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Abstract

This papertreatstwo linked subjectaunderlyingbehaioural simulation. First, the

way to describeavirtual ervironmentthroughaninformedhierarchicabbstracgraph.
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Thisgraphstoressomepre-computationsuchaspotentialvisibility setsprientedgrids,
or densitieof peoplewhichcanbeusedndividually by simulatedentities.Secondthe
way to usethis abstracgraphto performarealisticandef cient pathplanning,which
takescareof individual preferenceaswell asindividualknowvledgeof theervironment.
Moreover, the pathplanningmethodwe proposeis reactve to someevents,re ecting
the perceved modi cations of the ervironment, which allows the entity to adaptits

behaiour in consequence.

Keywords: EnvironmentDescription Path Planning Simulationinvolving Virtual Humans

Intr oduction

Simulatingcrowds of peopleis a comple topic, implying to managemary entitiesat the
sametime, possiblythousandswhile makingthemsufciently realisticto be analysedFor

theseentitiesto berealistic,they musthandlesomebehaioural proceduresvhichwill guide
themduringthesimulation.Oneof thesenecessarpehaioursis unquestionablyhecapac-
ity to move, andso the capacityto plana path. Our studyis undertalenwithin the frame-
work of microscopiccrowd simulationinside constrainedernvironments,and particularly
exchangeareadik e train stations.We wantto provide maximalentity autonomyandreal-
ism to achieve two main goals. First, an entity mustbe ableto adaptits behaiour to take

into accounternvironmentswith low populationaswell asovercravdedones makingit pos-

sibleto producethe macroscopiemepgentbehaiour calledcrowd Secondanentity must



achieze asufciently realisticbehaiour in orderto make theinterpretatiorof datafrom the
simulationpossible Moreover, aspreviously stated crovd simulationimpliesto simultane-
ouslymanagemary entities,makingcomputatiorcosta majorconstrainin ourmodel. The
point we arefocusingon in this studyis the way anagentcanplanarealisticpathinsidea
moreor lessknown environment. We start,in the relatedwork section,by presentinghe
spatialsubdvision, ernvironmentalabstractionandpathplanningtechniguesincluding our
previouswork which is usedasa basisfor this paper We alsotalk aboutcrownd studiesin

thatsection.Then,we presentheimprovementgioneto our previouservironmentabstrac-
tion, makingit moreadaptedo realisticpathplanning.We continuewith our pathplanning
method,which is hierarchical handlesmary criteria (including subjectve ones),and can
reactto someadaptatiorevents.After that,we presensomeapplicationsof our modelwith

ourindustrialpartney AREPR, andtechnicalbenchmarksFinally, we concludeby giving the

mainadwantage®f thiswork, andaddresguture work.

Relatedwork

Spatial subdivision convertscomplex geometricdata,madeup of a greatnumberof poly-
gons,in amoreor lessinformeddatabaseThethreeprincipalapproachesyhich have been
reusedin behaioural animation,comefrom the eld of robotics[1]. Potential elds [2]

associateepulsve powerswith the ervironments obstaclesandan attractve onewith the

agents destination. Roadmapg3] discretisethe navigation spacein a network of paths



