialisationhasa uniqueknown nodeof the graphasa

goal. In this case,thesubjacentalgorithmfor graphexplorationis thewell known A � . The

choosingspecialisationhasasetof known nodesof thegraphasagoal.Thisprocedurecan

beusedby ahigherbehaviour to choosethebestlocationto go to, for outgoingaccessesfor
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example. In this case,thesubjacentalgorithmfor graphexplorationis a �ood �ll . Indeed,

anA � is dif�cult to usebecausea predictive costestimationof theendingconditionsfrom

a givenplacecannotbeeasilydone.Evenif the �ood �ll methodhasa greatercomplexity

thantheA � algorithm,it remainsacceptablesincethemostabstractedgraphonly contains

a smallnumberof nodes.Theexploration specialisationdescribesa moreconceptualpath

planning. Here, the goal is not to reacha speci�c location, but to improve the agent's

topologicalknowledge.So,theendingconditionof thatprocedureis whenapartiallyknown

nodehasbeenreached.For thesamereasonsasfor thechoosingprocedure,thesubjacent

algorithmfor graphexplorationis a �ood �ll .

Multiple criteria path planning

We proposeto take into accountmany criteriafor our costevaluation,in orderto make the

decisionprocessasrealisticaspossible,andmorespeci�c to eachsimulatedentity. Thecost

we evaluateis dividedinto two parts.First, a time to travel costrepresentstheamountof

time neededby the entity to travel throughthe path. Second,a preferencecostincreases

or decreasesthe�rst costby �ltering it usingindividualaf�nities. Onecannoticethat if an

in�nite costis produced,thenthecorrespondingpartof thepathis considereduncrossable

by theentity.

The time to travel costis the �rst to beevaluated,andcorrespondsto the time needed

by anentity to travel throughanode.So,theinitial costis computedascost= distance
desiredspeed
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wheredesiredspeedis the travel speedchosenby the entity. The distanceis retrieved as

shown on �gure 4.b. Thedensityover thepathcanthenbetakeninto accountfor thezones

which have beenseenby the entity a little while ago. It allows to evaluatethe maximum

speed(Smax) availablefor anentity, accordingto J.J.Fruin [15] studyon levelsof services:

Smax=

8
>>>>>>>><

>>>>>>>>:

desiredspeed if density< 0.3

(3:79� density) � 0:37 if 0.3� density� 3

0 if density> 3

Then,if this maximalspeedis smallerthantheentity's desiredspeed,but not null, thecost

is modi�ed: cost = cost � desiredspeed
Smax . For thecasewherethemaximumspeedis null,

thecostis in�nite. Onecannoticethat thecostcouldbe underevaluatedfor thezonesof

theenvironmentthathave not beenseenby theentity for a long time. Thesolutionto this

problemwill beaddressedin thesectiondescribingthereactivepartof thealgorithm.

Thepreferencecostis obtainedby �ltering thetimeto travel costaccordingto individual

af�nities. Theseaf�nities arerepresentedby preferencelevelsPF : thehighera preference

level is, the more a �ltered cost is impacted;a null preferencesimply cancelsthe �lter .

In fact, this preferencelevel correspondsto the time that an entity is readyto spendin

orderto avoid a zonewhich really doesnot satisfythecorrespondingcriterion (a negative

preferencesigni�es that the �lter is attractive). One can notice that the preferencelevel

canbe dynamicallychangedto re�ect the entity's currentstateof mind (in a hurry, lazy,

etc.), or its currentgoal (reaching,choosing,exploration). The �lter function is applied

thus: costF = cost+ PF � VF whereVF is the computedvalueof that �lter , with VF 2
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f [0;1]; in�nity g in orderto make the�lters comparablebetweeneachother.

The�rst �lters arebasedon staticdata,andthuscanbecomputedwithout any prelimi-

narytest.Thepassagewidth �lter re�ects theneedto travel throughlargeareas:

