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Abstract

Thenavigationactivity is aneverydaypracticefor anyhumanbeingcapableof locomotion.Our objectivein this
work is to reproducethis crucial humanactivity insidevirtual environments.Puttingtogetherthehighcomplexity
of a realisticenvironmentsuch asa city, a big amountof virtual humansandthereal-timeconstraint requiresto
optimizeeach aspectof theanimationprocess.In this paper, wepresenta suitabletopological structuringof the
geometricenvironmentto allow fastpath �nding aswell asan ef�cient reactivenavigationalgorithmfor virtual
humansevolvinginsidea crowd.

1. Intr oduction

Theautonomyof a virtual humanis de�ned by its capacity
to perceive, act anddecideof its actions.The behaviour is
usuallydescribedthroughseveral simpleskills that canbe
mixed to generatea morecomplex andcrediblebehaviour.
One of the most importantskills is the ability to navigate
inside a virtual environmentas it is part of a large num-
berof behaviours.Reproducingthis fundamentalbehaviour
requiresto addressdifferent topicssuchas the topological
modelof theenvironment,pathplanningandcollisionavoid-
ancetechniques.In order to credibly animateseveral hun-
dredsof pedestriansin real-time,eachof thesetechniques
shouldbe optimizedwithout leaving out behavioural stud-
ies. In this article,we proposea generalmodel,inspiredby
studieson humanbehaviour to simulatethenavigationpro-
cessinsideindoorandoutdoorenvironments.This modelis
compoundedof four parts:

� a spatialsubdivision algorithmdetectingbottlenecksin-
sidetheenvironment;

� a hierarchicalpath planningalgorithm basedon the ab-
stractionandgeneralisationof topologicalpropertiesex-
tractedfrom thespatialsubdivision;
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� anef�cient structurecomputingneighbourhoodrelations
betweenentities;

� a generalandmodularalgorithmwhich handlesreactive
navigation and includesvisual optimization of the tra-
jectoryandcollision avoidance.Thehumanbehaviour is
con�gured through complementarymodulesdescribing
rulesinspiredby psychologicalstudies.

Relatedworks arepresentedin the next section,includ-
ing the presentationof characteristicsof the pedestrianbe-
haviour. Section3 presentsthespatialsubdivisionalgorithm
andthehierarchicalpath-planningalgorithm.Section4 de-
scribestheneighbourhoodstructureandthereactive naviga-
tion architecturebasedon studieson pedestrianbehaviour.
Finally, section5 givessomeresultsandbenchmarks.

2. Relatedworks

2.1. Spatial subdivision and path planning

Path planning and environment representationhave been
widely studied in the �eld of robotics where navigation
is a necessarytask to achieve [Lat91]. In the �eld of be-
havioural animation,similar methodsareused.Threegen-
eral approachescan be distinguished: roadmaps,cell de-
compositionandpotential�elds.

Theroadmapapproachconsistsin computinga network
of standardizedpaths(lines, curves) passingthrough free
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spaces.Differentapproachesareusedto computeroadmaps.
The visibility graph[ACF01] connectstogetherverticesof
theenvironmentif andonly if they seeeachother. Thecom-
putationof theVoronoidiagraminsidefreespacesallows to
usegeneratededgesto producethe roadmap.The cell de-
composition methodconsistsof decomposingfree spaces
into cells.Oncethis decompositionis computed,a connec-
tivity graph can be extracted,whosenodesare cells and
edgestraducecellsadjacency. Two generalmethodscanbe
distinguished:theexactcell decompositionconsistsin com-
putingcellssuchastheirunionis exactlythefreespace(con-
strainedDelaunay triangulation, convex polygons, trape-
zoidal),andtheapproximatecell decompositionconsistsin
usingprede�nedcell shapes,whoseunionisstrictly included
in the freespace(uniform grids,quadtrees)[BT98, Kuf98].
An interestingdiscussion,outlining the interestof generat-
ing abstractcellson the top of uniform grids,canbe found
in [TB96]. This solutionprovidesa greatincreaseof perfor-
mancefor path�nding computationasthe numberof cells
is smaller. In the potential �eld method,the environment
is discretizedinto a �ne regular grid. A potentialis associ-
atedto eachcell whichcorrespondsto thesumof arepulsive
potentialgeneratedby theobstaclesof theenvironmentand
anattractive potentialgeneratedby thegoal.Thus,gradient
methodscanbe appliedto �nd a pathto the goal.But this
methodis subjectto local minima problemsand doesnot
necessaryreachthe goal. To recover from local minimas,
somerandomizedmethodshave beenstudied[KKL96].

2.2. Reactive navigation

A spatial subdivision of the environment is not suf�cient
to handlenavigation as several moving entitiescan popu-
late the sameenvironment.In that case,a systemallowing
dynamiccollision avoidanceis necessaryto achieve consis-
tency andrealism.Several approachescanbedistinguished
suchasparticlesystems,�ocking andbehavioural systems.
Thosetechniquesdiffer essentiallyby thenumberof simu-
latedentities,their level of controlandtheassociatedcolli-
siondetectionmethod.

