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STRC 04 Conf erence paper

 

 

� � � �� � � �� � � �� � � �  
�  � �  � � 	 
 � � � � � 
 � � � � � � � � � � � 
 � � � � � � � � � � � � � �  
Monte Verità / Ascona, March 25-26, 2004 



Hybrid techniques for pedestrian sim ulations

ChristianGloor
Dept.of ComputerScience
ETH Zürich
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Abstract

Thereexist multiplemodelsfor pedestriansimulations.Cell basedmodelsareeasyto understand,
fast,but consumea lot of memoryoncethe scenariobecomeslarger. In modelsbasedon con-
tinuousspace,which needalmostno memoryat all, however, theCPUbecomesthebottleneck
soon.

In our project“Planningwith Virtual Alpine LandscapesandAutonomousAgents”,we simulate
anareaof 150squarekilometers,with morethanthousandagentsfor oneweek. Every agentis
ableto movefreely, adaptto theenvironmentandmakedecisionsduringruntime. Thisdecisions
arebasedon perceptionandcommunicationwith otheragents.

This requiresasimulationmodelthatis fastandstill �ts into mainmemoryof a typical worksta-
tion. We combinedtheadvantagesof bothapproachesinto a hybrid model.This modelexploits
someof thespecialpropertiesof thearea.



� Hikerstendto walk on trails. It is possibleto �t a coordinatesystemon a graphof these
trails. Usingthis coordinatesystem,acontinuoussimulationis possible.

� Obstacleslike houses,trees,or riversin�uence the routechoiceof hikers. We developed
analgorithmwhichaddsadditionalnodesto theexiting graphfor eachobstacle.Thehiker
is not only ableto walk aroundtheobstacles.but alsoto take thepathlengthinto account
duringtrip planning.

� Pathsin theAlps arenot likestreets,their walkability differsa lot. Thespeedof thehikers
is in�uencedby thequalityof thetrail. Weaddedagrid known from cell basedsimulations,
whichallowsusto controlthespeedof thehikers.Partsof thisgrid aredynamicallyloaded
asneeded.

Thispaperwill presentanoverview over thishybridsystem,andsomeperformanceresults.
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1. Intr oduction

Theproject“Planningwith Virtual Alpine LandscapesandAutonomousAgents”(ALPSIM www
page,accessed2004)usesa multi-agentsimulationto modeltheactivities of tourists(primarily
hikers). The goal is to have theseagentspopulatea virtual world, wherethey areableto eval-
uatedifferentdevelopmentscenarios.Suchscenariosincludethe questionof re-forestationof
meadows, or the summeruseof chair lifts andthe like. Left to themselves,many areasin the
SwissAlps would becoveredby denseforest;it seemshowever thatmosthikerswould prefera
morevariablelandscape.Many people,in particularfamilieswith childrenor peoplewith health
limitations,likemechanicalaidsto bring themnearerto thetopof mountains.

The aim of this project is to implementa multi-agentsimulationof touristshiking in the Alps
in orderto investigatethe achievablelevel of realism. At the sametime, the project is usedto
exploregeneralcomputationalimplementationsof mobility simulations.

Sucha simulationgenericallyconsistsof two components:The physicalmobility simulation,
which moves the hikers throughthe systemand computestheir interactions;and the strategy
generationmodule(s),which compute(s)strategic decisionsof theagentssuchasdestinationor
routechoice.For thesimulation,careneedsto betakenthat theagentsexplicitly reactto visual
stimuli; for example,they cannotlook throughamountain.

Our approachis adaptedfrom oneusedin traf�c microsimulations.A syntheticpopulationof
touristsis createdthatre�ect current(and/orprojected)visitor demographics.Thesetouristsare
given goalsandexpectationsthat re�ect existing literature,on-sitestudies,and, in somecases
wheresuf�cient datais not available,arebasedon experts' estimates.Theseexpectationsare
individual,meaningthateachagentcouldpotentiallybegivendifferentgoalsandexpectations.

