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Abstract

Thenavigationactivity is an everyday practicefor any humanbeingcapableof locomotion.Our objectivein this
work s to reproducethis crucial humanactivity insidevirtual environmentsPuttingtogetherthe high complexity
of a realisticenvironmentsud asa city, a big amountof virtual humansandthe real-timeconstrint requiresto
optimizeead aspectof the animationprocessin this paper we presenta suitabletopolagical structuringof the
geometricervironmentto allow fastpath nding aswell asan efcient reactivenavigationalgorithm for virtual

humansevolvinginsidea crowd.

1. Intr oduction

The autonomyof a virtual humanis de ned by its capacity
to perceve, actand decideof its actions.The behaiour is
usually describeathroughseveral simple skills that can be
mixed to generatea more complex andcrediblebehaiour.
One of the mostimportantskills is the ability to navigate
inside a virtual environmentasit is part of a large num-
berof behaiours. Reproducinghis fundamentabehaiour
requiresto addresdlifferenttopics suchasthe topological
modelof theervironment pathplanningandcollision avoid-
ancetechniqueslin orderto credibly animateseveral hun-
dredsof pedestriangn real-time,eachof thesetechniques
shouldbe optimizedwithout leaving out behaioural stud-
ies. In this article, we proposea generalmodel,inspiredby
studieson humanbehaiour to simulatethe navigation pro-
cessinsideindoorandoutdoorervironments.This modelis
compoundeaf four parts:

a spatialsubdvision algorithm detectingbottlenecksn-
sidetheervironment;

a hierarchicalpath planningalgorithm basedon the ab-
stractionand generalisatiorof topologicalpropertiesex-
tractedfrom the spatialsubdvision;
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anefcient structurecomputingneighbourhoodelations
betweerentities;

a generaland modularalgorithmwhich handlesreactie
navigation and includesvisual optimization of the tra-
jectory and collision avoidance.The humanbehaiour is
con gured through complementarymodulesdescribing
rulesinspiredby psychologicaktudies.

Relatedworks are presentedn the next section,includ-
ing the presentatiorof characteristicef the pedestriarbe-
haviour. Section3 presentshe spatialsubdvision algorithm
andthe hierarchicalpath-planningalgorithm.Section4 de-
scribegheneighbourhoodtructureandthereactive naviga-
tion architecturebasedon studieson pedestriarbehaiour.
Finally, section5 givessomeresultsandbenchmarks.

2. Relatedworks
2.1. Spatial subdivision and path planning

Path planning and ervironment representatiorhave been
widely studiedin the eld of robotics where navigation
is a necessarytask to achieve [Lat9]]. In the eld of be-
havioural animation,similar methodsare used.Threegen-
eral approachegan be distinguished: roadmapscell de-
compositionandpotential elds.

Theroadmap approactconsistdn computinga network
of standardizedpaths(lines, curves) passingthrough free
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spacesDifferentapproacheareusedto computeroadmaps.
The visibility graph[ACFO0J connectgogetherverticesof
theenvironmentif andonly if they seeeachother Thecom-
putationof the Voronoidiagraminsidefree spacesllows to
usegeneratecedgesto producethe roadmap.The cell de-
composition methodconsistsof decomposingree spaces
into cells. Oncethis decompositioris computeda connec-
tivity graph can be extracted,whosenodesare cells and
edgedraducecells adjaceng. Two generalmethodscanbe
distinguishedthe exactcell decompositiorconsistin com-
putingcellssuchastheirunionis exactlythefreespacegcon-
strained Delaunay triangulation, corvex polygons, trape-
zoidal), andthe approximatecell decompositiorconsistsn
usingprede nedcell shapeswhoseunionis strictly included
in the free space(uniform grids, quadtrees)BT98, Kufog].
An interestingdiscussionputlining the interestof generat-
ing abstractcells on the top of uniform grids, canbe found
in [TB9€]. This solutionprovidesa greatincreaseof perfor
mancefor path nding computationasthe numberof cells
is smaller In the potential eld method,the ervironment
is discretizedinto a ne regulargrid. A potentialis associ-
atedto eachcell which correspondso the sumof arepulsve
potentialgeneratedy the obstacle®f the ervironmentand
an attractve potentialgeneratedby the goal. Thus,gradient
methodscanbe appliedto nd a pathto the goal. But this
methodis subjectto local minima problemsand doesnot
necessaryeachthe goal. To recover from local minimas,
somerandomizednethodshave beenstudied KKL96].

2.2. Reactive navigation

A spatial subdvision of the environmentis not sufcient
to handlenavigation as several moving entitiescan popu-
late the sameervironment.In that case,a systemallowing
dynamiccollision avoidanceis necessaryo achie/e consis-
teng/ andrealism.Several approachesanbe distinguished
suchasparticlesystems,ocking andbehaioural systems.
Thosetechniquediffer essentiallyby the numberof simu-
latedentities,their level of controlandthe associatedolli-
siondetectionmethod.