madeup of linesandcurves.Cell decompositiomomputesa conneity graphin two differ-
entways: an approximatedecompositiorj4], usinggrids or quadtreesgcoversa subspace
includedin the ervironments free space;an exactdecompositiorf5], generallyusingcon-
vex cells, coversthe whole of the environments free space.Our previous model's starting
datais obtainedwith suchanexactdecompositionprovidedin partby F. Lamarcheetal. [6]
algorithm. This algorithmis appliedto a 2D graphicalrepresentatioof the ervironment,
andextractsa setof cornvex cellsby computinga constrainedelaunaytriangulationwhile
keepingthe bottleneck=f the environment. Topological abstraction is a complementary
processusedto betterorganisethe informationobtainedat the time of spatialsubdvision,
which generallyconsistsin producinga hierarchicalgraphrepresentatiomf the environ-
ment. The uni cation processis addressegbrincipally in two ways: a pure topolagical
uni cation [6] associateshe subdvision cells accordingto their numberof conneions;
a more conceptualuni cation introducesa semanticalde nition of the ervironment,like
with the IHT-graphstructure[7], producinganinformedenvironment[8]. Path planning
is the agentbehaiour which producesa pathin orderto reacha destination.This process
is generallyperformedby a graphcrossingalgorithm, which can exploit the hierarchical
aspeciivenby a topologicalabstractior]9]. Evenif travelled distancempactspathplan-
ning, someexperimentalresearchhave shavn thata certainnumberof otherfactorsmust
betakeninto accoun10]. Theleast-anglestrategy [11] minimisesthe anglebetweenthe
agents direction and the destination,allows to take into accountthe agents knowledge
aboutthe ervironment,andintroduceghe notionof preferencen thedecisionprocessThe
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simplespathstratgy [12] introducesa cognitive costminimisationfor pathevaluation.The
congestiorof an areaof the ervironment[13] is animportantfactotr especiallyfor crovd
simulation.A stressfactor[14] canalsobetakeninto accountpasedn the numberof sur
roundingpeople,or the differencebetweerthe currentandthe shortespath. Our previous
modeldid not directly addresgpathplanning,but wasde ning theway to manageanindi-
vidual knowledgeof the ervironment,andthe processeto update(obsenation) andaccess
(remember}his knowledge.Evenif J.J.Fruin[15] hasbeena pioneerin the seventiesthe
developmentof crowd simulation is still recentandlimited. Macroscopicsimulation[16]
hasbeenhistoricallythe rst approachglobally managingall the entitiesof the simulation.
Basedon alarge numberof obsenations,statisticalmodels[17] have beenproposedo ex-
pressthe evacuationdelayof a building throughequations Particle systemg18] arebased
on physicallaws thatdescribeattractve andrepulsie forcesthatcanbeassociatetb obsta-
clesandmoving entities.Somestudieshave alsofocusedon crowd simulationandits levels

of autonomy[19] in orderto provide realisticcrond behaiour insidevirtual ervironments.

Topologicalabstraction

Intr oduction

The rst necessargtepto performpathplanningis to describethe simulatedenvironment.

Our previous model [20] was basedon a pure topologicaluni cation. A hierarchical



graph,composedyy threeinterconnectedayers(asshovn in gure 1), is computed:the
rst layer correspondgo the output of the spatial subdvision processwhile layerstwo
andthreeare successie groupings. The type of the nodesof the graphis setaccording
to their numberof connectionsc : deadend (c = 1), corridor (c = 2), and crossroad
(c  3). Moreover, two ags canbe setfor somespeci ¢ nodes:the nodesconnectedo
the subdvision boundinglimits arevirtual; the nodesconnectedo at leastonevirtual and
onenonvirtual nodeareentry/eit. Throughthe restof this paper we will call the nodes
of the rst layercells of the secondayergroups andof thethird layerzones In orderto
improve the expressvity of the informed hierarchicalgraph,we proposedo pre-compute
somestaticdata. The surfacearea of eachnodeis stored,enablingto computethe nodes
density A potentialvisibility set(PVS)is computedfor eachinter-group connection.We
alsoassociate grid representationto eachgroup, which is usedto computethe density
valuescorrespondingo the inner pathsof the group. Finally, a setof datais associatedo
eachorientedpair of externalconnectionf a groupor a zone,which givesc (¢ 1)
setspernode.Eachsetof datacontaingheinformationcorrespondingo the crossingof the
nodethroughthecorrespondingonnectionsThisinformationis composeaf : theshortest
pathlength the minimalpathwidth; the pathdirection a ows of peoplecountey refreshed
by the entitiescurrentlymoving throughtheseconnectionsanda densityof peoplemariler,
whichis lled by a dynamicglobal procesausinggrids. We will presentin the following
how the topologicalabstractiorof our previousmodelcanbeimprovedin orderto make it

moresuitedto realisticpathplanning.