Particle systemsare physicallybasedsimulationsde�n-
ing attractive and repulsive forces associatedto obstacles
and simulated entities. Forces applied to the entity are
addedin orderto determinethe new directionof the entity
[RKBB94, HFV00, BMdOB03]. Flocksarerule basedsys-
temsde�ning the behaviour of an entity in function of the
behaviour of thenearestentities[Rey00, BLA02]. Loscoset
al. [LMM03] usea �ne regulargrid to handlereactive navi-
gationandto storeinformationaboutpedestrianmovements
enablingthe emergenceof �o ws of pedestrians.Ulicny et
al. [UT02] use a layeredapproachto model the individ-
ual behaviour insidea crowd by combiningrulesand�nite
statemachines.Thosetypesof systemsraisetheproblemof
nearestneighbourquerieswhich is one of the bottlenecks
on the numberof possiblesimulatedentities.Several ap-

proacheshave beenproposedto optimizethoserequestsus-
ing spatialdatastructuressuchasbin-lattice [Rey00], K-d
trees[O'H00] or Kinetic DataStructures[GKM� 01]. Meth-
odsbasedon the exploitation of an informedenvironment
have beendeveloped[TD00, FBT99]. This way, somespe-
ci�c behavioursrelatedto thetypeof theentityandthenav-
igatedarea[HK02] have beenmodelled.Somestudieshave
alsofocusedoncrowd simulationandits levelsof autonomy
[MT97] in orderto provide a realisticcrowd behaviour in-
sidevirtual environment.Complementaryworks have been
performedon theoptimizationof therealtime visualization
of crowdsby usinghierarchicalimpostors[O'H02] andreal-
time shadingof impostors[TLC02]. In orderto increasethe
realismof animation,Ashidaet al. [ALA � 01] madea sta-
tistical analysisof pedestrianswalking along a sectionof
sidewalk. They exhibit subconciousactions,that they inte-
gratedinto theanimationsystemwith astochasticprocessto
controltheir activation.

2.3. Pedestrianbehaviour

Goffman [Gof71] describestechniquesused by pedestri-
ansto avoid bumping into eachother. The social link be-
tweenstrangersis characterizedby silenceandindifference
[RQ98] andto performthat, differentbehaviours areused.
The �rst techniquecalledexternalizationconcernsthe way
that peopleareconstantlymakingothersawareof their in-
tentions in order to minimize the interaction.Lee et al.
[LW92] show that pedestriansareusingsocialconventions
suchasdriving rulesto let otherpeopleeasilypredicttheir
normaltrajectory. The secondtechniquecalledscanningis
usedby pedestriansto selectively gatherexternalizedinfor-
mationfrom otherpeople.The third techniqueis calledthe
minimizationof adjustmentwhichexpressesthatpeoplead-
justtheirtrajectoryseveralmetersbeforethecon�ict to make
it perceptibleearly by otherswith the objective to reduce
interactionandavoid coordination.Goffman introducesthe
notionof theoval securityregion whosefront distancecor-
respondsto ananticipationareadependingonthepedestrian
speed,while thewidth is the acceptedgapto passbesidea
personor anobstacleor to follow awall. Hede�nesalsothe
law of minimal changewhich meansthat a pedestrianwill
try in its journey to reducetheamountandtheamplitudeof
turns.

Hillier et al. [HPH� 93] show thatthemajority of human-
pedestrianmovementoccursalonglines of sight, that they
namedas axial lines. A. Turner et al. [TP02] proposethe
EVA systembasedon a visibility graph,compareresults
of this agent-basedsimulator with real data on the Tate
Britain Gallery andconcludethat they wereable to repro-
ducethe aggregatemovementwith a goodcorrelation.M.
Relieu[RQ98] introducesthenotionof urbandiscrimination
which meansthatthepedestrianfocuseshis attentioninside
his currentregion to selectpertinentinformationrelevantof
theactivity heis engagedin.
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Figure1: Computationstepsof spatialsubdivision.

Figure2: Exampleof a mapextractionfrom3D database.

3. From envir onment to path �nding

3.1. Spatial subdivision

Our spatial subdivision model is presentedin �g. 1. It is
compoundedof severalcomputationstepsstartingfrom the
3D geometricdatabaseandgeneratinga 2D spatialsubdivi-
sionusingconvex cellsandidentifying bottlenecks.

2D map extraction
The�rst stepconvertsthe3D geometricdatabaseof theenvi-
ronmentinto a 2D mapcontainingall constraintsdelimiting
obstaclesundertheassumptionthattheenvironmentis �at. It
consistsin cuttingthedatabasewith two parallelplanescor-
respondingto the �oor anda cutting planewhosedistance
to the �oor is generallyequalto the heightof a humanoid.
This extractsall geometrybelongingto thenavigationarea.
This geometryis thenprojectedon theXY planein orderto
computea 2D maprepresentingthe environment.In order
to organizethis informationandto simplify theconstraints,
a constrainedDelaunaytriangulationis computed[KBT03],
resultingin a �rst spatialsubdivision usingtriangularcells.
A connectivity graphis extractedfrom thistriangulationand
a transitiveclosureis computedstartingfrom auserselected
cell in order to extract the navigation area.Constraintsare
then �ltered in order to extract thosedelimiting this area
while removing theotheronesand�ltered in orderto merge
colinearsegments(with a given threshold).Theexampleof
�g. 2 presentsdifferentstepsof the2D mapextractionon a
partof the3D modelof a city: theprojectionof thegeom-
etry on theXY planeandthemapextractedafterconstraint
�ltering andsimpli�cation.

