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Abstract

Thereexist multiple modelsfor pedestriarsimulations.Cell basednodelsareeasyto understand,
fast,but consumea lot of memoryoncethe scenariodbecomedarger. In modelsbasedon con-
tinuousspace which needalmostno memoryat all, however, the CPU becomeshe bottleneck
soon.

In our project“Planningwith Virtual Alpine Landscapeand AutonomousAgents”, we simulate
anareaof 150 squarekilometers,with morethanthousandagentsor oneweek. Every agentis
ableto movefreely, adaptto theenvironmentandmalke decisionsduringruntime. This decisions
arebasedn perceptiormndcommunicatiorwith otheragents.

Thisrequiresa simulationmodelthatis fastandstill ts into mainmemoryof atypical worksta-
tion. We combinedthe advantage®of bothapproachemto a hybrid model. This modelexploits
someof the specialpropertiesf thearea.



Hikerstendto walk ontrails. It is possibleto t a coordinatesystemon a graphof these
trails. Usingthis coordinatesystema continuoussimulationis possible.

Obstacledik e housesirees,or riversin uence the route choiceof hikers. We developed
analgorithmwhich addsadditionalnodesto the exiting graphfor eachobstacle .The hiker
is notonly ableto walk aroundthe obstaclesbut alsoto take the pathlengthinto account
duringtrip planning.

Pathsin the Alps arenotlik e streetstheir walkability differsalot. The speedf the hikers
isin uencedby thequality of thetrail. We addeda grid known from cell basedsimulations,
whichallows usto controlthe speedf thehikers.Partsof this grid aredynamicallyloaded
asneeded.

This papemwill presentanoverview over this hybrid system andsomeperformanceesults.

Keywords
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1. Introduction

Theproject*Planningwith Virtual Alpine LandscapeandAutonomousAgents”(ALPSIM www
page,accesse@004)usesa multi-agentsimulationto modelthe actwvities of tourists(primarily
hikers). The goalis to have theseagentspopulatea virtual world, wherethey areableto eval-
uatedifferentdevelopmentscenarios.Suchscenariosnclude the questionof re-forestationof
meadavs, or the summeruseof chair lifts andthe like. Left to themseles, mary areasin the
SwissAlps would be coveredby denseforest;it seemshowever thatmosthikerswould prefera
morevariablelandscapeMany people,in particularfamilieswith childrenor peoplewith health
limitations, like mechanicahidsto bring themnearerto thetop of mountains.

The aim of this projectis to implementa multi-agentsimulationof touristshiking in the Alps
in orderto investigatethe achievable level of realism. At the sametime, the projectis usedto
exploregenerakcomputationaimplementation®f mobility simulations.

Sucha simulationgenericallyconsistsof two components:The physicalmobility simulation,
which moves the hikers throughthe systemand computestheir interactions;and the stratgy
generatiormodule(s)which compute(sktratgic decisionsof the agentssuchasdestinationor
routechoice. For the simulation,careneedgo be takenthatthe agentsexplicitly reactto visual
stimuli; for example,they cannotiook througha mountain.

Our approachs adaptedrom oneusedin trafc microsimulations.A syntheticpopulationof
touristsis createdhatre ect current(and/orprojected)visitor demographicsThesetouristsare
given goalsand expectationghat re ect existing literature,on-sitestudies,and, in somecases
wheresufcient datais not available, are basedon experts' estimates.Theseexpectationsare
individual, meaningthateachagentcould potentiallybe givendifferentgoalsandexpectations.

Theseagentsaregiven“plans”, andthey areintroducednto the simulationwith no “knowledge”
of thethe ervironment. The agentsxecutetheir plans,receving feedbackrom the ervironment
asthey move throughouthelandscapeAt theendof eachrun, the agents'actionsarecompared
to their expectations.If theresultsof a particularplan do not meettheir expectationspn subse-
quentrunsthe agentstry differentalternatves,learningboth from their own direct experience,
and,dependingnthelearningmodelused,from the experience®f otheragentsn thesystem.

A “plan” canreferto anarbitraryperiod,suchasa dayor a completevacationperiod. As a rst
approximationa planis a completelyspeci ed “control program”for the agent.lIt is, however,
alsopossibleto changepartsof the plan duringthe run, or to have incompleteplans,which are
completedasthe systemgoes.

After numerousruns, the goal is to have a systemthat, in the caseof a statusquo scenario,
re ects obseredpatternan therealworld. In this casethis could,for example,bethe obsened
distribution of hikersacrosghe studysite overtime.