Impr oved groupings

In orderto improve the overall aspecbf the abstractionywe have introduceda geometrical
heuristicin the algorithm. This heuristicis concurrenwith the topologicalheuristic,with
theneedto validatethetopologicalpropertyfor bothlayerstwo andthreeof theabstraction
graph. The geometricalheuristichasa greaterpriority thanthe topologicalheuristicfor
the rst abstractiorgrouping,anda lower onefor the secondabstraction.The goal of the
geometricalheuristicis to obtaingroupswith the bestcorvex aspect. To do so, oriented
boundingboxesarecomputedor every nodeof theworking layer Thenthe coverageratio
of the boundingbox is evaluatedasthe surfaceof the box divided by the actualsurfaceof
the node. Thegeometricaheuristic nally performsgroupingsof a setof connectechodes
if andonly if the groupratio is better i.e. closerto one,thanevery basenoderatio. The
directapplicationof this geometricagroupingmethodis to keepsubdvision bottlenecksn
groups(asshovn in gure 2.c), aswell asto highlight large areasthusallowing ef cient
pre-computationsnd graphtraversal. The topological heuristichasalso beenmodi ed
concerninghe computationof the lastabstractiodayer Indeed,in the previous heuristic,
deadendgroupswereabsorbedy their adjacentrossroadjroupto form aresultingzone,
whichwasaterminatingconditionfor groupings.In themodi ed algorithm,if theresulting
zoneis alsoa deadend connectedo a crossroadzone,they are meiged, and so on until
the adjacentcrossroadzoneis connectedo at leasttwo non deadend zones. This last

improvementhighlights zoneswhich are muchmore conceptualasshovn in gure 2.e),



andprepareshe environmentfor a fastdiscriminantpathplanningheuristic.

Impr oved information

To improve theinformationstoredin the ervironmentabstractionye have introducednew
typesof nodesin additionto previous deadend corridor, crossoad, and virtual nodes.
Thesenodesare called conceptual becausehey do not correspondo ary physicalarea,
i.e. they have a null surface. All of thesenodesareungroupablea conceptuatell, group
or zoneis representedby the samenode,presentin the threelayersof the graph. More-
over, theseconceptuahodesarenamedto be easilytargetedby a pathplanningprocedure,
andthuscanbe usedin a rationalbehaiour process. Stoppagenodeshave no outgoing
connectionandan unlimited numberof incomingconnections.They areusedto stopary
graphcrossingalgorithm,while preservingthe standarchodesconnectiorabilities for fu-
ture graphmodi cations. So, if a connectionmustbe temporarilybrokenin the graph,it
is redirectedo a stoppagenode,thusrespectinghe integrity of the abstracigraph,i.e. re-
lieving the constraintto recomputethe abstraction. Oriented nodesgive a directionfor
graphexplorationalgorithms. They arespeci ¢ corridor nodes,whoseorientationcanbe
changeddynamicallythanksto their automaticmanagementf stoppageconnectiongas
shovnin gures 3.a-d).Accessnodesareare nementof orientednodes.They areusedas
connectiondetweena virtual cell anda nonvirtual one,thusrepresentingpossibleentries