Minimal distancebetweencorners and walls

(a) (b)

(c) (d)

Figure 3: (a) 2d map of environment.(b) Original con-
strainedDelaunaytriangulation.(c) Computedshortestdis-
tancesbetweencorners and walls. (d) ConstrainedDelau-
naytriangulationwith shortestdistances.

The constraintspreviously extracteddelimit the navigation
area.But an information is still missingfor the navigation
insidetheenvironment:bottlenecks.Thosebottleneckschar-
acterizethe minimal distancebetweencornersand walls.
Without this information,it is dif�cult to ensurethata given
humanoidcannavigatefrom onepoint to another. To detect
bottlenecks,we proposeanalgorithmbasedon a modi�ca-
tion of theconstrainedDelaunaytriangulationalgorithm.In
the following, we will considertwo typesof segmentsand
two typesof pointsinsidethetriangulation:

� Cs : is thesetof constrainedsegments.
� F s : is thesetof freesegments.
� Cp : is thesetof pointsextractedfrom theenvironment
� Dp : is thesetof pointsgeneratedfor thepurposeof min-

imal distancecomputationbetweenwalls andcorners.

First, a constrainedDelaunaytriangulationof the segments
in Cs is computed.Then,for eachtriangle(A;B;C) of thetri-
angulation,if (BC 2 Cs) ^ (AC 2 F s) ^ (AB2 Cs[ F s) ^ (A2
Cp) andif theorthogonalprojectionPA of A liesonsegment
BC then the segmentBC is removed and replacedby seg-
mentsBPA andCPA which areaddedin Cs andPA is added
in Dp. Triangulationis locally recomputedin orderto take
thosemodi�cations into account.This processis repeated
until no moretrianglesatis�estheconditionof therule.An
exampleof generatedshortestdistancesis shown in �g. 3(c).
Thefact thatpointsbelongingto D p cannot bereprojected
ensurestheconvergenceof thealgorithm.This computation
generatesa triangulationcontainingshortestdistancesbe-
tweencornersandwalls (Cf. �g. 3(d)). This identi�cation of
bottlenecksensuresthat if the width of an entity is smaller
thanthelengthof afreesegment,theentitycanpassthrough
thesegmentwithout colliding with walls.

Convex cell optimisation
The constrainedDelaunaytriangulationcomputedduring

the previous stepconstitutesa �rst spatialsubdivision us-
ing triangularcells.In orderto simplify this subdivision and
to minimize the numberof cells, an algorithm mergestri-
anglesin orderto generateconvex cells while locally con-
servingbottleneckinformation.This algorithm�rst sortsall
freesegments,basedon their decreasinglength.Thesorted
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Figure4: Thesubdivisionof theenvironmentof �g . 3
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Figure5: Graphextractedfromspatialsubdivisionof �g . 4.

list is iteratedandthetwo cellssharingthecurrentsegment
aremergedif andonly if theresultingcell is convex andthe
lengthof thesharedfreesegmentis greaterthanthe length
of all freesegmentsdelimiting theresultingcell. Theresult-
ing subdivision is compoundedof convex cellsandidenti�es
bottlenecks.An exampleof convex cell optimisationcanbe
foundin �g. 4. This spatialsubdivision accuratelymapsthe
environmentgeometryandtheextractionof bottlenecksau-
tomaticallyidenti�es themostconstrainedpartsof thisenvi-
ronment.Thanksto this information,accessibilitybetween
adjacentcellscanbe�ltered beforeany pathplanningcom-
putationby usingthehumanoidwidth.

3.2. Topologyand abstraction

Oncetheconvex cell subdivision is computed,a graphcon-
taining topological relations is extracted.A node of this
graph is a convex cell and an edgerepresentsa free seg-
mentsharedby to adjacentcells with a lengthgreaterthan
thewidth of thehumanoid.The�gure 5 representsthegraph
extractedfrom the spatial subdivision presentedin �gure
4. Eachnodec of the graphcanbe topologicallyquali�ed
accordingto the numberof connectededgesgiven by the
arity(c) function:

� if arity(c) = 0 thenc is a closedcell.
� if arity(c) = 1 thenc is a deadendcell.
� if arity(c) = 2 thenc is a passagecell.
� if arity(c) > 2 thenc is a crossroadscell.