Particle systemsare physically basedsimulationsde n-
ing attractive and repulsive forces associatedo obstacles
and simulated entities. Forces applied to the entity are
addedin orderto determinethe new direction of the entity
[RKBB94, HFV00, BMdOBO03. Flocksarerule basedsys-
temsde ning the behaiour of an entity in function of the
behaiour of the nearesentities[Rey00, BLAO2]. Loscoset
al. [LMMO03] usea ne regulargrid to handlereactve navi-
gationandto storeinformationaboutpedestriamimovements
enablingthe emegenceof o ws of pedestriansUlicny et
al. [UT02] use a layeredapproachto model the individ-
ual behaiour insidea crowd by combiningrulesand nite
statemachinesThosetypesof systemgaisethe problemof
nearestneighbourquerieswhich is one of the bottlenecks
on the numberof possiblesimulatedentities. Several ap-

proache$ave beenproposedo optimizethoserequestsis-
ing spatialdatastructuressuchasbin-lattice [Rey0Q], K-d

trees[O'HOO] or Kinetic DataStructurefGKM 01]. Meth-

ods basedon the exploitation of aninformed ervironment
have beendeveloped[TDOO, FBT99. This way, somespe-
ci ¢ behaioursrelatedto thetypeof the entity andthe nav-

igatedareaHK02] have beenmodelled.Somestudieshave

alsofocusedon crowd simulationandits levelsof autonomy
[MT97] in orderto provide a realistic crowvd behaiour in-

sidevirtual environment.Complementaryvorks have been
performedon the optimizationof the realtime visualization
of crowdsby usinghierarchicaimpostord O'H02] andreal-
time shadingof impostord TLC0Z]. In orderto increasehe
realismof animation,Ashidaet al. [ALA 01] madea sta-
tistical analysisof pedestrianavalking along a sectionof

sidevalk. They exhibit subconciousctions,thatthey inte-

gratedinto theanimationsystemwith a stochastigrocesso

controltheir activation.

2.3. Pedestrianbehaviour

Goffman [Gof7]] describestechniquesusedby pedestri-
ansto avoid bumpinginto eachother The sociallink be-
tweenstrangerss characterizedy silenceandindifference
[RQ99 andto performthat, differentbehaiours are used.
The rst techniquecalled externalizationconcernghe way
that peopleare constantlymaking othersaware of their in-
tentionsin order to minimize the interaction. Lee et al.
[LW92] shaw that pedestriangre usingsocial corventions
suchasdriving rulesto let other peopleeasily predicttheir
normaltrajectory The secondtechniquecalled scanningis
usedby pedestrianso selectvely gatherexternalizedinfor-
mationfrom otherpeople.The third techniques calledthe
minimizationof adjustmentvhich expresseshatpeoplead-
justtheirtrajectoryseveralmetersdeforethecon ict to make
it perceptibleearly by otherswith the objective to reduce
interactionandavoid coordination.Goffman introduceshe
notion of the oval securityregion whosefront distancecor-
respond$o ananticipationareadependingnthe pedestrian
speedwhile the width is the acceptedyapto passbesidea
persoror anobstacleor to follow awall. He de nesalsothe
law of minimal changewhich meansthat a pedestriarwill
try in its journey to reducethe amountandthe amplitudeof
turns.

Hillier etal. [HPH 93] shav thatthe majority of human-
pedestriarmovementoccursalonglines of sight, that they
namedas axial lines. A. Turneret al. [TP0J proposethe
EVA systembasedon a visibility graph,compareresults
of this agent-basedimulator with real data on the Tate
Britain Gallery and concludethat they were ableto repro-
ducethe aggr@ate movementwith a good correlation.M.
Relieu[RQ9§ introduceghenotionof urbandiscrimination
which meanghatthe pedestriarffocuseshis attentioninside
his currentregion to selectpertinentinformationrelevant of
theactvity heis engagedn.
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Figure 1: Computatiorstepsof spatial subdivision.

Figure 2: Exampleof a mapextractionfrom3D database

3. From ervironmentto path nding
3.1. Spatial subdivision

Our spatial subdvision modelis presentedn g. 1. It is
compoundeaf several computationstepsstartingfrom the
3D geometricdatabas@ndgeneratinga 2D spatialsubdvi-
sionusingconvex cellsandidentifying bottlenecks.

2D map extraction

The rst stepcornvertsthe3D geometriddatabasef theenvi-
ronmentinto a 2D mapcontainingall constraintdelimiting
obstaclesindertheassumptiorthattheenvironmentis at. It
consistdn cuttingthe databasevith two parallelplanescor
respondingo the oor anda cutting planewhosedistance
to the oor is generallyequalto the heightof a humanoid.
This extractsall geometrybelongingto the navigationarea.
This geometryis thenprojectedon the XY planein orderto
computea 2D map representinghe ervironment.In order
to organizethis informationandto simplify the constraints,
aconstrainedelaunaytriangulationis computed KBT03],
resultingin a rst spatialsubdvision usingtriangularcells.
A connectiity graphis extractedfrom thistriangulationand
atransitive closureis computedstartingfrom a userselected
cell in orderto extractthe navigation area.Constraintsare
then ltered in orderto extract thosedelimiting this area
while remaving theotheronesand Itered in orderto memge
colinearsggments(with a giventhreshold) The exampleof
g. 2 presentglifferentstepsof the 2D mapextractionon a
partof the 3D modelof a city: the projectionof the geom-
etryonthe XY planeandthe mapextractedafter constraint
Itering andsimpli cation.