andexits of theenvironment.Link nodesarealsoare nementof orientednodes.They are



usedasgatesetweenwo hierarchicafgraphsallowing to managenorethanoneabstracted
graph.For example to represenatrain stationcomposeaf two oors, ahierarchicagraph
is createdfor each oor. Then,alink nodeis introducedeverywherea connectiorbetween
the oors is necessaryik e for stairs(anillustrationis shavn on gure 3.e).But, asopposed
to accessodes,a link nodedoesnot directly connecttwo standardnodes. Instead,it is
connectedo a standardchodeof its correspondingraph,andto anotherspeci ¢ conceptual
nodecalledconnectedinks. Connectedlinks nodesaretheonly nodeswvhich arenot asso-
ciatedto aspeci c hierarchicafgraph.They areusedto associata setof link nodeshetween
eachother To take againthe exampleof the two story train station,a connectedink will
represena stairwellor anelevator, andthusbe connectedo all thelink nodesassociatedb
this stairwellor elevator. By introducingthesenew typesof nodeswe have madethehierar
chicalgraphoriented re-orientableandableto beassociatetb any numberof othergraphs.
Moreover, theintroductionof connectedinks nodesbetweergraphsenablesisto describe
ernvironmentscontainingasmary abstractedjraphsasneeded.The directapplicationis to
simulatebuildings containingmorethanone oor, but anotherapplicationcanbeto divide
ahugeervironmentinto interconnectedonceptuahierarchicagraphs, for example,acity
canberepresentetdy a graph,andsomebuildingsof the city by othergraphsconnectedo
the rst one.Themostinterestingpropertyof thisapproachs that nally , all interconnected
hierarchicalgraphscanbe usedasoneglobalhierarchicagraph,andthus,be usedby graph

explorationalgorithms(including pathplanning)without arny speci c management.



Path planning

The pathplanningmethodwe proposehastwo major constraints First, it mustattainmin-
imal calculationcosts,in orderto allow the simulationof a greatnumberof agents,to
achieve crowd simulation. Second,t shouldmaintaina high level of realism,in orderto
allow dataextractionfor further analysisby specialists.So, we proposeto baseour path
planningmethodon our informed ernvironmentdescription,using a hierarchicalapproach
with a multi-criteriaheuristic.Moreover, we proposeto take careof the changeshatmight
occurinside the ervironmentsincethe last plannedpath by triggering events,which are

handledby thereactve partof our algorithm.

Hierar chical path planning

Sincewe provide atopologicaldescriptionof the ervironmentasthreehierarchicalgraphs,
we proposeto take advantageof it by usinghierarchicalpathplanning. Thealgorithmis

dividedinto threemainsteps( gur e 4.a), onefor eachlevel of thegraph:

1. Planin the highestabstraction graph, from currentto destinatioreones.If no path

is found,thenthe endingconditioncannotbe satis ed. Otherwise proceedo step?2.

2. Planin the rst abstraction sub graph includedin the currentzone,andthe next
oneif ary. If the zonepathonly containsonenode,planfrom currentto destination
groupsbothlocatedin thecurrentzone.Otherwise planfrom the currentgroupto the
rst encounteregroupin thenext zone.Proceedo step3.
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3. Planin theinformed subdivision sub graph includedin the currentgroup,andthe
next oneif ary. If thegrouppathonly containsonenode planfrom currentto destina-
tion cellsbothlocatedin the currentgroup(the entire pathis computegl. Otherwise,
planfrom the currentcell to the rst encounteredell in the next group(this subpart

of the pathis computedand canbe usedfor navigatior).

The bestpropertyof sucha hierarchicalmethodis the smoothingof calculationcostsover
time. Indeed thewholepathis only computedor themostabstractedraph,which contains
a smallamountof nodescomparedo the informedsubdvision. Then,both subpathsare
computedonly when needed as the entity moves. Consequentlylost computationtime
whena pathis invalidatedandmustbe recomputeds reduceccomparedo a completepath
evaluationonagraphwhichis neitherabstractedor hierarchical As for ary graphcrossing
algorithm,this hierarchicalpathplanningminimisesthe costto nd thebestpath. The cost
evaluationmethod which is basedon multiple criteria, will be detailedin the next section.
In addition, the algorithmonly takesinto accountthe connectionsf 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 reaching specialisatiorhasa uniqueknown nodeof the graphasa
goal. In this case the subjacentlgorithmfor graphexplorationis thewell known A . The
choosingspecialisatiorhasa setof known nodesof thegraphasagoal. This procedurean