This informationenablesthe topologicalabstractionof the
environment.For example,a sequenceof passagecellscan
be interpretedat a certainlevel of abstractionas a unique
passage.Thus, when planning, the geometricinformation
relatedto the low level cells can be omitted and summa-
rizedin ahigherabstractlevel. Themainideaof theabstrac-
tion algorithm is to generatean abstractiontree by merg-
ing interconnectedcells while trying to preserve topologi-
calproperties.Whenmergingseveralcellsinto asingleone,

thecompositionof cells is storedin a treestructurein order
to generatetheabstractiontree.Beforeexplaining thealgo-
rithm, somefunctionshave to be de�ned. Let note p(c) =
arity(c) � (arity(c) � 1) the numberof pathstraversingthe
cell c. Let note add(c1; c2) = p(c1 [ c2) � p(c1) � p(c2)
the numberof addedpathswhen merging cells c1 and c2
andremoving all sharedboundaries.Theabstractlevelsare
computedasfollow:

1. All dead end andpassagecells areextracted.Thenall
sequencesof interconnectedcellsareabstractedin order
to generatea balancedbinary tree.Thus,eachsequence
of cellsis reducedto a uniqueabstractcell.

2. All deadend cellsaremergedwith their adjacentcross-
roadscells.If thispassgeneratesnew deadendcells,the
algorithmreturnsto step1.

3. All passagecells aremergedwith oneof their adjacent
crossroadscells.

4. For all pairs(c1; c2) of crossroadscells, thenumberof
addedpathsadd(c1; c2) is computed.Let m be themin-
imum numberof addedpaths.All pairsof cells suchas
add(c1; c2) = maremergedto createanew abstractcell.
If this stepgeneratesnew deadendor passagecells,the
algorithm returnsto step 1. Otherwise,this step is re-
peateduntil theobtentionof a uniqueclosedcell.

The proposedalgorithm removes deadendsand linear
paths.This suppressionof deadendsis a very goodprop-
erty asthey areoftenresponsiblefor theworstcomputation
time. Moreover, the useof the add function during step4
tendsto reducethenumberof traversalsfor a givenabstract
cell compoundedof two crossroadscells.

3.3. Hierar chical path planning

Thanksto thespatialsubdivision, it is possibleto automati-
cally generatearoadmapenablingpath-planning.But inside
large andcomplex environments,this roadmapcanalsobe
large andthenreducethe performancesof path �nding al-
gorithms.But the parallelexploitation of the roadmapand
thetopologicalabstractionenablesadrasticreductionof the
pathplanninggraphsize,resultingin real-timepath�nding
computationinsidelargeandcomplex environments.

Roadmapgenerationand abstraction
As cellsareconvex, therealwaysexistslinearpathstravers-
ing eachcell and connectingall free segmentsbelonging
to the boundaries.For eachcell, key points are generated
on free edgesandareconnectedwith linear paths(Cf. �g.
6). Let supposethat k key pointsaregeneratedon eachof
the n freesegmentsbelongingto the boundariesof a given
cell c. The numberof generatedpaths inside this cell is
n(n� 1)k2 = p(c)k2. Eachcell is theninformedwith its as-
sociatedpaths.Moreover, in accordancewith thetopological
abstraction,all pathstraversingabstractcells are precom-
putedand storedusing referencesto the sub-precomputed
pathsin orderto limit theamountof neededmemory.

c
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Figure 6: A roadmapgenerated using1 key point by free
segmentin theenvironmentof �g . 4

Path Finding
During the previous step,a data structurecontainingthe
topologicalabstractionandtheassociatedroadmapabstrac-
tion hasbeengenerated.It is usedto computethe minimal
topologicalgraphneededto extracttheminimalroadmapen-
ablingpathplanning.Let noteCe thecell containingtheen-
tity,Cg thecell containingthegoal,Ctop thetoplevel abstract
cell containingCe andCg. Beforeexplaining thealgorithm,
two functionsneedto beintroduced:

� pickElement(S): it removesanelementfrom thesetSand
returnsthis element.

� split(C) : it returnsa setcontainingthe lower level cells
or abstractcellscompoundingtheabstractcell C.

In thefollowing algorithm,Sresult will containall cellsnec-
essaryfor pathplanningcomputation:

Sresult = Sresult
tmp = ; ; Sexplore = Ctop

while Sexplore 6= ; do
while Sexplore 6= ; do

c = pickElement(Sexplore)
if (Ce 2 c^ Ce 6= c) _ (Cg 2 c^ Cg 6= c) then

Sexplore
tmp = Sexplore

tmp [ split(c)
else

Sresult = Sresult [ f cg
end if

endwhile
Sexplore = Sexplore

tmp ; Sexplore
tmp = ;

endwhile

The setSresult containscellsCe, Cg andseveral abstract
cells correspondingto abstractpathsconnectingthosetwo
cells.All precomputedpathsassociatedto thecellsof Sresult

areextractedandusedto computethepath-planninggraphin
whichnodesarekey pointsandedgesarepathslinking those
key points.In orderto computethepath,startandgoalpoints
areaddedin thegraphandconnectedto all key pointsgen-
eratedontheboundariesof their respectivecells.Thegener-
atedpath,thatis partiallyabstract,is thenmaterializedusing
storedinformation about the compositionof precomputed
paths.Theresultingpathis thenfurnishedasa sequenceof
freesegmentsinsteadof asequenceof key points.In thenext
section,we will show that this featureenablesvisual path
optimizationthatis a characteristicof humannavigation.

Thegraphis minimal in respectwith the topologicalab-
stractionandis drasticallysmallerthantheoriginal nonab-
stractedroadmap.It containsa maximumof two deadends
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Figure7: Thereactivenavigationmodel.