Minimal distancebetweencorners and walls

¢ TheEurographic#ssociationandBlackwell Publishing2004.
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Figure 3: (a) 2d map of ervironment.(b) Original con-
strainedDelaunaytriangulation.(c) Computedhortestdis-
tancesbetweercorners and walls. (d) Constrained Delau-
naytriangulationwith shortestistances.

The constraintgpreviously extracteddelimit the navigation
area.But an informationis still missingfor the navigation
insidetheenvironment:bottlenecksThosebottleneckshar

acterizethe minimal distancebetweencornersand walls.

Withoutthisinformation,it is dif cult to ensurehatagiven
humanoidcannavigatefrom onepointto anotherTo detect
bottleneckswe proposean algorithmbasedon a modi ca-

tion of the constrainedelaunaytriangulationalgorithm.In

the following, we will considertwo typesof segmentsand
two typesof pointsinsidethetriangulation:

Gs : isthesetof constrainedsegments.

Fs: is thesetof free sggments.

G : is the setof pointsextractedfrom the ervironment
Dp : isthesetof pointsgeneratedor the purposeof min-
imal distancecomputatiorbetweerwalls andcorners.

First, a constrainedelaunaytriangulationof the sggments
in Gs is computedThen,for eachtriangle(A; B;C) of thetri-
angulationijf (BC2 G)" (AC2 Fs)™ (AB2 G[ Fg)" (A2
Gp) andif theorthogonalprojectionPa of A lies onsegment
BC thenthe sggmentBC is removed and replacedby seg-
mentsBP, andCPa which areaddedin Gs andP, is added
in Dp. Triangulationis locally recomputedn orderto take
thosemodi cations into account.This processis repeated
until no moretrianglesatis esthe conditionof therule. An
exampleof generatedhortestistancess shavnin g. 3(c).
Thefactthatpointsbelongingto D p cannot bereprojected
ensureshe convergenceof thealgorithm.This computation
generates triangulationcontainingshortestdistancesbe-
tweencornersandwalls (Cf. g. 3(d)). Thisidenti cation of
bottlenecksensureghatif the width of an entity is smaller
thanthelengthof afree sggment theentity canpasshrough
the sggmentwithout colliding with walls.

Convex cell optimisation

The constrainedDelaunaytriangulationcomputedduring
the previous stepconstitutesa rst spatial subdvision us-
ing triangularcells.In orderto simplify this subdvision and
to minimize the numberof cells, an algorithm meigestri-
anglesin orderto generateconvex cells while locally con-
servingbottleneckinformation.This algorithm rst sortsall
free sggments basedon their decreasindength. The sorted
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Figure5: Graphextractedfromspatial subdivisionof g. 4.

list is iteratedandthe two cells sharingthe currentsegment
aremegedif andonly if theresultingcell is corvex andthe
lengthof the sharedfree segmentis greaterthanthe length
of all free sgmentsdelimiting the resultingcell. Theresult-
ing subdvisionis compoundeaf corvex cellsandidenti es
bottlenecksAn exampleof corvex cell optimisationcanbe
foundin g. 4. This spatialsubdvision accuratelymapsthe
environmentgeometryandthe extractionof bottlenecksau-
tomaticallyidenti es the mostconstrainegbartsof this envi-
ronment.Thanksto this information, accessibilitybetween
adjacentellscanbe Itered beforeary pathplanningcom-
putationby usingthe humanoidwidth.

3.2. Topologyand abstraction

Oncethe convex cell subdvision is computeda graphcon-
taining topological relationsis extracted.A node of this
graphis a corvex cell and an edgerepresentsa free sgy-
mentsharedby to adjacentcells with a lengthgreaterthan
thewidth of thehumanoidThe gure 5 representthegraph
extractedfrom the spatial subdvision presentedn gure
4. Eachnodec of the graphcanbe topologically quali ed
accordingto the numberof connectededgesgiven by the
arity(c) function:

if arity(c) = Othencis aclosedcell.

if arity(c) = 1thencisadeadendcell.
if arity(c) = 2thencis apassagecell.

if arity(c) > 2thencis acrossoadscell.

This information enableshe topologicalabstractiorof the
ervironment.For example,a sequencef passagecells can
be interpretedat a certainlevel of abstractionas a unique
passageThus, when planning,the geometricinformation
relatedto the low level cells can be omitted and summa-
rizedin ahigherabstractevel. Themainideaof theabstrac-
tion algorithmis to generatean abstractiontree by meg-
ing interconnectectells while trying to presere topologi-
cal propertiesWhenmeming several cellsinto asingleone,

the compositionof cellsis storedin atreestructurein order
to generatehe abstractiortree.Beforeexplaining the algo-
rithm, somefunctionshave to be de ned. Let note p(c) =

arity(c) (arity(c) 1) the numberof pathstraversingthe
cell c. Let noteadd(cy; ¢2) = p(c1[ ¢2) p(c1) p(c2)

the numberof addedpathswhen memging cells ¢; and ¢,
andremuving all sharecboundariesThe abstractevelsare
computecasfollow:

1. All dead end and passagecells are extracted.Thenall
sequencesf interconnectedells areabstractedn order
to generatea balancedbinary tree. Thus, eachsequence
of cellsis reducedo a uniqueabstractell.