Theseagentsaregiven“plans”, andthey areintroducedinto thesimulationwith no“knowledge”
of thetheenvironment.Theagentsexecutetheirplans,receiving feedbackfrom theenvironment
asthey move throughoutthelandscape.At theendof eachrun, theagents'actionsarecompared
to their expectations.If theresultsof a particularplando not meettheir expectations,on subse-
quentrunsthe agentstry differentalternatives,learningboth from their own direct experience,
and,dependingon thelearningmodelused,from theexperiencesof otheragentsin thesystem.

A “plan” canreferto anarbitraryperiod,suchasa dayor a completevacationperiod.As a �rst
approximation,a plan is a completelyspeci�ed “control program”for theagent.It is, however,
alsopossibleto changepartsof theplanduring the run, or to have incompleteplans,which are
completedasthesystemgoes.

After numerousruns, the goal is to have a systemthat, in the caseof a statusquo scenario,
re�ects observedpatternsin therealworld. In this case,this could,for example,betheobserved
distributionof hikersacrossthestudysiteover time.

An introductionto possibletechniquesfor pedestriansimulationcanbefoundin (Schreckenberg
andSharma,2001;Galea,2003). For microscopicsimulations,thereareessentiallytwo tech-
niques:methodsbasedon coupleddifferentialequations,andcellularautomata(CA) models.In
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Figure1: Path-orientedcoordinatesystemfor the computationof the desiredvelocity and the
pathforces.Thelight arrowsshow thedesiredvelocity, whichdrivestheagentforwardalongthe
path.Thedarkarrows show thepathforce,whichpull theagenttowardthemiddleof thepath.

our situation,it is importantthatagentscanmove in arbitrarydirectionswithout artifactscaused
by themodelingtechnique,which essentiallyrulesoutCA techniques.A genericcoupleddiffer-
entialequationmodelfor pedestrianmovementis thesocialforcemodel(Helbingetal., 2000)

mi
dv i

dt
= mi

v 0
i � v i

� i
+

X

j 6= i

f ij +
X

W

f iW (1)

wheremi is the massof the pedestrianandv i its velocity. v 0
i is its desiredvelocity; in conse-

quence,the �rst term on the RHS modelsexponentialapproachto that desiredvelocity, with a
timeconstant� i . ThesecondtermontheRHSmodelspedestrianinteraction,andthethird models
interactionof thepedestrianwith theenvironment.

Thespeci�c mathematicalform of theinteractiontermdoesnot seemto becritical for ourappli-
cationsaslongasit decaysfastenough.Fastdecayis importantin orderto cutoff theinteraction
at relatively shortdistances.This is importantfor ef�cient computing,but it is alsoplausible
with respectto the real world: Otherpedestriansat, say, a distanceof several hundredmeters
will not affect a pedestrian,evenif thoseotherpedestriansareat a very high density. We usean
exponentialforcedecayof

f ij = exp
�

jr i � r j j
Bp

�
r i � r j

jr i � r j j
; (2)

which seemsto work well in practice. f ij is the force contribution of agentj to agenti ; r i is
thepositionof agenti . Alternativemoresophisticatedformationsaredescribedby Helbingetal.
(2000). For the environmentalforces,f iW , the samemathematicalform asfor the pedestrian-
pedestrianinteractionis used.

We introduced(Gloor et al., 2003b)a model that usesonly sparseinformationwhich �ts into
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computermemory, runsef�ciently on our scenarios,andhasagentsfollow pathswithout major
artifacts. Our modelusesa path-orientedcoordinatesystem(seeFig. 1) for thecomputationof
the desiredvelocity. This modelalsousesa so-calledpath-force, which pulls the agentsback
on the pathwhenhe movesaway from its center(e.g. dueto interactionwith otheragentsor
obstacles).

Usingtheseequations,apedestrianwithoutanown intentioncanbemodelled.Simpleintentions,
like walking into a certaindirection,canbe describedby simpleexpressionsfor v0

i . In a more
complex scenario,however, pedestrianstendto follow a pathor avoid obstaclesthatwherepre-
dictable. It is even possibleto think of an simulationof pedestrianthat movesinsidea city or
insideabuilding.