(if Cg andCe belongsto a deadend) ; thus it removes the
worstcasefor path-planningalgorithms.Moreover, thenum-
berof availablepathsto thegoalis reducedthanksto theuse
of precomputedpathsassociatedto abstractcells. The im-
pactonpath�nding computationtimeandcomplexity is log-
arithmic(seetheresultsectionfor benchmarks).This prop-
ertyenablesreal-timepath�nding for severalvirtual humans
within largeenvironments,enablingthiskey featurefor real-
timeapplications.

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 our reactivenavigationmodelis summa-
rizedin �g. 7. The�rst partis thecomputationof theneigh-
bourhoodgraph.The secondpart is the reactive navigation
modularalgorithm�ltering the optimal speedcomputedto
follow thepathin orderto predictandavoid collisionswhile
generatingahumanlike behaviour.

Notations. By now, thehumanoidH is representedwith
the following parameters:P(H) is its position,W(H) is its
width andS(H) is its speed.

4.1. Neighbourhoodgraph

All collision predictionalgorithmsarebasedon neighbour-
hoodcomputation.Whendealingwith this sortof computa-
tion, two aspectsneeda particularattention:

1. theconstructioncomplexity of neighbourhoodrelations,
2. thepossiblerelationbetweenthecomputationcomplexity

andthepredictiondistance.

The neighbourhoodgraphis a compromisebetweenthose
two aspects.It createslongdistanceneighbourhoodrelations
in sparsecrowdsandshortdistancerelationin densecrowds
without impacton computationalcost.It is basedon a two
dimensionalDelaunaytriangulationof the humanoid's po-
sitions�ltered with visibility. This triangulationhasa con-
structioncostof O(nlnn) [BY98] for n humanoidsthaten-
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Figure8: FilteredDelaunaytriangulationbetweenentities.

ablesits computationfor a large numberof pedestrians.It
generatesalinearnumberof neighbourhoodrelations(edges
of the triangulation)with an upperboundof 3n � 3 rela-
tions.Thisresultsin anaveragenumberof directneighbours
lowerthan6.Thoserelationsensurethepredictionof all col-
lisions, becauseone of the Delaunaytriangulationproper-
tiesis to link eachpoint (humanoid)to its nearestneighbour.
Moreover, this triangulationgeneratesthecrowd topological
structurewith a computationalcostindependentof thedis-
tancebetweenentities.Theneighbourhoodrelationlengthis
correlatedto thelocal densityinsidethecrowd allowing far
collision predictionin sparsecrowdsandnearpredictionin
densecrowds.

As the triangulationis not correlatedwith the environ-
ment geometry, neighbourhoodrelationsare �ltered using
ray casting inside the convex cell structure.The number
of rays is lower than 3n � 3 and the associatedcomputa-
tionalcostis optimizedthanksto theunderlyingsubdivision.
This �ltering processgeneratestheneighbourhoodgraphin
which eachedgerepresentsa neighbourhoodanda visibil-
ity relation.An exampleof sucha graphis given in �g. 8;
greenedgesareremoved during the �ltering process.Once
computed,thisgraphenablesadirectaccessto visibleneigh-
boursof a givenhumanoidwhile automaticallyadaptingthe
predictiondistanceto the crowd density. In the following,
the term of dir ect neighbourhood will refer to the set of
neighboursconnectedwith anedgeto thehumanoid.

4.2. Reactive navigation

Thereactive navigationprocessis describedthrougha pipe
�ltering thespeedvectorof theentity (Cf. �g. 7). First, the
plannedpathis analyzedin orderto provideanidealspeedto
adopt.Thisspeedis �ltered by thepersonalspacemodulein
chargeof respectinga givenminimal distanceto humanoids
andobstacles.Thenthecollisionavoidancemodulemodi�es
this speedin orderto avoid collisions.This partof thealgo-
rithm is parameterizedin orderto copy outhumanlikenavi-
gationrules.Finally, a securitymoduleveri�es thisspeedin
orderto take into accounttheinertiaof thehumanoid.

Visual trajectory optimization
As describedin thesection3.3, thepathis furnishedasase-
quenceof segments(or portals)to pass,in orderto reachthe

AA

B
F

B
F

(a) (b) (c)

O O O

Figure9: Visual trajectoryoptimization.

goal. In this path,two consecutive segmentsarebelonging
to the sameconvex cell. A characteristicof pedestrianbe-
haviour is to usevisualoptimizationof thepath.In orderto
do so,we proposea simpleandfastvisualoptimizational-
gorithmexploiting propertiesof theconvex cell subdivision.

Thevisualoptimizationalgorithmconsistsof sequentially
intersectingvisibility conesde�ned thanksto the pathseg-
ments.This computationstopsif theconeis emptyor if the
angleof the conein O is lower thana certainthreshold.If
oneof thosetwo constraintsis violated,the last valid cone
is selectedby the algorithm.As cells areconvex, this cone
de�nes an obstaclefree region in which the humanoidcan
navigate.In �gure 9, theconesOAB, OCD andOFE arese-
quentiallyintersectedto computethespeedchosencollinear
to the bisectingline. The secondconstraintin�uences the
trajectorytaken by the pedestrian:if the anglehasa high
value,thehumanoidwill passthroughthecenterof theseg-
ments,if thisvalueis low, thehumanoidwill skimalongob-
stacles.This parameter, de�ned for eachhumanoid,enables
thecon�gurationof thepedestriantrajectory. Thisalgorithm
reproducesawell known characteristicof thepedestrianbe-
haviour andrapidlycomputesanoptimizedandrealistictra-
jectory continually refreshedin function of the pedestrian
locationrelatively to thesegmentscompoundingits path.