An introductionto possibletechniquedor pedestriarsimulationcanbefoundin (Schrecknbeg
and Sharma,2001; Galea,2003). For microscopicsimulations,thereare essentiallytwo tech-
nigues:methodshasedn coupleddifferentialequationsandcellularautomatg CA) models.In
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Figure 1: Path-orientedcoordinatesystemfor the computationof the desiredvelocity andthe
pathforces.Thelight arrons showv the desiredvelocity, which drivestheagentforwardalongthe
path. Thedarkarrons show the pathforce,which pull the agenttowardthe middle of the path.

our situation,it is importantthatagentscanmove in arbitrarydirectionswithout artifactscaused
by the modelingtechniquewhich essentiallyulesout CA techniquesA genericcoupleddiffer-
entialequatiormodelfor pedestriaimovements the socialforcemodel(Helbingetal., 2000)

. 0 X X
dvi Vi Vi + fj + fiw (1)

wherem; is the massof the pedestriarandv; its velocity. v? is its desiredvelocity; in conse-
quencethe rst termon the RHS modelsexponentialapproachto that desiredvelocity, with a
timeconstant;. ThesecondermontheRHSmodelspedestriamnteractionandthethird models
interactionof the pedestriarwith the ernvironment.

Thespeci ¢ mathematicatorm of theinteractiontermdoesnot seento be critical for our appli-
cationsaslong asit decaydastenough.Fastdecayis importantin orderto cutoff theinteraction
at relatively shortdistances.This is importantfor ef cient computing,but it is also plausible
with respectio the real world: Other pedestrianst, say a distanceof several hundredmeters
will notaffect a pedestrianevenif thoseotherpedestrianareata very high density We usean
exponentiafforce decayof
LALST L @)
Bp Jri = rjl
which seemgo work well in practice. f;; is the force contrikution of agentj to agenti; r; is
the positionof agenti. Alternatve moresophisticatedormationsaredescribedy Helbingetal.
(2000). For the ervironmentalforces,f;y , the samemathematicaform asfor the pedestrian-
pedestriannteractionis used.

fij = exp

We introduced(Gloor et al., 2003b)a modelthat usesonly sparsenformationwhich ts into
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computememory runsef ciently on our scenariosandhasagentdollow pathswithout major
artifacts. Our modelusesa path-orienteccoordinatesystem(seeFig. 1) for the computationof
the desiredvelocity. This modelalsousesa so-calledpath-force, which pulls the agentsback
on the pathwhenhe movesaway from its center(e.g. dueto interactionwith otheragentsor
obstacles).

Usingtheseequationsa pedestriawithoutanown intentioncanbe modelled.Simpleintentions,
like walking into a certaindirection,canbe describedoy simple expressiongor v°. In a more
complex scenariohowever, pedestriansendto follow a pathor avoid obstacleghatwherepre-
dictable. It is even possibleto think of an simulationof pedestriarthat movesinside a city or
insidea building.

Usuallythe curentpositionr; andthe eventualdestinatiorof the pedestriaris known. Thev? is
givenby theoptimaltrajectory

In this paperwelook attwo completelydifferentmethodso calculatev?. Theresultingtrajectory
however, is not alwaysthe onethe pedestriawill walk on eventually sincethe othertermof the
RHS of equation(1) have anin uence aswell. This paperis concludedoy alook at anexample
simulation,anevacuationof Zirich Main Station.

2. Potential Field Model

The rst approachookedatin this paperis basedntheutility maximization modelby Hoogen-
doornetal. (2002). For this model,a potential eld is generatedor the simulatedarea,which
allowsthepedestriango nd their destinationdy walking towardsthe minimal potential.

Insteadof using partial differentialequationsthe potential eld canbe createdby calculationg
thedistanceo a givendestinatiorfor eachpoint of thewalking area.If thein uence of possible
obstacless not ngglected,a potential eld asshowvn in Figure 8 emeges. Note that for each
possibledestinatiora separatg@otential els needdo be created However, this eld canbeused
for all agentsheadingo thatdestinationregardlesf their startingposition.

The potential elds arecalculatedbefore the actualsimulationis started.For this, the simulated
areahasto bedividedinto cells, eachof themdescribingthe averagevalueall positionscovered
by this cell. The actualvaluesfor eachcell are calculatedusinga simple ooding algorithm,
startingat the destination.This algorithmonly updatesells thatarenot blocked by an obstacle.
Theresultsgeneratedby this algorithmareclosebut not exactly similar to the onesgeneratedby
theutility maximizationmodel.