Usuallythecurentpositionr i andtheeventualdestinationof thepedestrianis known. Thev0
i is

givenby theoptimaltrajectory.

In thispaper, welook attwocompletelydifferentmethodstocalculatev0
i . Theresultingtrajectory,

however, is not alwaystheonethepedestrianwill walk on eventually, sincetheothertermof the
RHSof equation(1) have anin�uence aswell. This paperis concludedby a look at anexample
simulation,anevacuationof ZürichMain Station.

2. Potential Field Model

The�rst approachlookedat in thispaperis basedontheutility maximization modelby Hoogen-
doornet al. (2002). For this model,a potential�eld is generatedfor thesimulatedarea,which
allowsthepedestriansto �nd theirdestinationsby walking towardstheminimalpotential.

Insteadof usingpartial differentialequations,the potential�eld canbe createdby calculationg
thedistanceto a givendestinationfor eachpointof thewalking area.If thein�uence of possible
obstaclesis not neglected,a potential�eld asshown in Figure8 emerges. Note that for each
possibledestinationaseparatepotential�els needsto becreated.However, this �eld canbeused
for all agentsheadingto thatdestination,regardlessof their startingposition.

Thepotential�elds arecalculatedbefore theactualsimulationis started.For this, thesimulated
areahasto bedividedinto cells, eachof themdescribingtheaveragevalueall positionscovered
by this cell. The actualvaluesfor eachcell arecalculatedusinga simple�ooding algorithm,
startingat thedestination.This algorithmonly updatescells thatarenot blockedby anobstacle.
Theresultsgeneratedby this algorithmareclosebut notexactly similar to theonesgeneratedby
theutility maximizationmodel.

Stucki (2003) descibesthreedifferent ways to implementthis �ooding algorithm. The most
promisingimplementation,usingapriority queue, is about2000timesfasterthananunoptimized,
recursive implementation.An areaof 50� 50cellsis calculatedin approximately1

10 seconds.

To deducean agents'desiredvelocity, or direction, from this potential�eld is not aseasyas
expected.The �rst ideais to just walk into thedirectionof theneighbourcell with hasa lower
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Figure2: Differentalgorithmsto calculatethedesiredvelocity (walking direction)from a given
potential�eld.
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Figure3: A potential�eld generatedfor onedestinationin thecenterof theformation(left) and
for two destinations(right). A lighter color meansa lower potential (closeto the center, the
potentialis lowest).Someexamplewalkingdirectionsderivedfrom thispotential�eld areshown
in blue.

potential,andwhich is thereforecloserto thedestination.Usingthis method,however, yieldsin
a zigzagingpath,becausethepossiblewalking directionsarelimited by the numberof neibour
cells,which is eight(1st columnof Figure2).

However, evenby usingthecell-baseddirectioninformation,theagentsareableto walk in any
arbitrarydirection.Thepedestiandynamicsarestill computedaccordingequation(1), but weuse
av0

i thatis deducedfrom theprecomputedpotential�eld.

Onepossibility to increasethenumberof possiblewalking directionsis to increasethenumber
of cells lookedat. If cellsnot just onebut two stepsaway areconsideredaswell, 16 directions
arepossible(2nd columnof Figure2).

An even morerealistic resultcanbe achieved if the algorithmcontinuescheckingcells in one
directionuntil it reachesa wall. Then,it follows theminimal potentialuntil it reachesthecorner
of that wall. This corneris in the direction the agentshouldwalk (3r d column of Figure 2).
Alternatively, onecanfollow theminimalpotentialuntil thecell cannolongerbereacheddirectly
from thestartingcell (4th columnof Figure2). This lasttwo algorithmsrequireknowledgeof the
positionof objectsin thesimulatedarea.

It is possibleto solve the problemof �nding the optimal walking direction using the correct
distancesto the destinationinsteadof usingManhattandistances(Nishinari et al., 2001). This
basicallyyieldsin agraphconnectingall cornersof everyobject.Thepedestriansappearto walk
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alongtheedges.