2. All deadend cellsaremeigedwith their adjacentross-
roadscells.If this pasgyeneratesen deadendcells,the
algorithmreturnsto stepl.

3. All passagecells are mergedwith oneof their adjacent
crossoadscells.

4. For all pairs(cy; ¢cp) of crossoadscells, the numberof
addedpathsadd(cy; cp) is computedLet m be the min-
imum numberof addedpaths.All pairsof cells suchas
add(cz; c) = marememgedto createanew abstractell.
If this stepgeneratesen deadend or passagecells,the
algorithm returnsto step 1. Otherwise,this stepis re-
peateduntil the obtentionof a uniqueclosedcell.

The proposedalgorithm removes deadendsand linear
paths.This suppressiorof deadendsis a very good prop-
erty asthey areoftenresponsibldor theworstcomputation
time. Moreover, the useof the add function during step4
tendsto reducethe numberof traversalsfor a givenabstract
cell compoundeaf two crossioadscells.

3.3. Hierar chical path planning

Thanksto the spatialsubdvision, it is possibleto automati-
cally generataroadmapenablingpath-planningBut inside
large and complex ervironments this roadmapcanalsobe
large andthenreducethe performance®f path nding al-
gorithms.But the parallel exploitation of the roadmapand
thetopologicalabstractiorenablesa drasticreductionof the
pathplanninggraphsize,resultingin real-timepath nding

computatiorinsidelargeandcomplex ervironments.

Roadmapgenerationand abstraction
As cellsarecorvex, therealwaysexistslinear pathstravers-
ing eachcell and connectingall free segmentsbelonging
to the boundariesFor eachcell, key points are generated
on free edgesand are connectedwith linear paths(Cf. g.
6). Let supposethatk key pointsare generatecn eachof
the n free sgmentsbelongingto the boundarief a given
cell c. The numberof generatedpathsinside this cell is
n(n 1)k?= p(c)k?. Eachcell is theninformedwith its as-
sociate¢paths Moreover, in accordancgvith thetopological
abstractionall pathstraversingabstractcells are precom-
putedand storedusing referencego the sub-precomputed
pathsin orderto limit theamountof needednemory

¢ TheEurographic#ssociationandBlackwell Publishing2004.
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Figure 6: A roadmapgenerated using 1 key point by free
se@mentin theenvironmenbof g. 4

Path Finding

During the previous step, a data structurecontainingthe

topologicalabstractiorandthe associatedoadmapabstrac-
tion hasbeengeneratedlt is usedto computethe minimal

topologicalgraphneededo extracttheminimalroadmapen-

ablingpathplanning.Let noteCe the cell containingthe en-

tity, Cq thecell containinghegoal,Ciop thetoplevel abstract
cell containingCe andCqy. Beforeexplaining the algorithm,

two functionsneedto beintroduced:

pickElemen(9S): it removesanelemenfrom thesetSand
returnsthis element.

split(C) : it returnsa setcontainingthe lower level cells
or abstractellscompoundinghe abstractell C.

In the following algorithm,S®SU! will containall cells nec-
essanyfor pathplanningcomputation:
gesut _ S%sput = xplore — Crop
while S*PI°® g - do
while S¥Plore g - (g
c= pickElememn(S>P'ore)
if (Ce2c”Ce6 C)_(Cy2cnCy6 c)then
o= S [ split(c)

else
gesut — gesut [ fcg
endif
endwhile
Sexplore — S(@(plore . plore — .
mp ’ mp ’
endwhile

The set SesUt containscells Ce, Cgy andseveral abstract
cells correspondingo abstractpathsconnectingthosetwo
cells.All precomputegbathsassociatedo the cellsof SeSUt
areextractedandusedo computethepath-planninggraphin
which nodesarekey pointsandedgesarepathdinking those
key points.In orderto computethepath,startandgoalpoints
areaddedin the graphandconnectedo all key pointsgen-
eratedontheboundarie®f theirrespectie cells. Thegener
atedpath,thatis partially abstractjs thenmaterializedising
storedinformation aboutthe compositionof precomputed
paths.Theresultingpathis thenfurnishedasa sequencef
freesggmentdnsteadf asequencef key points.In thenext
section,we will shav that this featureenablesvisual path
optimizationthatis a characteristiof humannavigation.

The graphis minimal in respectwith the topologicalab-
stractionandis drasticallysmallerthanthe original non ab-
stractedroadmaplt containsa maximumof two deadends

¢ TheEurographic#ssociationandBlackwell Publishing2004.
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Figure 7: Thereactivenavigationmodel.