Personalspace
The personalspaceis a social rule de�ning a distanceto
respectbetweennavigating pedestrians(dN) and between
pedestriansandobstacles(dW). At leastthreesituationscan
justify theviolationof thisdistance:thecrowd densityis too
high, thehumanoidnavigatesinsidea group,thehumanoid
is overtakingoneof its neighbours.This rule is weak and
donothave to bealwaysrespected.It is modeledasarepul-
sion force modifying the orientation(but not the norm) of
thespeedvector. Let SN bea setcontainingthepositionsof
thedirectneighboursandSW beasetcontainingtheprojec-
tionsof thepedestrianpositionon theconstraintsdelimiting
its currentcell. The outputspeedSO is computedfrom the
inputspeedSI asfollow:
8
<

:

R(p;S;d) = å x2S
�jj x� pjj + d

d (x� p)

SO = jjSI jj
R(p(H);SN;dN)+ R(p(H);SW;dW)+ SI

jj R(p(H);SN;dN)+ R(p(H);SW;dW)+ SI jj

If thesumof repulsive forcesandSI is null, this equationis
not valid. In this case,SO is equalto SI . This equationonly
modi�es thedirectionof thespeedvectorbut notthenormin
orderto deformthe trajectoryto respectthepersonalspace
constraint.
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Rear collision Front collision Back collision Static collision

Figure10: Thefour collision types.

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

Collision prediction
Let SI betheproposedspeedfor humanoidH andN bethe
testedneighbour. Pr = P(H) � P(N) is thelocationof H rel-
atively to N. Sr = S(N) � SI is thespeedof H relatively to N.
Solutionsof thefollowing equationarethepossiblecollision
timesbetweenhumanoidsH andN:

P2
r + (Pr :Sr )t + S2

r t = (W(N) + W(H) + e)2

This equationexpressesthe 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 uniquesolution, thereis no
predictedcollision. If therearetwo solutionst1 andt2, with
t1 < t2, threecasescanarise:

� t2 � 0 : this is a pastcollision, so there is no possible
collision in thefuture.

� t1 < 0^ t2 > 0 : this is a collision, repulsive forcesmust
begeneratedin orderto correctthesituation.

� t1 � 0 : a collisionwill ariseat timet1.

This informationis alsousedto qualify the typeof thecol-
lision. Let tc bethecomputedcollision time,CH = P(H) +
SI :tc bethelocationof H at tc andCN = P(N) + S(N):tc be
thelocationof N at tc:

� if (CN � CH ):SI < 0 thecollision is a rear collision,
� if (CN � CH ):SI > 0^ SI :S(N) < 0 thecollision is a fr ont

collision,
� if (CN � CH):SI > 0^ SI :S(N) � 0 thecollision if a back

collision,
� if jjS(N)jj = 0 thecollision is astatic collision.

Thosetypesof collisionaresummarizedin �g. 10. They are
usedto con�gure the local avoidancealgorithmwith a sub-
scription of collision avoidanceto different typesof colli-
sion.

Collision reactionmodules
Reactionsadoptedwhenavoiding collisions can be classi-
�ed in two (non-exclusive) categories:speedmodi�cation
anddirectionmodi�cation. In orderto describethenaviga-
tion behaviour, we introducethenotionof collision reaction

module.Its role is to computeanew speedSO for humanoid
H with anactualproposedspeedSI thatavoidsthecollision
with humanoidN. Thepositionof H relatively to N hasthe
following expression:Pr (t) = P(H) � P(N) + (SI � S(N))t

Avoiding thecollision is equivalentto �nding a new rela-
tive speedS0

r = SO � S(N) suchasthedistancebetweenthe
straightline de�ned by P(H) � P(N) + S0

r t andpoint (0;0)
is greaterthanW(H) + W(N) + e, wheree is a securitydis-
tance.The problemcanbe reformulatedasthe researchof
SO suchasP(H) � P(N) + S0

r t is a tangentto the circle C
centeredin (0;0) with a radiusequalto W(H) + W(N) + e.
Let Tl and Tr be the two points lying on C and de�ning
tangentspassingthroughPr . Dl = Tl � (P(H) � P(N)) and
Dr = Tr � (P(H) � P(N)) with Dl :((SI � S(N)) � R( p

2 )) > 0
andDr :((SI � S(N)) � R( p

2 )) < 0 de�nes the left andright
relative avoidancedirectionsin which R(a) standsfor a ro-
tationof anglea. Thecollision avoidancespeedSO is a so-
lution of the following system,assumingthatD = Dl for a
left avoidanceandD = Dr for a right avoidance:

�
aD = SO � S(N)
a > 0

(1)

By usingthis system,we de�ned four modules:left avoid-
ance,right avoidance,accelerateand decelerate.Each of
thosemodules�nd a new speedandaddsnew constraints:

� left and right avoidance:the constraintjjSI jj = jjSOjj is
addedin orderto maintainthenormof thespeed.