3. Graph Model

For the ALPSIM project, we usea network of hiking pathsin the Alps. This network hasa
resolutionof approximately2m, which is accurateenoughfor paththroughforestsor meadows.
However, insidevillagesor closeto obstacles,a resolutionof 25cmis neededto modela realistic
behaviour of thepedestrians.

Onepossibilitywouldbeto switchto thejustpresentedpotential�eld modelwhereneeded.Since
only v0

i is calculatedby thepotential�eld, all otheraspectsof thepedestriandynamics,asforces
betweenpedestriansor from obstacles,would remainthesame.

However, a moreintuitive solutionis to keepthe existing graph,but to addmoredetailswhere
needed.We werelooking for a methodthat generateda grapharounda givensetof obstacles.
Thispathcanbemergedwith theglobalhiking pathgrapheventually.

In a �rst step,we have to decidewherethenodesof thenew graphshouldbe. Thereshouldbe
enoughnodesthataagentis ableto circumventobstaclesonanaturallylookingpath,but not too
much.Eachadditionalnodehasto beconsideredin routechoicesandaddsto pathlenghts.Paths,
whicharelist of nodes,arestoredin agentsor transmittedover thenetwork.

It is not thateasyto �nd a simpleyet realisticlooking positionof a node.Thesimplestsolution
would be to adda nodeto eachcornerof all objects(seeFigure4a). However, peopletendto
keepacertaindistanceto objects.Weidmann(1993)outlinesthatpedestrianskeepandistanceof
0.25m (insidebuildings)and0.45m (outdoors)to walls,evenmoreto obstacleslike fences.The
pathswould beto closeto theobjects.This would not bea problem,sinceagentsaswell keepa
distanceto obstaclesdueto environmentalforces,but it would bebetterto avoid theproblemin
thegraphdirectly.

Thepedestrianswill observe a distanceif thenodeshave a certaindistanceto theobjectcorners
aswell. Wedecidedto usemultiplenodesfor eachcornerof anobject.Eachof themin adistance
of 0.25m to theobjectcorner(seeFigure4c). It doesnotmatterin whichdirectionthepedestrian
approachesthe corner, the distanceto the corneris moreor lessequal. In order to reducethe
numbersof nodes,we runanalgorithmthateliminatesnodeslying insideanobject.

Basedon thesenodesan intial graph is constructed.At �rst, every nodeis connectedto each
othernode,andeachsuchedgehasanweightof thedistancebetweenthenodes.Weusethenan
algorithmto reducetheedgesgeneratedby fully connectingall thenodesgeneated.We run an
visibility checkalgorithm,known from e.g.the areaof 3D computergraphics,to determineall
theedgesthatintersectwith obstacles.Theseedgesaredeleted.

In orderto �nd theshortestpath throughthisnetwork, theDijkstra(1959)shortestpathalgorithm
is used. The implementationof this algoritm is time dependant. For traf�c simulations,time
dependantroutesareprimarily becauseof traf�c jams,which is a featureimplied by theagents
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Figure4: a) The simplestsolutionto placenodeswould be to adda nodeto eachcornerof all
objects.b) sincepeopletendto keepa certaindistanceto objects,thenodesshouldbeplacedat
a distanceof 25cmto thecornerof obstacles.c) is is, however, easierto place4 or morenodes
closeto eachcornerandremovetheonesinsideanobjectin a laterstep.

a)

b)

c)
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themselfs. For pedestriansimulations,wherethe densityis not too high (e.g.outdoors),time
dependancy in routealgorithmscanbe usedto modelexternal in�uences (e.g.weather, closed
chairlifts). Note that thecostfunctionusedhereis not only dependantof the travel time, but is
in�uencedby otherfactorsaswell (e.g.steepnessof thepath,how nice theview is, diversityof
environment,seeGloor etal., 2003a).

4. Precomputed Forces

Thetwo presentedmodelshave in commonthatthey bothuseprecomputedforce�elds, storedin
acell-basedgrid. Dif ferentis thewaythey calculatethedesiredvelocityv0

i of apedestrian.Table
1 givesanoverview of theforcesused.