(if Cg andCe belongsto a deadend); thusit removesthe

worstcasefor path-planninglgorithms Moreover, thenum-

berof availablepathsto thegoalis reducedhanksto theuse
of precomputegathsassociatedo abstractcells. The im-

pactonpath nding computatiortime andcompleity is log-

arithmic (seethe resultsectionfor benchmarks)This prop-
ertyenableseal-timepath nding for severalvirtual humans
within largeervironmentsgnablingthis key featurefor real-
time applications.

4. Navigation

Eachvirtual humanis now ableto planits own pathto reach
its goal. The next stepis to follow the pathwhile avoiding
collisionswith otherhumanoidsandwith the environment.
Thearchitectureof ourreactize navigationmodelis summa-
rizedin g. 7. The rst partis thecomputatiorof the neigh-
bourhoodgraph.The secondpartis the reactve navigation
modularalgorithm Itering the optimal speedcomputedto
follow thepathin orderto predictandavoid collisionswhile
generatingg humanlike behaiour.

Notations. By now, the humanoidH is representeavith
the following parametersP(H) is its position,W(H) is its
width andS(H) is its speed.

4.1. Neighbourhoodgraph

All collision predictionalgorithmsarebasedon neighbour
hoodcomputationWhendealingwith this sortof computa-
tion, two aspectsieeda particularattention:

1. theconstructiorcompleity of neighbourhoodelations,
2. thepossiblerelationbetweerthecomputatiorcompleity
andthe predictiondistance.

The neighbourhoodyraphis a compromisebetweenthose
two aspectsit createdongdistanceneighbourhoodelations
in sparserovdsandshortdistanceelationin densecrovds
withoutimpacton computationatost.lt is basedon a two
dimensionalDelaunaytriangulationof the humanoids po-
sitions ltered with visibility. This triangulationhasa con-
structioncostof O(nlnn) [BY98] for n humanoidghaten-
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Figure 8: Filtered Delaunaytriangulationbetweerentities.

ablesits computationfor a large numberof pedestrianslt
generatealinearnumberof neighbourhoodelations(edges
of the triangulation)with an upperboundof 3n 3 rela-
tions. Thisresultsin anaveragenumberof directneighbours
lowerthan6. Thoserelationsensurehepredictionof all col-
lisions, becauseone of the Delaunaytriangulationproper
tiesis to link eachpoint(humanoid}o its nearesheighbour
Moreover, thistriangulationgeneratethecrowd topological
structurewith a computationatostindependenbf the dis-
tancebetweerentities. Theneighbourhoodelationlengthis
correlatedo the local densityinsidethe crowd allowing far
collision predictionin sparsecrovds andnearpredictionin
densecrowds.

As the triangulationis not correlatedwith the environ-
mentgeometry neighbourhoodelationsare Itered using
ray castinginside the corvex cell structure.The number
of raysis lower than3n 3 andthe associateccomputa-
tional costis optimizedthanksto theunderlyingsubdvision.
This ltering procesgjenerateshe neighbourhoodyraphin
which eachedgerepresents neighbourhoodanda visibil-
ity relation. An exampleof sucha graphis givenin g. 8;
greenedgesareremoved during the ltering processOnce
computedthisgraphenablesdirectaccesso visible neigh-
boursof a givenhumanoidwhile automaticallyadaptingthe
predictiondistanceto the crowd density In the following,
the term of dir ect neighbourhood will refer to the set of
neighboursonnectedvith anedgeto thehumanoid.

4.2. Reactive navigation

Thereactve navigation processs describedhrougha pipe
Itering the speedvectorof theentity (Cf. g. 7). First, the
plannedpathis analyzedn orderto provide anidealspeedo
adopt.Thisspeeds ltered by thepersonakpacemodulein
chage of respecting givenminimal distanceo humanoids
andobstaclesThenthecollision avoidancemodulemodi es
this speedn orderto avoid collisions.This partof thealgo-
rithm is parameterizeh orderto copy outhumanlik e navi-
gationrules.Finally, a securitymoduleveri es this speedn
orderto take into accountheinertiaof the humanoid.

Visual trajectory optimization
As describedn thesection3.3, thepathis furnishedasa se-
guenceof sggmentgor portals)to passin orderto reachthe

Figure 9: Misualtrajectoryoptimization.

goal. In this path,two consecutie segmentsare belonging
to the samecorvex cell. A characteristiof pedestriarbe-
haviour is to usevisual optimizationof the path.In orderto
do so, we proposea simpleandfastvisual optimizational-
gorithmexploiting propertiesof theconvex cell subdvision.