Stucki (2003) descibeghree different ways to implementthis ooding algorithm. The most
promisingimplementationusingapriority queueis about2000timesfasterthananunoptimized,
recursve implementationAn areaof 50 50 cellsis calculatedn approximately% seconds.

To deducean agents'desiredvelocity, or direction, from this potential eld is not aseasyas
expected.The rst ideais to just walk into the directionof the neighbourcell with hasa lower
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Figure2: Differentalgorithmsto calculatethe desiredvelocity (walking direction)from a given
potential eld.
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Figure3: A potential eld generatedor onedestinationin the centerof the formation(left) and
for two destinationgright). A lighter color meansa lower potential (closeto the centey the
potentialis lowest). Someexamplewalking directionsderivedfrom this potential eld areshown
in blue.

potential,andwhich is thereforecloserto the destination.Using this method however, yieldsin
a zigzagingpath,becausehe possiblewalking directionsarelimited by the numberof neibour
cells,whichis eight (1%t columnof Figure2).

However, evenby usingthe cell-basedirectioninformation,the agentsareableto walk in ary
arbitrarydirection. Thepedestiadynamicsarestill computedaccordingequation(1), but we use
aVv? thatis deducedrom the precomputegbotential eld.

Onepossibility to increasehe numberof possiblewalking directionsis to increasehe number
of cellslookedat. If cellsnotjust onebut two stepsaway are considerecaswell, 16 directions
arepossible(2" columnof Figure?2).

An even morerealisticresultcanbe achieved if the algorithm continuescheckingcellsin one
directionuntil it reacheswall. Then,it follows the minimal potentialuntil it reacheghe corner
of thatwall. This corneris in the direction the agentshouldwalk (3'® column of Figure 2).
Alternatively, onecanfollow theminimal potentialuntil thecell cannolongerbereachedlirectly
from thestartingcell (4" columnof Figure?2). This lasttwo algorithmsrequireknowledgeof the
positionof objectsin the simulatedarea.

It is possibleto solve the problemof nding the optimal walking direction using the correct
distancedo the destinationinsteadof using ManhattandistancegNishinariet al., 2001). This
basicallyyieldsin agraphconnectingall cornersof every object. The pedestriangppearo 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 approximately?2m, which is accurateenoughfor paththroughforestsor meadavs.
However, insidevillagesor closeto obstaclesaresolutionof 25cmis neededo modelarealistic
behaiour of the pedestrians.

Onepossibilitywould beto switchto thejustpresentegbotential eld modelwhereneededSince
only V2 is calculatedby the potential eld, all otheraspect®f the pedestriardynamicsasforces
betweempedestriansr from obstacleswould remainthe same.

However, a moreintuitive solutionis to keepthe existing graph,but to add more detailswhere
needed.We werelooking for a methodthat generatedh grapharounda given setof obstacles.
This pathcanbe megedwith theglobalhiking pathgrapheventually

In a rst step,we have to decidewherethe nodesof the new graphshouldbe. Thereshouldbe
enoughnodeghata agents ableto circumwentobstacle®n a naturallylooking path,but nottoo
much.Eachadditionalnodehasto be consideredn routechoicesandaddsto pathlenghts.Paths,
which arelist of nodesarestoredin agentsor transmittedover the network.

It is notthateasyto nd asimpleyetrealisticlooking positionof a node. The simplestsolution
would be to adda nodeto eachcornerof all objects(seeFigure4a). However, peopletendto
keepa certaindistanceo objects.Weidmann(1993)outlinesthatpedestriankeepandistanceof
0.25m (insidebuildings)and0.45m (outdoors)o walls, evenmoreto obstaclesik e fences.The
pathswould beto closeto the objects. This would not be a problem,sinceagentsaswell keepa
distanceto obstacleslueto ernvironmentalforces,but it would be betterto avoid the problemin
thegraphdirectly.

The pedestriansvill obsere a distancef the nodeshave a certaindistanceto the objectcorners
aswell. We decidedo usemultiple nodedor eachcornerof anobject. Eachof themin adistance
of 0.25m to the objectcorner(seeFigure4c). It doesnotmatterin which directionthepedestrian
approacheshe corner the distanceto the corneris more or lessequal. In orderto reducethe
numbersof nodeswe run analgorithmthateliminatesnodedying insideanobject.