beusedby ahigherbehaiour to choosehebestlocationto goto, for outgoingaccessefor
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example. In this case the subjacentlgorithmfor graphexplorationis a ood Il . Indeed,
anA is dif cult to usebecause predictve costestimationof the endingconditionsfrom
agivenplacecannotbe easilydone. Evenif the ood Il methodhasa greatercompleity
thanthe A algorithm,it remainsacceptableincethe mostabstractedjraphonly contains
asmallnumberof nodes.The exploration specialisatiordescribes moreconceptuapath
planning. Here, the goal is not to reacha speci ¢ location, but to improve the agents
topologicalknowledge.So,theendingconditionof thatproceduras whena partially known
nodehasbeenreached.For the samereasonsasfor the choosingprocedurethe subjacent

algorithmfor graphexplorationis a ood |l .

Multiple criteria path planning

We proposeto take into accountmary criteriafor our costevaluation,in orderto make the
decisionprocessasrealisticaspossible andmorespeci ¢ to eachsimulatedentity. Thecost
we evaluateis dividedinto two parts. First, atime to travel costrepresentshe amountof
time neededby the entity to travel throughthe path. Seconda preferencecostincreases
or decreasethe rst costby lItering it usingindividual af nities. Onecannoticethatif an
in nite costis producedthenthe correspondingpartof the pathis consideredincrossable
by theentity.

Thetime to travel costis the rst to be evaluated,andcorrespondso the time needed

by anentity to travel througha node.So, theinitial costis computedascost= aegig?_—cl%d
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where desiedspeedis the travel speedchosenby the entity. The distanceis retrieved as
shovn on gure 4.b. Thedensityover the pathcanthenbetakeninto accountfor the zones
which have beenseenby the entity a little while ago. It allows to evaluatethe maximum

speedSmay availablefor anentity, accordingo J.J.Fruin[15] studyonlevelsof services:
8

§ desiedspeed if density< 0.3

Smax= , (3:79 density 0:37 if 0.3 density 3

L

Then,if this maximalspeeds smallerthanthe entity's desiredspeedput not null, the cost

if density> 3

desiedspeed

is modi ed: cost= cost Smax

. For the casewherethe maximumspeeds null,
the costis in nite. Onecannoticethatthe costcould be underevaluatedfor the zonesof
the ervironmentthat have not beenseenby the entity for along time. The solutionto this
problemwill beaddresseth the sectiondescribingthereactve partof thealgorithm.
Thepreferencecostis obtainedby Itering thetimeto travel costaccordingo individual
afnities. Theseaf nities arerepresentetdy preferencdevelsPr : the highera preference
level is, the more a Itered costis impacted;a null preferencesimply cancelsthe lter.
In fact, this preferencdevel correspondgo the time that an entity is readyto spendin
orderto avoid a zonewhich really doesnot satisfythe correspondingriterion (a negative
preferencesigni es that the Iter is attractve). One can notice that the preferencdevel
canbe dynamicallychangedo re ect the entity's currentstateof mind (in a hurry, lazy,
etc.), or its currentgoal (reaching,choosing,exploration). The lter functionis applied

thus: cost = cost+ PV whereVr is the computedvalueof that Iter, with Vg 2
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f[0;1];in nity g in orderto make the lters comparabléetweereachother
The rst lters arebasedn staticdata,andthuscanbe computedwithoutary prelimi-

narytest. The passagewidth Iter re ectstheneedto travel throughlargeareas

8

% in nity if passage width < entity's width
Vwid = 5 0 if passgewidth> entitywidth 11

§ 11 Ppassae width

entitywidth 10 otherwise

wherethepassae widthis aprecomputedalueobtainedasshovnin gure 4.c. Thecurrent
direction Iter re ectsthe needfor the entity to minimiseits directionchangeshroughthe
path: Vegir = % (1 dirlcrt dirpr!e\,) whereboth currentand previous directionsare
normalisedsectorsobtainedasshavnin gure 4.d. Thedestinationdir ection lter re ects
theneedfor theentityto nd themostdirectpathtoits goal: Vygir = 3 (1 dirért dirdésg
whereboth currentanddestinationdirectionsare normalisedvectorsobtainedasshowvn in

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

knownnodeconnections
supposechodeconnection

topologicalknowledge: Vdp = Swhereknownnodeconnectionsis
extractedfrom the entity'sindividual knowledge,andsupposedaodeconnectionss taken,for
now, astherealnumberof connection®f thenodein theabstracgraph.