Thevisualoptimizationalgorithmconsistof sequentially
intersectingvisibility conesde ned thanksto the pathsey-
ments.This computatiorstopsif the coneis emptyor if the
angleof the conein O is lower thana certainthreshold.If
oneof thosetwo constraintds violated, the lastvalid cone
is selectedby the algorithm. As cells are convex, this cone
de nes an obstaclefree region in which the humanoidcan
navigate.In gure 9, theconesOAB, OCD andOFE arese-
quentiallyintersectedo computethe speecthosercollinear
to the bisectingline. The secondconstraintin uences the
trajectorytaken by the pedestrianif the anglehasa high
value,the humanoidwill passthroughthe centerof the seg-
ments,if thisvalueis low, thehumanoidwill skimalongob-
staclesThis parameterde ned for eachhumanoid enables
thecon gurationof thepedestriarrajectory This algorithm
reproducegwell knowvn characteristiof the pedestriarbe-
haviour andrapidly computesanoptimizedandrealistictra-
jectory continually refreshedin function of the pedestrian
locationrelatively to the sgmentscompoundingts path.

Personalspace
The personalspaceis a social rule de ning a distanceto
respectbetweennavigating pedestriangdy) and between
pedestriangndobstaclegdy). At leastthreesituationscan
justify theviolation of this distancethe crowd densityis too
high, the humanoidnavigatesinsidea group,the humanoid
is overtakingone of its neighboursThis rule is weak and
do nothave to be alwaysrespectedit is modeledasarepul-
sion force modifying the orientation(but not the norm) of
thespeedvector Let Sy beasetcontainingthe positionsof
thedirectneighbouraandSy beasetcontainingthe projec-
tions of the pedestriarpositionon the constraintglelimiting
its currentcell. The outputspeedSy is computedfrom the
inputspeedS asfollow:
8

< RS = aes X p
. . : B + ; ) +

So = IS RO S RO Secer S
If the sumof repulsive forcesand§ is null, this equationis
notvalid. In this case, S is equalto §. This equationonly
modi es thedirectionof thespeedrectorbut notthenormin
orderto deformthe trajectoryto respecthe personakpace
constraint.

¢ TheEurographic#ssociationandBlackwell Publishing2004.
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Figure 10: Thefour collisiontypes.

Collision avoidance
Thecollisionavoidancealgorithmusesalineartrajectoryex-
trapolationfor collision predictionanda local optimization
algorithmfor the computatiorof a new speedavoiding col-
lisions. This algorithmis con gured with collision reaction
modulesdescribingpossibletypologiesof reaction.

Collision prediction
Let S betheproposedspeedor humanoidH andN bethe
testedneighbourP: = P(H) P(N) is thelocationof H rel-
ativelytoN. S = S(N) § isthespeedf H relativelyto N.
Solutionsof thefollowing equatiorarethepossiblecollision
timesbetweerhumanoidsH andN:

P?+ (P:S)t+ St = (W(N) + W(H) + 6)2

This equationexpresseghe evolution of the distancedur-
ing time betweenhumanoidsN andH. e is a minimal se-
curity distancewhich can,eventually vary over time. If this
equationhasno solution or a unique solution, thereis no
predictedcollision. If therearetwo solutionst; andty, with
t1 < tp, threecasesanarise:

t,  0: thisis a pastcollision, so thereis no possible
collisionin thefuture.

t1 < 0M to > 0: thisis a collision, repulsve forcesmust
be generatedh orderto correctthe situation.

t1  0:acollisionwill ariseattimet;.

This informationis alsousedto qualify the type of the col-
lision. Let tc bethe computedcollision time,Cy = P(H) +
S 'tc bethelocationof H attc andCy = P(N) + S(N):tc be
thelocationof N attc:

if (Cn  CH):S < Othecollisionis arear collision,

if (Cn Ch):§ > 0~ S:Y(N) < Othecollisionis afront
collision,

if (Cn  CuH):§ > 0” §:S(N)
collision,

if jjS(N)jj = Othecollisionis astatic collision.

Othecollisionif aback

Thosetypesof collisionaresummarizedn g. 10. They are
usedto con gure thelocal avoidancealgorithmwith a sub-
scription of collision avoidanceto differenttypesof colli-
sion.

Collision reactionmodules
Reactionsadoptedwhen avoiding collisions can be classi-
ed in two (non-eclusive) catgories: speedmodi cation
anddirectionmodi cation. In orderto describethe naviga-
tion behaiour, we introducethe notionof collision reaction

¢ TheEurographic#ssociationandBlackwell Publishing2004.

module.lts role is to computea new speedS; for humanoid
H with anactualproposedspeeds thatavoidsthecollision
with humanoidN. The positionof H relatively to N hasthe
following expressionf(t) = P(H) P(N)+ (S S(N))t

Avoiding thecollisionis equivalentto nding anew rela-
tive spee(ﬂ)z S S(N) suchasthedistancebetweerthe
straightline de ned by P(H)  P(N) + St andpoint (0;0)
is greatetthanW(H) + W(N) + e, wheree is a securitydis-
tance.The problemcan be reformulatedasthe researclof
S suchasP(H)  P(N) + S is a tangentto the circle C
centeredn (0;0) with aradiusequalto W(H) + W(N) + e.
Let T} and Ty be the two points lying on C and de ning
tangentgassingthroughP.. D; = Ty (P(H) P(N)) and
Dr=T (P(H) P(N))withDi:((S S(N)) R(5))>0
andDr:((S  S(N)) R(%)) < 0de nestheleft andright
relative avoidancedirectionsin which R(a) standsor aro-
tationof anglea. The collision avoidancespeedyy is a so-
lution of the following system,assuminghatD = D, for a
left avoidanceandD = Dy for aright avoidance:

ab = S §N)

a > 0

1)

By usingthis systemwe de ned four modules:left avoid-
ance,right avoidance,accelerateand decelerate Each of
thosemodulesnd anew speedandaddsnew constraints:

left andright avoidance:the constraintjj§jj = jjSojj is
addedn orderto maintainthe normof the speed.
deceleratiormodule:the constraintSy = bS with 0

b < 1in orderto maintainthe speedlirection.
acceleratioormodule:the constraintSo = b§ withb > 1
in orderto maintainthe speedirection.