� decelerationmodule: the constraintSO = bSI with 0 �
b < 1 in orderto maintainthespeeddirection.

� accelerationmodule:theconstraintSO = bSI with b > 1
in orderto maintainthespeeddirection.

Onceall collision reactionmodulesaredescribed,they can
beusedto de�ne thenavigationbehaviour of anentity. For
specialpurposes,anacceptationmodulehasbeende�ned in
orderto accepta givenspeedevenif it resultsin a collision.

As we usea local optimizationalgorithmto �nd thebest
speedto adopt,eachsolution computedby a collision re-
action modulehas to be evaluatedand rated. If SI is the
proposedspeedresultingin a collision andSO is theoutput
speedavoidingthiscollision,following formulasareusedto
ratetheproposition:

cd(SO;SI ;b) = ((1+ SO+ SI
jj SOjj�jj SI jj

) � 0:5)b � 2� 1

cn(SO;SI ;b) = ( min(jj SOjj ;jj SI jj )
max(jj SOjj ;jj SI jj ) )b

n(SO;SI ;bd;bn) = cd(SO;SI ;bd) � cn(SO;SI ;bn)

Thosethreefunctionscomputea factorin the interval [0;1]
evaluating the quality of the speedSO relatively to the
speedSI . The functioncd evaluatesthedirectiondifference
whereasthefunctioncn evaluatesthespeednormdifference.
Finally the function n evaluatesthe overall quality of the
computedspeedSO. This function acceptstwo parameters
bd andbn allowing to penalizehigh speednorm variations
and/orhigh speeddirectionvariations.
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Dri ving rule model.

rear front back static

RA n(I ;O;1;1) n(I ;O;1;1)

LA n(I ;O;1;1) n(I ;O;1;1)

D n(I ;O;1;1) n(I ;O;1;1)

A n(I ;O;1;5) n(I ;O;1;5)

AC X

Minimal adjustment model.

rear front back static

RA n(I ;O;1;1) n(I ;O;1;1) n(I ;O;1;1)

LA n(I ;O;1;1) n(I ;O;1;1) n(I ;O;1;1)

D n(I ;O;1;1) n(I ;O;1;1)

A n(I ;O;1;5) n(I ;O;1;5)

AC X

Figure11: Differentcon�gurationsof thenavigationmodel.

Localoptimizationalgorithm
The local optimization algorithm is con�gured with in-
stancesof collision reactionmodules.A list of collision re-
actionmoduleswith a partially instantiatedevaluationfunc-
tion n (only bd andbn arede�ned) isassociatedto eachcolli-
siontype(rear, back,front andstatic).The�gure 11presents
differentcon�gurationsof thenavigationmodel:thedriving
rulemodelandtheminimaladjustmentmodel.In this �gure,
RA standsfor right avoidance,LA for left avoidance,D for
decelerate,A for accelerateandAC for acceptation.

Oncethemodelis con�gured,this informationis usedby
thelocaloptimizationalgorithm.Eachmoduleis specialised
for thecomputationof aspeedavoidinga collisionwith one
entity. Thusthecomputedspeedcanresultin anew collision
with anotherneighbour. Therole of thealgorithmis to �nd
a combinationof reactionsproducingan"optimal" speed.

1. Thealgorithmusesa sortedlist L containingdataof the
form (q;s; t) sorteddecreasinglyin function of q � t.
(q;s; t) is a speedpropositionin which q standsof the
quality of thespeeds proposedin reactionto a collision
occurringat timet. This list is initialisedwith (1;SI ;1 ).

2. If L is empty, nosolutionhavebeenfoundsotheresulting
speedSI is null. Otherwise,(q;v; t) is extractedfrom the
headof L.

3. A collision prediction is computedusing v as the hu-
manoidspeed.Thiscomputationsearchestheearliestoc-
curringcollision.Two casescanarise:

a. A collision is predictedat timetc but tc � t or no col-
lision is detected.The actualspeedv is selectedbe-
causeit is the bestcompromisebetweenthe quality
of reactionsto collisionsandpredictedtime without

collision.The�rst conditiontc � t ensurestheconver-
genceof thealgorithmby assumingthatthispredicted
collisionwill beavoidedlater.

b. A collision is detectedandtc < t. Thetypeof thecol-
lision is determined(back,rear, front, static)andeach
correspondingcollision reactionmoduleis consulted.
If oneof thosemodulesis anacceptationmodule,the
currentspeedis selected.Otherwise,for eachmodule,
its proposedspeedv0andthespeedqualityq0arecom-
putedand(q0; v0; tc) is insertedin L. Thealgorithmre-
turnsin step2.

TheresultingspeedSO computedby thisalgorithmis acom-
promisebetweenthe quality of the reactionsand the pre-
dictedtimewithout collision.