Theother Iters arebasedndynamicdata,andthuscanonly beevaluatedor thezones
seenby the entity a little while ago. Moreover, asthe dynamicdataare only computed
for groupsandzonestheselters arenot evaluatedfor cells. The o ws of people lter is
composedf two sub- Iters: onefor the o ws of peoplegoingin the samedirectionthan

the entity (Fg¢) andonefor all otherdirections(F4¢). Both of thesesub- Iters have their
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samedirection ows

_ otherdirections ows
populationof the node and V¢

own preferenceandvalue: Vgt = = populationofthenode °

OnecannoticethatVgs 6 1 Vs becauset is possiblethatsomepeopleof anodearenot
moving. The preferencef the samedirection ow sub- Iter 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 overcravdedareas Vyep = degs'ty.

Reactwve path planning

As seenbefore,the costevaluationsthat dependon dynamicdatacanonly be doneif the
entity hasseenthe correspondingiodea little while ago. So, a pathcould be computedat
atime, thenbecomanvalid sincethe entity canobsere new areas.Thatis why our model
needsanadaptatiormethodwhich cancorrectthe currentpathwhennew dataareavailable.
A possibility is to checkthe validity of the pathat a regular frequeng, andto recompute
the invalid part of the path. Sucha processs unnecessarilygostly asit would certainly
nd avalid pathmostof thetime. Moreover, the validity evaluationis dif cult to calculate,
having to be sensitve enoughto allow decisionchangesbut permissve enoughnotto lead
to behaiour oscillations.

So,we proposdan our modelto handlespeci ¢ eventswhich requestherecomputation
of a part of the path, dependingon the modi ed data. The reactve aspectis well shovn
by the recomputatiordecisionheuristic: 1) If the eventmay decreas¢he weightof a node

not belongingto the path,recomputehe whole path. 2) Else,if the eventmayincreasehe
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weightof a zoneof the path,recomputehe whole path. 3) Else,if theeventmayincrease
theweightof agroupof the currentzone recomputeéhe groupthenthecell partof the path.
The pathrecomputatiorwe aretalking aboutis a little speci c, becauset takescareof
the previously computedpath. Indeed,the new pathis computedwith a part of the nodes
of the previous pathasadditionalendingconditions.The partof the previous pathwhichis
taken startsfrom the furtherinvalidatednodeand nishes with the destinatiomode. Then,
whenthe algorithmvalidatesan endingcondition, andif that condition correspondso a
nodeof the previous path,the correspondingeminderof the previous pathis appendedo
thefoundpath.In addition,the eventsarenottakeninto accounimmediatelybut arestored
and processectollectively at a low frequeng (oncea secondis largely sufcient). The
eventswe manageare classi ed in two categjories. The obsewation eventsare triggered
by the navigation procesof the entity. Sucheventsoccurwhennew nodesarediscovered
by the entity, andrecordedin its topologicalknowledge,allowing it to nd a betterpath.
Theseeventsalsooccurwhenan alreadyknown nodeis seenagainafter a while, allowing
to take into accounthe dynamicdatathatmayhave changedTherational eventsaremore
conceptualandcanoccurwhenthe destinationis modi ed (herethe eventsare automati-
cally triggered),or whenthe currentpathis too old (herethe eventsaretriggeredby a low
frequeny individualcontrolprocess)Thislastcaseoccurswhenadynamicvalueonwhich
the pathdependdecomeout-of-datej.e. whenthetime passedaincethelastevaluationof

adynamiccriterionis largerthanthetime of validity of theinformation.
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Results