Onceall collision reactionmodulesaredescribedthey can
be usedto de ne the navigation behaiour of an entity. For
specialpurposesanacceptatiormodulehasbeende nedin
orderto accepia givenspeedavenif it resultsin a collision.

As we usea local optimizationalgorithmto nd thebest
speedto adopt,eachsolution computedby a collision re-
action module hasto be evaluatedand rated.If § is the
proposedspeedresultingin a collision and &y is the output
speedvoidingthis collision, following formulasareusedto
ratethe proposition:

Q- — + .\ b
ca(SoiSib) = ((1_+__%) 05° 2 1
WS = (e
N(So;S;ba;bn) = €4(So;S;iba) ca(So;S:bn)

Thosethreefunctionscomputea factorin theintenal [0;1]
evaluating the quality of the speedSy relatively to the
speedS . The functioncy evaluateshedirectiondifference
whereashefunctioncn evaluateghespeedchormdifference.
Finally the function n evaluatesthe overall quality of the
computedspeedSy. This function acceptswo parameters
by andbn allowing to penalizehigh speednorm variations
and/orhigh speedirectionvariations.
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Driving rule model.

rear front back static
RA n(l;0;1;1) n(l;0;1;1)
LA n(l;0;11) n(l;0;1;1)
n(l;0;1;1) n(l;0;1;1)
A n(l;0;1;5) n(l;0;1;5)
AC X

Minimal adjustment model.

rear front back static
RA n(1;0;1;1) n(1;0;1;1) n(l;0;1;1)
LA n(1;0;1;1) n(1;0;1;1) n(l;0;1;1)
D n(1;0;1;1) n(l;0;1;1)
A n(l;0;1;5) n(l;0;1;5)
AC X

Figure 11: Differentcon gurationsof thenavigationmodel.

Local optimizationalgorithm

The local optimization algorithm is con gured with in-
stancef collision reactionmodules A list of collisionre-
actionmoduleswith a partially instantiatedevaluationfunc-
tionn (only by andbn arede ned)is associatetb eachcolli-
siontype (rear back,frontandstatic).The gure 11presents
differentcon gurationsof the navigationmodel:the driving
rule modelandthe minimal adjustmentmodel.In this gure,
RA standdor right avoidance LA for left avoidance D for
decelerateA for accelerat@andAC for acceptation.

Oncethemodelis con gured, this informationis usedby
thelocal optimizationalgorithm.Eachmoduleis specialised
for thecomputatiorof a speedavoiding a collision with one
entity. Thusthecomputedspeedcanresultin anew collision
with anotherneighbour Therole of the algorithmis to nd
acombinationof reactiongroducingan"optimal” speed.

1. Thealgorithmusesa sortedlist L containingdataof the
form (g;s;t) sorteddecreasinglyin function of q t.
(g;s;t) is a speedpropositionin which q standsof the
quality of the speeds proposedn reactionto a collision
occurringattimet. Thislist is initialisedwith (1;5;1 ).

2. If L isempty nosolutionhave beenfoundsotheresulting
speeds is null. Otherwise(q; v;t) is extractedfrom the
headof L.

3. A collision predictionis computedusing v as the hu-
manoidspeedThis computatiorsearchethe earliestoc-
curringcollision. Two casesanarise:

a. A collisionis predictedattimetc buttc  t or nocol-
lision is detectedThe actualspeedv is selectedbe-
causeit is the bestcompromisebetweenthe quality
of reactionsto collisions and predictedtime without

collision. The rst conditiontc t ensureshecorver
genceof thealgorithmby assuminghatthis predicted
collisionwill beavoidedlater.

b. A collisionis detectecandtc < t. Thetypeof thecol-
lision is determinedback,rear front, static)andeach
correspondingollision reactionmoduleis consulted.
If oneof thosemodulesis anacceptatiormodule,the
currentspeeds selectedOtherwisefor eachmodule,
its proposedspeed’ andthespeedyuality g° arecom-
putedand(q® % tc) is insertedn L. Thealgorithmre-
turnsin step2.

Theresultingspeed>, computedy thisalgorithmis acom-
promisebetweenthe quality of the reactionsand the pre-
dictedtime without collision.