Table1: A comparisonof theway the forcesthat in�uence themovementof anagentarecom-
putedin thetwo models.

Force Description PotentialModel GraphModel

Desiredvelocity Theforcewhichpulls
the agentsalong the
path

Pre-computed During runtime

Socialforces In�uence of theother
agents

During runtime During runtime

Pathforce Theforcewhichpulls
theagentsbackonthe
path

N/A During runtime

Walkability How fastanagentcan
walk in a given posi-
tion

Pre-computed Pre-computed

Note that thereis no path force in the potentialmodel. This force is usedin the graphmodel
to keepthepedestriansnearthemiddleof anwalking path. In thepotentialmodel,however, the
pedestrians�gure out whereto walk by themselves,providedthatwalkingon apathis faster.

To encodethis information,a further grid is needed.It storeshow fasta pedestrianis able to
walk in a givenlocation.Thevalueof thewalkability parameter w(r i ) is between0 (obstacle,
no walking possible)and1 (�at street). This actually reducesthe desiredvelocity from v0

i to
w(r i )v0

i . In the Alpsim project,walkability canalsobe usedto modelswamps,snow �elds, or
denseforests,wherewalking is in principlepossible,but cumbersome.

This parameteris usedby both models. The graphmodelusesit to slow down the pedestrians
thatarenot exactly on thepath.A reasonto leave thepathcouldbebecauseof otherpedestrians
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Figure5: Thewalkability parametercanbeusedto preventagentsfrom walking too closeto an
obstacle.Walking directionswithout any corrections(left), with adaptedpotential�eld (middle)
andwith adaptedwalkingdirectionalgorithm(right)
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which apply the force de�ned in equation(2). It is alsopossibleto assigna lower walkability
to pathsof lesserquality, e.g. narrow hiking paths.This doesnot affect the routechoiceof the
pedestriansdirectly. However, the modulesof the strategical layer (Gloor et al., 2003a)notice
thisdelayeventuallyandwill take this into accountfor thenext iteration.

In thepotentialmodel,thewalkability is useddirectlyby thealgorithmthatcalculatestheoptimal
walkingdirectionfor anagent(Figure5). Thisyieldsin trajectoriesthatcircumventregionswith
lower walkability, if the detouris small enough. As a sideeffect, the walkability canalsobe
abusedto prevent the agentsfrom walking too closeto a wall or an obstacle.This is doneby
settingthewalkability parameterto a lowervalueswhereanagentshouldnotwalk.

Theseforcesarerelatively expensive to calculate,sinceoneneedsto enumeratethroughall pos-
sibleobjectsthatcouldin�uence agivenlocation.Yet,sincethoseforcesdonotdependon time,
they canbe pre-computedbeforethe simulationstarts. In orderfor this to be successful,some
coarse-grainingof spaceis necessary. For this, we usecellsof size25cm � 25cm, andassume
thatall time-independentforcesareconstantinsidea cell. The resultingforce �eld (Fig. 6) be-
comesnon-continuousin space,but this is notaproblemin practicesincethisonly in�uencesthe
accelerationof pedestrians.That is, theaccelerationcontribution from theenvironmentalforces
canjump from onetimestepto thenext, but sincetime is notcontinuous,this is not noticeable.

Pre-computingthevaluesfor all cells in a hiking region of, say, 50km � 50km, doesnot �t into
regularcomputermemory. To avoid this problem,we implementedtwo methods:lazy initializa-
tion, anddisk caching.By lazy initialization , we meanthatthevaluesarecomputedonly when
anagentreallyneedsthem,alsoknowsasVirtual ProxyPattern(Gammaetal., 2001,pages207–
217).
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Figure6: The hybrid simulationtechnique.The forces(arrows) arevalid for the whole cell; a
pedestrian's trajectory(dots)canfollow arbitrarypositions.