Our modelhasbeenintegratedin a larger application,to be usedby architectsspecialised
in o ws of peoplestudyinside exchangeareas. The simulationervironmentis described
in asimpleway, throughAutoCAD Then,anautomategrocessxtractsthe environments
information,including walls andary speci c orientationdata,directly from the AutoCAD
le. Thesesimulationdatacanthenbesasedin XML for futureuse.Thelastpartof theap-
plication automaticallyperformsthe subdvision of the erwvironment,and nally computes
the informedabstraction.This applicationhasbeenusedby our partnersthe architectsof
AREP to studythe o ws of peopleinsidethe St Lazaretrain stationin France.To con g-
urethe simulated o ws of people,someinvestigationshave beendoneinsidethe realtrain
station: peopledistribution at the entriesandexits andtime spentin the ervironment. This
experimentis the rst in a series,which will allow usto ne tuneour model's parameters
(essentiallythe pathplanningcosts),andto validateour results.
Thecomputatiorperformancesf ourmodelareobtainedusingonecoreof aXeon3.8GHz
processar For the two story train station,whosede nition mapis presentedn gure 3.
the whole abstractiorprocessincludingall pre-computediata(suchasPVS, shortespath
lengths, orientedgrids, etc.), is obtainedin 5 seconds. The abstractionrmemory costis
20 MB, while anentity's knowledgetakes 1.5 KB. The ervironmentrefreshing,to update
thedensitief peoplemarlers,is performedwith anaveragetime of 11 ms,independently

of the numberof simulatedentities. Finally, an entity averageplanningcost,includingthe
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initial planningaswell asthestage®f hierarchicaplanningsandthereactiondo theevents,
is 0.2 ms (alsoindependentlyof the numberof simulatedentities). Suchperformanceslo
not make it possibleto performa simulationwith thousand®f peoplein interactve time,
but allows all the sameto obtainit in anexploitabletime. We have alreadyperformedarge
simulations,with two thousandoeople,obtaininga 3 Hz simulationwith all entitiesani-
matedin 3D, anda 7 Hz simulationwith non animatedmpostorsfor the entities. Sincea
simulatedentity’'s mainfrequeng is 20 Hz, the simulationof 2,000peopleis performedat

athird of realtime.

Conclusionand futur e work

The approachpresentedn this model hastwo major advantages.First, it allows the de-
scriptionof virtual ervironmentsin anautomatedvay, andrendersgnformationconcerning
this ervironmentavailableat low costs: PVS, ne densitiesof people,shortestpaths,etc.
Second,our modeldescribesa completepath planningmethod: ef cient in computation
time thanksto the hierarchicalaspect;realisticthanksto the numberof managectriteria;
individualto eachentity thanksto the preferenceostsandthe environmentknowledge;and
automaticallyadaptve thanksto the managedvents.
Our future work will treattwo topics. First, the informedervironmentabstractiorwill

be updatedo integratespeci ¢ informationaboutthe interactve objectsof the simulation.

Thus, the path planningmethodwill be ableto selectthe bestobjectto use,for example
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while performinga speci ¢ behaiour, with only minor changesMoreover, somespeci ¢
objectswill bemanagedo give moreconceptuatiatato the entities. Theseobjectscouldbe
mapsor signsoffering avisualinteractionto the entities,which could updatetheir erviron-
mentknowledgeor betakeninto accountin anadditionalpreferenceost. Secondwe plan

on continuingour experimentspy comparinghemwith realcasesto ne tuneour model.
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Figurel: Informedhierarchicalgraph.
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Figure2: Threelevelsof abstractiorof a train stationervironment. The left columncor
respondgo our original model,while ourimprovedgroupingsareon theright.
Thesamecolourkeysasfor gure 1 areused(virtual areasaredarler).
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Figure3: Principle(a-d)andexample(e) of the orientednodes.
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Figure4: Hierarchicalpathplanningprinciple (a), anddataevaluations(b-e) used
for somecriteriacomputation(for ead pair of gures,the cellsevalua-
tion is representeantheleft, while thegroupsandzonesvaluationsare

ontheright).
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