Securitymodule
As thespeedcomputedby the local optimizationalgorithm
cannotavoid all collisions,asecuritymoduleasbeenadded.
This modulereducesthe norm of the speedSI in order to
maintainagivenreactiontime(treact) with thenext collision.
The next collision is predictedwith direct neighboursand
with obstacles(thanksto raycastingin theconvex cell subdi-
vision)usingthespeedS(H) (andnotSI ) in orderto takeinto
accounttheinertiaof thepedestrian.Let tc bethemomentof
thepredictedcollision. If tc < treact thenSO = SI

tc
treact

. This
speedmodi�cation ensureswall collision avoidanceandre-
ducesthe speedin caseof possiblecollision with neigh-
bours.

The proposedarchitectureincludes a wide variety of
pedestriancharacteristicsandis con�gurable.It enablesthe
reproductionof a largenumberof navigationbehavioursin-
spiredbypsychologicalstudieswithoutleavingoutreal-time
constraintsasshown in theresultsection.But whencontrol-
ling animatedcharactersusingacombinationof motioncap-
tureandinversekinematicfor legsmotion,thealgorithmcan
causejerky motionsdue to a noisy absoluteposition.This
positionneedsto be�ltered in orderto solve this problem.

5. Results

Theperformancesof thepathplanningalgorithmhave been
testedon a databaserepresentingthe centerof a city. The
threedimensionalmodelrepresentsabout2600buildingson
a surfaceof 1:3� 1:3km2. Theresultingspatialsubdivision
is compoundedof 8165convex cells containing8005con-
strainedsegmentsand10439free segments.The �gure 12
presentsa comparisonbetweenA� pathplanningin thefull
graphandpathplanningwith A� in theabstractgraph.This
�gure exhibits a logarithmicgainon pathplanningtime. In
theworstcase,A� runningonthefull graphcomputesapath
in 45mswhereasA� usingouralgorithmcomputesapathin
2.5ms.Oursystemis thusableto plana pathin real-timein
large environments,enablingthis featurein interactive ap-
plications.

Thanksto the preciserepresentationof the environment
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Figure12: Pathplanningbenchmark.

Figure13: Indoorandoutdoornavigation.

throughthe convex cell subdivision, humanoidscan navi-
gatein indoor andoutdoorenvironments(Cf. �g. 13). The
proposedarchitectureof navigationis rich. It includeschar-
acteristicsof pedestrianbehaviour suchasvisual trajectory
optimisationandpersonalspacerule.Moreover, thecollision
avoidancealgorithmenablesthedescriptionof a wide vari-
ety of pedestrianbehaviour throughthetranslationof social
rules (driving rules,minimal adjustments...).But it is also
ef�cient. The�gure 14 presentssomebenchmarks(realised
on an athlonXP 1800+).This �gure traducestheevolution
of thecomputationtime (neighbourhoodgraphconstruction
andreactivenavigationalgorithm)in functionof thenumber
of pedestrians.Whereasthecomputationcomplexity of the
Delaunaytriangulationis O(nlnn), theevolution looks lin-
ear. The algorithmis ableto simulateabout2000pedestri-
ansat a frequency of 10Hzwith about20-25%of computa-
tion timededicatedto thecomputationof theneighbourhood
graph.Other testshave beenmadewith pedestriansevolv-
ing insidethe3D databaseof a city. We areableto simulate
about400fully animatedpedestriansonaXEON 3GHzwith
a quadroFX graphicscard.

6. Conclusionand futur ework

The approachpresentedin this paperenablesthe real-time
animationof several hundredsof pedestrians,populating
large and complex indoor and outdoor environments.An
accuratehierarchicaltopologicalstructureis built from the

0 s

0.1s

0.2s

0.3s

2000 4000 8000

0.4s

6000

��
�������� �����

Neighbourhood
graph

Figure 14: Evolutionof thecomputationtimein functionof
thenumberof pedestrians(AthlonXP1800+).

geometricdatabaseof a virtual environment.Basedon this
structurean optimized path planning algorithm has been
built. Moreover, it also handlesvisibility computationbe-
tweendifferent entities.The neighbourhoodgraph�ltered
with visibility, allows to boundthe complexity of collision
detectionto O(n) while offering a rich topologicalinforma-
tion on crowdsthroughneighbourhoodrelationships.More-
over, this structure,thanksto the underlyingDelaunaytri-
angulation,automaticallyadaptsto the densityof the pop-
ulation,allowing nearcollision avoidancein densecrowds
andfar collision avoidancein sparsecrowds with thesame
computationalcost. Finally, the proposedreactive naviga-
tion architectureis con�gurableandinspiredby psychologi-
calstudiesonpedestrianbehaviour without leaving out real-
timeconstraints.

Futurework will focuson two points.The �rst onecon-
cernstheextensionof thehierarchicaltopologicalstructure
of theenvironmentto allow theautomaticgenerationof in-
formedandstructuredenvironmentsandthusmorecomplex
behaviours.Thesecondoneis theuseof theneighbourhood
graphfor automaticgroupdetectionasit containssuf�cient
informationto allow realtime classi�cationof entities.This
classi�cationshouldimprove the realismof the simulation
by performinggroupavoidanceinsteadof pedestrianavoid-
anceandwill allow to modelboth individual andgroupbe-
haviour andto combinethem.
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