In practice,thesimulationareais dividedinto blocksof size200m � 200m. Every timeanagent
entersoneof theseblocks,thevaluesfor all cells insidethatblock arecomputed.Sincehiking
pathscrossonly a small fraction of thoseblocks,the cell valuesfor many blocksin our hiking
areawill neverbecalculated.

In addition,thecell values,oncecomputed,arestoredon disk (disk caching). Every time when
an agentencountersa block for which the cell valuesare not in memory, the simulation�rst
checksif they are maybeon disk. Computationof the cell valuesis only startedwhen those
valuesarenot foundondisk. In consequence,asimulationstartedfor the�rst timewill runmore
slowly, becausethediskcacheis not yet �lled.

If the simulationrunsout of memory, thenblockswhich areno longerneeded,i.e. which have
not beencrossedby an agentfor a long time, areunloadedfrom memory. If they areneeded
again,they arejust re-loadedfrom disk. Thiscorrespondsto theLeastRecentlyUsed(LRU) Page
ReplacementAlgorithmdescribedby Tanenbaum(2001,pages218–222).

An additionaladvantageof theblocks,well known from moleculardynamicssimulations,is that
onecanusethemto cutoff theshort-rangeinteractionbetweenthepedestrians.Agentswhichare
not in thesameor oneof theeightadjacentblocksareignored.This implies that thereneedsto
besomedatastructurewhereagentsareregisteredto theblock. Agentsthatmovefrom oneblock
to anotherneedto unregisterin the�rst block andregisterin thenext one. In this way, anagent
searchingfor its neighborsonly needsto go throughtheregisteredagentsin therelevantblocks.
Thisbringsthecomputationcomplexity from O(N 2) down to O(NM ), whereN is thenumberof
all agentsin thesimulation,andM is thenumberof agentsin a singleblock. M is a reasonably
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smallnumberwhencomparedto thenumberN of all agentsin a real-world scenario.

5. Simulation of Züric h Main Station

As areal-world scenariofor testingourmodels,wechoseasimulationof anevacuationof Zürich
Main Station. We simulatedan areaof 700m� 200mwith morethan3000obstacles.Agents
wereplacedrandomlywithin thesimulatedarea(neighterinsidebuildings,nor on therailways).
We consideredeight differentexit locations,every pedestrianchoosesthe oneclosestto him.
Note thatwe did just oneiteration,which meansthatcongestionat a certainexit canoccurand
is not avoidedby thepedestrians.It would bepossible,however, to runmultiple iterationsof the
scenarioto enabletheagentslo learnfrom sucha situation(seee.g. Gloor et al., 2003a;Raney
andNagel,2004).

To handlethedifferentlevelsof theMain Station,we hadto introducetheconceptof stairsand
elevators.Dif ferentlevelswereplacedbesideeachother. Elevatorswereimplementedlike tele-
portation(with a time delayof someseconds),stairsaredividedinto two halves,eachsimulated
in a level,with teleportationin themiddle.However, forcesbetweenpedestrianondifferentsides
of thisboundarystill contributeto pedestrianmovements.

SinceZürich Mainstationhasmore than one exit, we had re�ect this in our models. For the
potential�eld model,this is simple:startingthe�ooding algorithmfrom all exits simultaneously
is suf�cient. All thedifferentexits arestoredin thesameprecomputedmap,sincefor everygiven
point in thesimulatedarea,thereis exactly oneclosestexit. However, for thegraphmodel,this
wasmorecomplicated:wehadto generatemultiplegraphs,onefor eachpossibleexit.

For a pedestriansimulation,two measurementsareinportant:i) how realistictheresultsare,and
ii) how fastthecomputationis.