Basedon thesenodesanintial graph is constructed.At rst, every nodeis connectedo each
othernode,andeachsuchedgehasanweightof the distancebetweerthe nodes.We usethenan
algorithmto reducethe edgesgeneratedy fully connectingall the nodesgeneatedWe run an
visibility checkalgorithm,known from e.g.the areaof 3D computergraphics,to determineall

theedgeghatintersectwith obstaclesTheseedgesaredeleted.

Inorderto nd theshortestpath throughthis network, theDijkstra(1959)shortespathalgorithm
is used. The implementationof this algoritm is time dependant For trafc simulations,time
dependantoutesare primarily becausef traf c jams,which is a featureimplied by the agents
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Figure4. a) The simplestsolutionto placenodeswould be to adda nodeto eachcornerof all

objects.b) sincepeopletendto keepa certaindistanceto objects,the nodesshouldbe placedat
a distanceof 25cmto the cornerof obstaclesc) is is, however, easierto place4 or morenodes
closeto eachcornerandremove the onesinsideanobjectin alater step.
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themselfs. For pedestriarsimulations,wherethe densityis not too high (e.g. outdoors),time
dependang in route algorithmscanbe usedto modelexternalin uences (e.g. weathey closed
chairlifts). Note thatthe costfunction usedhereis not only dependanof the travel time, but is
in uenced by otherfactorsaswell (e.g.steepnessf the path,how nice the view is, diversity of
ervironment,seeGloor etal., 2003a).

4. Precomputed Forces

Thetwo presentednodelshave in commonthatthey bothuseprecomputedorce elds, storedin
acell-basedyrid. Differentis theway they calculatethe desiredvelocity v° of a pedestrianTable
1 givesanoverview of theforcesused.

Tablel: A comparisorof the way the forcesthatin uence the movementof anagentarecom-
putedin thetwo models.

Force Description PotentialModel GraphModel

Desiredvelocity Theforcewhichpulls Pre-computed During runtime
the agentsalong the
path

Socialforces In uence of theother Duringruntime During runtime
agents

Pathforce Theforcewhichpulls N/A During runtime
theagentdackonthe
path

Walkability How fastanagentcan Pre-computed Pre-computed
walk in a given posi-
tion

Note that thereis no path forcein the potentialmodel. This force is usedin the graphmodel
to keepthe pedestriansearthe middle of anwalking path. In the potentialmodel,however, the
pedestrianggure outwhereto walk by themseles,providedthatwalking on a pathis faster

To encodethis information, a further grid is needed.It storeshow fasta pedestriarns ableto

walk in agivenlocation. Thevalueof thewalkability parameter w(r;) is betweer0 (obstacle,
no walking possible)and 1 ( at street). This actually reducesthe desiredvelocity from v° to

w(r;)VvP. In the Alpsim project, walkability canalsobe usedto modelswamps,snav elds, or

densdorests,wherewalkingis in principle possible put cumbersome.

This parameteis usedby both models. The graphmodelusesit to slow down the pedestrians
thatarenot exactly onthe path. A reasoro leave the pathcould be becaus®f otherpedestrians
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Figure5: Thewalkability parametecanbe usedto preventagentsdrom walking too closeto an
obstacle Walking directionswithout any correctiongleft), with adaptecpotential eld (middle)
andwith adaptedvalking directionalgorithm(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. narrav hiking paths. This doesnot affect the route choiceof the
pedestrianglirectly. However, the modulesof the strateyical layer (Gloor et al., 2003a)notice
this delayeventuallyandwill take thisinto accountor thenext iteration.

In the potentialmodel,thewalkability is useddirectly by thealgorithmthatcalculateghe optimal
walking directionfor anagent(Figure5). Thisyieldsin trajectorieghatcircumwentregionswith
lower walkability, if the detouris small enough. As a side effect, the walkability canalsobe
alusedto preventthe agentsfrom walking too closeto a wall or an obstacle. This is doneby
settingthe walkability parameteto alower valueswhereanagentshouldnot walk.

Theseforcesarerelatively expensve to calculate sinceoneneedgso enumeratehroughall pos-
sibleobjectsthatcouldin uence agivenlocation.Yet, sincethoseforcesdo notdependntime,
they canbe pre-computedeforethe simulationstarts. In orderfor this to be successfulsome
coarse-grainingf spaces necessatyFor this, we usecellsof size25cm  25cm, andassume
thatall time-independenfiorcesare constantnsidea cell. The resultingforce eld (Fig. 6) be-
comeson-continuous spacebput thisis notaproblemin practicesincethisonly in uencesthe
acceleratiorof pedestriansThatis, the acceleratiorcontribution from the environmentalforces
canjump from onetime stepto the next, but sincetime is not continuousthisis not noticeable.