Vwid =

8
>>>>>>>><

>>>>>>>>:

in�nity if passage width < entity's width

0 if passage width > entitywidth � 11

1:1 � passage width
entitywidth� 10

otherwise

wherethepassagewidth is aprecomputedvalueobtainedasshown in �gure 4.c. Thecurrent

dir ection �lter re�ects theneedfor theentity to minimiseits directionchangesthroughthe

path : Vcdir = 1
2 � (1 �

�� �!
dircrt �

�� � �!
dirprev) whereboth currentandprevious directionsare

normalisedvectorsobtainedasshown in �gure 4.d. Thedestinationdir ection �lter re�ects

theneedfor theentityto �nd themostdirectpathto its goal: Vddir = 1
2 � (1�

�� �!
dircrt �

� � � !
dirdest)

wherebothcurrentanddestinationdirectionsarenormalisedvectorsobtainedasshown in

�gure 4.e. The discovering potential �lter re�ects the needof the entity to increaseits

topologicalknowledge: Vdp = knownnodeconnections
supposednodeconnectionswhereknownnodeconnectionsis

extractedfrom theentity's individualknowledge,andsupposednodeconnectionsis taken,for

now, astherealnumberof connectionsof thenodein theabstractgraph.

Theother�lters arebasedondynamicdata,andthuscanonly beevaluatedfor thezones

seenby the entity a little while ago. Moreover, as the dynamicdataare only computed

for groupsandzones,these�lters arenot evaluatedfor cells. The �o ws of people�lter is

composedof two sub-�lters: onefor the �o ws of peoplegoing in thesamedirectionthan

the entity (Fsf) andonefor all otherdirections(Fof ). Both of thesesub-�lters have their
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own preferenceandvalue: Vsf = samedirection�ows
populationof thenode andVof = otherdirections�ows

populationof thenode .

OnecannoticethatVsf 6= 1 � Vof becauseit is possiblethatsomepeopleof anodearenot

moving. Thepreferenceof thesamedirection�ow sub-�lter is negative in orderto express

the desireof the entity to travel throughnodeswith samedirection�o ws. The density of

people�lter re�ects thedesireof theentity to avoid overcrowdedareas: Vden= density
3 .

Reactivepath planning

As seenbefore,the costevaluationsthat dependon dynamicdatacanonly be doneif the

entity hasseenthecorrespondingnodea little while ago. So,a pathcouldbecomputedat

a time, thenbecomeinvalid sincetheentity canobserve new areas.That is why our model

needsanadaptationmethodwhichcancorrectthecurrentpathwhennew dataareavailable.

A possibility is to checkthe validity of the pathat a regular frequency, andto recompute

the invalid part of the path. Sucha processis unnecessarilycostly as it would certainly

�nd a valid pathmostof thetime. Moreover, thevalidity evaluationis dif�cult to calculate,

having to besensitiveenoughto allow decisionchanges,but permissiveenoughnot to lead

to behaviour oscillations.

So,we proposein our modelto handlespeci�c eventswhich requesttherecomputation

of a part of the path,dependingon the modi�ed data. The reactive aspectis well shown

by therecomputationdecisionheuristic:1) If theeventmaydecreasetheweightof a node

not belongingto thepath,recomputethewholepath.2) Else,if theeventmayincreasethe
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weightof a zoneof thepath,recomputethewholepath. 3) Else,if theeventmay increase

theweightof agroupof thecurrentzone,recomputethegroupthenthecell partof thepath.

Thepathrecomputationwe aretalking aboutis a little speci�c, becauseit takescareof

the previously computedpath. Indeed,thenew pathis computedwith a part of the nodes

of thepreviouspathasadditionalendingconditions.Thepartof thepreviouspathwhich is

takenstartsfrom thefurther invalidatednodeand�nishes with thedestinationnode.Then,

when the algorithmvalidatesan endingcondition,and if that conditioncorrespondsto a

nodeof thepreviouspath,thecorrespondingreminderof thepreviouspathis appendedto

thefoundpath.In addition,theeventsarenot takeninto accountimmediately, but arestored

and processedcollectively at a low frequency (oncea secondis largely suf�cient). The

eventswe manageareclassi�ed in two categories. The observation eventsare triggered

by thenavigationprocessof theentity. Sucheventsoccurwhennew nodesarediscovered

by the entity, andrecordedin its topologicalknowledge,allowing it to �nd a betterpath.