Thesizeof thecellsthatstorethepotential�eld doesaffect thetime pre-computationtakes.For
the Zürich Main Stationscenario,we measuredon a 700MHz PentiumIII equippedwith 256
Mbytesof RAM:

Table2: In�uence of thecell sizeto thetime requiredfor pre-computingthepotential�eld

Cell Size(m) Cell Checks CalculationTime(s)

0.25 1'325'459 1554
0.5 325'331 386
1 78'324 102

Beforethe potentialof a new cell canbe calculated,a visibility checkhasto be performedto
ensurethat the cell is accessible(visible) from the neighbourcell. As the checkhasto iterate
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Figure7: An evacuationof Zürich Main Stationusingthepotential�eld model.Thepedestrians
hurryto theclosestexit avaliable.This is acaptureof the�rst of multiple iterations,whichmeans
thatcongestionatacertainexit canoccurandis notavoidedby thepedestrians

12



Swiss Transport Research Conference

March 25–26, 2004

Figure8: Potential�eld for ZürichMain Station,generatedfor the8 potentialexits. Thispotential
�eld hasto begeneratedeachtime thedestinationchanges.

Figure9: Spanningtreefor Zürich Main Station,generatedfor the8 potentialexits. This span-
ning treehasto begeneratedeachtime thedestinationchanges,but theunderlyingnodesdo not
change.
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overall obstaclesin thesimulatedarea,thecalculationtimeincreaseslinearlywith thenumberof
obstacles.

Table3: In�uence of thenumberof obstaclesin thesimulatedarea

#Objects CalculationTime(s)

100 65
500 219
1000 420
1500 643
2000 866

The graphmodelsrequiresthat the graphis pre-computed.This takes175 minutesfor the full
scenario,containingall of th 300obstacles.If smallobstacleslikepillarsor benchesareremoved
for thegraphgeneration,thetimecanbereducedto35minutes.Smallobjectshardlyin�uencethe
pathof a pedestrianchooses.However, thepedestriansstill do not walk throughtheseobstacles,
sincethe3r d termof theRHSof equation(1) still pushesthemaway from obstacles.

An comparisonof thepresentedmodelsis shown in Table4. TheZürich Main Stationscenario
wasrun for 10,100and500agentsusingeachmodel.Notethatin thisnumbersthetimeusedto
pre-calculatethepotential�eld andto generatethegraphis not included.

For thegraphmodel(columnd) ande)), thetime to simulatethe�rst stepstakeslongerthanthe
averagebecausetheagentshave to �nd anoptimalnodeonthegraphto walk to theirdestination.

Thepotential�eld modelneedsaboutoneminuteto loadthepre-calculatedcellsinto memory.
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Table4: Time to simulatean evacuationof Zürich Main Stationusinga) potential�eld model
with minimalneighborapproach,b) potential�eld with minimaldistancesapproach,c) potential
�eld with precalculatedwalkingdirections,d) graphmodelignoringsmallobstaclesande)graph
model. Furtherthe average/maximumtime anddistanceneededto leave the stationareshown.
Thisshowsthatthecomparedmodelsgeneratesimilar results.

a) b) c) d) e)

10walking agents:

TotalTime 81s 76s 81s 38s 84s
TimeFirst Round < 1s < 1s < 1s 16s 66s
TimeperRound < 1s < 1s < 1s < 1s < 1s
WalkingTime 72s 116s 57s 88.6s 80s
Max. WalkingTime 132s 203s 154s 199s 199s
WalkedDistance 75m 98m 91m 99m 96m
MaximalWalkingDistance 132m 213m 240m 237m 227m

100walking agents:

TotalTime 139s 75s 252s 290s 525s
TimeFirst Round < 1s < 1s 1s 131s 341s
TimeperRound < 1s < 1s 1s < 1s 1s
WalkingTime 67.1s 50.9s 55s 70.6s 74s
Max. WalkingTime 239s 180s 230s 182s 182s
WalkedDistance 73m 51m 66m 80m 77m
MaximalWalkingDistance 239m 217m 214m 227m 229m

500walking agents:

TotalTime 282s 240s 446s 1726s 4617s
TimeFirst Round 2s 1s 4s 664s 1459s
TimeperRound 2s 1s 4s 12s 12s
WalkingTime 60.3s 67s 53s 69.5s 76.6s
Max. WalkingTime 234s 189s 195s 262s 271s
WalkedDistance 64m 79.4m 92m 79m 78m
MaximalWalkingDistance 236m 245m 189m 247m 233m
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