Securitymodule

As the speedcomputedby the local optimizationalgorithm
cannotavoid all collisions,asecuritymoduleasbeenadded.
This modulereduceshe norm of the speedS in orderto
maintainagivenreactiontime (tread) with thenext collision.
The next collision is predictedwith direct neighboursand
with obstaclegthanksto ray castingin thecorvex cell subdi-
vision)usingthespeedS(H) (andnotS) in orderto take into
accountheinertiaof thepedestrianLettc bethemomentof
the predictedcollision. If tc < tread thenSo = S tr:ﬂ . This
speednodi cation ensuresvall collision avoidanceandre-
ducesthe speedin caseof possiblecollision with neigh-
bours.

The proposedarchitectureincludes a wide variety of
pedestriarcharacteristicandis con gurable.It enableshe
reproductiorof alarge numberof navigationbehaioursin-
spiredby psychologicastudiesvithoutleaving outreal-time
constraint@asshavn in theresultsection But whencontrol-
ling animatedcharactersisingacombinatiorof motioncap-
tureandinversekinematicfor legsmotion,thealgorithmcan
causejerky motionsdueto a noisy absoluteposition. This
positionneeddo be Itered in orderto solve this problem.

5. Results

The performancesf the pathplanningalgorithmhave been
testedon a databaseepresentinghe centerof a city. The
threedimensionamodelrepresentabout2600buildingson
asurfaceof 1:3  1:3km?. Theresultingspatialsubdiision
is compoundedf 8165 convex cells containing8005 con-
strainedsggmentsand 10439free segments.The gure 12
presents comparisorbetweenA pathplanningin thefull

graphandpathplanningwith A in theabstracgraph.This
gure exhibits a logarithmicgain on pathplanningtime. In

theworstcaseA runningonthefull graphcomputes path
in 45mswhereadA usingour algorithmcomputesa pathin

2.5ms.Our systemis thusableto plana pathin real-timein

large ervironments,enablingthis featurein interactve ap-
plications.

Thanksto the preciserepresentatiof the environment
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0045 - Full graphwith A*
ein seconds

Abstract graphwith A*
ein seconds

0006 0.00L 00015 0002 0.0025

Figure 12: Path planningbendimark.

Figure 13: Indoor and outdoornavigation.

throughthe corvex cell subdvision, humanoidscan navi-
gatein indoor and outdoorervironments(Cf. g. 13). The
proposedarchitectureof navigationis rich. It includeschar
acteristicsof pedestriarbehaiour suchasvisualtrajectory
optimisationandpersonaspaceule. Moreover, thecollision
avoidancealgorithmenableghe descriptionof a wide vari-
ety of pedestriarbehaiour throughthe translationof social
rules (driving rules, minimal adjustments...)But it is also
efcient. The gure 14 presentsomebenchmarkgrealised
on anathlonXP 1800+).This gure traduceshe evolution
of thecomputatiortime (neighbourhoodjraphconstruction
andreactve navigationalgorithm)in functionof thenumber
of pedestriansWhereaghe computationcomplexity of the
Delaunaytriangulationis O(nlnn), the evolution looks lin-
ear The algorithmis ableto simulateabout2000 pedestri-
ansat a frequeng of 10Hzwith about20-25%o0f computa-
tion time dedicatedo thecomputatiorof theneighbourhood
graph.Othertestshave beenmadewith pedestriangvolv-
ing insidethe 3D databasef acity. We areableto simulate
about400fully animatecpedestriansnaXEON 3GHzwith
aquadroFX graphicscard.

6. Conclusionand futur e work

The approachpresentedn this paperenableghe real-time
animation of several hundredsof pedestrianspopulating
large and complex indoor and outdoor environments.An
accuratehierarchicaltopologicalstructureis built from the
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Figure 14: Evolutionof the computatiortime in functionof
thenumberof pedestriangAthlon XP 1800+).

geometricdatabasef a virtual environment.Basedon this
structurean optimized path planning algorithm has been
built. Moreover, it also handlesvisibility computationbe-
tweendifferent entities. The neighbourhoodyraph Itered

with visibility, allows to boundthe compleity of collision
detectionto O(n) while offering arich topologicalinforma-
tion on crowds throughneighbourhoodelationshipsMore-
over, this structure thanksto the underlying Delaunaytri-

angulation,automaticallyadaptsto the density of the pop-
ulation, allowing nearcollision avoidancein densecrowds
andfar collision avoidancein sparsecrowvds with the same
computationalcost. Finally, the proposedreactve naviga-

tion architecturds con gurableandinspiredby psychologi-
cal studieson pedestriatbehaiour withoutleaving outreal-
time constraints.

Futurework will focuson two points.The rst onecon-
cernsthe extensionof the hierarchicaltopologicalstructure
of the environmentto allow the automaticgeneratiorof in-
formedandstructurecernvironmentsandthusmorecomplex
behaiours. The secondneis the useof the neighbourhood
graphfor automatiogroupdetectionasit containssufcient
informationto allow realtime classi cationof entities.This
classi cation shouldimprove the realismof the simulation
by performinggroupavoidanceinsteadof pedestriaravoid-
anceandwill allow to modelbothindividual andgroupbe-
haviour andto combinethem.
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