Theseeventsalsooccurwhenanalreadyknown nodeis seenagainaftera while, allowing

to take into accountthedynamicdatathatmayhavechanged.Therational eventsaremore

conceptual,andcanoccurwhenthedestinationis modi�ed (herethe eventsareautomati-

cally triggered),or whenthecurrentpathis too old (heretheeventsaretriggeredby a low

frequency individualcontrolprocess).This lastcaseoccurswhenadynamicvalueonwhich

thepathdependsbecomesout-of-date,i.e. whenthetimepassedsincethelastevaluationof

adynamiccriterionis largerthanthetimeof validity of theinformation.
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Results

Our modelhasbeenintegratedin a largerapplication,to beusedby architectsspecialised

in �o ws of peoplestudyinsideexchangeareas.The simulationenvironmentis described

in a simpleway, throughAutoCAD. Then,anautomatedprocessextractstheenvironment's

information,includingwalls andany speci�c orientationdata,directly from theAutoCAD

�le. Thesesimulationdatacanthenbesavedin XML for futureuse.Thelastpartof theap-

plicationautomaticallyperformsthesubdivision of theenvironment,and�nally computes

the informedabstraction.This applicationhasbeenusedby our partners,thearchitectsof

AREP, to studythe �o ws of peopleinsidetheSt Lazaretrain stationin France.To con�g-

ure thesimulated�o ws of people,someinvestigationshave beendoneinsidethereal train

station:peopledistribution at theentriesandexits andtime spentin theenvironment.This

experimentis the �rst in a series,which will allow us to �ne tuneour model's parameters

(essentiallythepathplanningcosts),andto validateour results.

Thecomputationperformancesof ourmodelareobtainedusingonecoreof aXeon3.8GHz

processor. For the two story train station,whosede�nition mapis presentedin �gure 3.e,

thewholeabstractionprocess,includingall pre-computeddata(suchasPVS,shortestpath

lengths,orientedgrids, etc.), is obtainedin 5 seconds.The abstractionmemorycost is

20 MB, while anentity's knowledgetakes1.5 KB. The environmentrefreshing,to update

thedensitiesof peoplemarkers,is performedwith anaveragetimeof 11 ms,independently

of thenumberof simulatedentities.Finally, anentity averageplanningcost,includingthe
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initial planningaswell asthestagesof hierarchicalplanningsandthereactionsto theevents,

is 0.2 ms(alsoindependentlyof thenumberof simulatedentities). Suchperformancesdo

not make it possibleto performa simulationwith thousandsof peoplein interactive time,

but allowsall thesameto obtainit in anexploitabletime. We havealreadyperformedlarge

simulations,with two thousandpeople,obtaininga 3 Hz simulationwith all entitiesani-

matedin 3D, anda 7 Hz simulationwith nonanimatedimpostorsfor theentities. Sincea

simulatedentity's mainfrequency is 20 Hz, thesimulationof 2,000peopleis performedat

a third of realtime.

Conclusionand futur ework

The approachpresentedin this modelhastwo major advantages.First, it allows the de-

scriptionof virtual environmentsin anautomatedway, andrendersinformationconcerning

this environmentavailableat low costs:PVS, �ne densitiesof people,shortestpaths,etc.

Second,our modeldescribesa completepathplanningmethod: ef�cient in computation

time thanksto the hierarchicalaspect;realisticthanksto the numberof managedcriteria;

individualto eachentity thanksto thepreferencecostsandtheenvironmentknowledge;and

automaticallyadaptive thanksto themanagedevents.

Our futurework will treattwo topics. First, the informedenvironmentabstractionwill

beupdatedto integratespeci�c informationaboutthe interactive objectsof thesimulation.

Thus, the pathplanningmethodwill be ableto selectthe bestobject to use,for example
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while performinga speci�c behaviour, with only minor changes.Moreover, somespeci�c

objectswill bemanagedto givemoreconceptualdatato theentities.Theseobjectscouldbe

mapsor signsofferinga visualinteractionto theentities,which couldupdatetheir environ-

mentknowledgeor betakeninto accountin anadditionalpreferencecost.Second,we plan

on continuingourexperiments,by comparingthemwith realcases,to �ne tuneourmodel.
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[20] SébastienParis,St́ephaneDonikian,andNicolasBonvalet.Towardsmorerealisticandefficient

virtual environmentdescriptionandusage.In First InternationalWorkshopon CrowdSimula-

tion (V-Crowds'05). VRlab,EPFL,November2005.

21



Figure1: Informedhierarchicalgraph.

22



Figure2: Threelevelsof abstractionof a train stationenvironment.Theleft columncor-
respondsto ouroriginalmodel,while our improvedgroupingsareon theright.
Thesamecolourkeysasfor �gure 1 areused(virtual areasaredarker).
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Figure3: Principle(a-d)andexample(e)of theorientednodes.
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Figure4: Hierarchicalpathplanningprinciple (a), anddataevaluations(b-e)used
for somecriteriacomputation(for each pair of �gur es,thecellsevalua-
tion is representedontheleft, while thegroupsandzonesevaluationsare
on theright).
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