Pre-computinghevaluesfor all cellsin a hiking region of, say 50km  50km, doesnot t into
regularcomputermemory To avoid this problem,we implementedwo methodslazy initializa-
tion, anddisk caching.By lazy initialization , we meanthatthe valuesarecomputedonly when
anagentreally needghem,alsoknows asVirtual ProxyPattern(Gammaetal., 2001,page207—
217).
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Figure6: The hybrid simulationtechnique.The forces(arravs) arevalid for the whole cell; a
pedestriars trajectory(dots)canfollow arbitrarypositions.
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In practice thesimulationareais dividedinto blocksof size200m  200m. Everytime anagent
entersoneof theseblocks,the valuesfor all cellsinsidethatblock arecomputed.Sincehiking
pathscrossonly a small fraction of thoseblocks,the cell valuesfor mary blocksin our hiking
areawill neverbecalculated.

In addition,the cell values,oncecomputedarestoredon 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 startedwhenthose
valuesarenotfoundondisk. In consequence simulationstartedfor the rst time will runmore
slowly, becausehedisk caches notyet lled.

If the simulationrunsout of memory thenblockswhich areno longerneededj.e. which have
not beencrossedoy an agentfor a long time, are unloadedfrom memory If they areneeded
again they arejustre-loadedrom disk. This correspond$o theLeastRecentlyJsed(LRU) Page
Replacemenlgorithmdescribedy Tanenbaunt2001,page218-222).

An additionaladvantageof the blocks,well known from moleculardynamicssimulationsjs that
onecanusethemto cut off theshort-rangenteractionbetweerthe pedestriansAgentswhichare
notin the sameor oneof the eightadjacenblocksareignored. This impliesthatthereneedso
besomedatastructurevhereagentsareregisteredo theblock. Agentsthatmove from oneblock
to anothemeedto unregisterin the rst block andregisterin the next one. In this way, anagent
searchindor its neighborsonly needso go throughtheregisteredagentsn the relevantblocks.
This bringsthe computatiorcomplexity from O(N ?) down to O(NM ), whereN is thenumberof
all agentdn the simulation,andM is the numberof agentsn a singleblock. M is areasonably
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smallnumberwhencomparedo thenumberN of all agentsn areal-world scenario.

5. Simulation of Zlric h Main Station

As areal-world scenaridor testingour models we chosea simulationof anevacuatiorof Zurich
Main Station. We simulatedan areaof 700m 200mwith morethan3000 obstacles.Agents
wereplacedrandomlywithin the simulatedarea(neighterinsidebuildings, nor on therailways).
We considereckeight differentexit locations,every pedestriarchooseghe one closestto him.
Note thatwe did just oneiteration,which meanghat congestiorat a certainexit canoccurand
is notavoidedby the pedestrianslt would be possible however, to run multiple iterationsof the
scenariao enablethe agentdo learnfrom sucha situation(seee.g. Gloor etal., 2003a;Rang
andNagel,2004).

To handlethe differentlevels of the Main Station,we hadto introducethe conceptof stairsand
elevators. Differentlevelswereplacedbesideeachother Elevatorswereimplementedike tele-
portation(with atime delayof someseconds)stairsaredividedinto two halves,eachsimulated
in alevel, with teleportatiorin themiddle. However, forcesbetweerpedestriaron differentsides
of thisboundarystill contributeto pedestriaimovements.

Since Zurich Mainstationhas more than one exit, we hadre ect this in our models. For the
potential eld model,thisis simple:startingthe ooding algorithmfrom all exits simultaneously
is sufcient. All thedifferentexits arestoredin the sameprecomputednap,sincefor everygiven
pointin the simulatedarea thereis exactly oneclosestexit. However, for the graphmodel,this
wasmorecomplicatedwe hadto generatenultiple graphspnefor eachpossibleexit.

For a pedestriarsimulation,two measurement@reinportant:i) how realistictheresultsare,and
i) how fastthe computationis.

Thesizeof thecellsthatstorethe potential eld doesaffectthetime pre-computationakes. For
the Zurich Main Stationscenariowe measuredn a 700MHz Pentiumlll equippedwith 256
Mbytesof RAM:

Table2: In uence of thecell sizeto thetime requiredfor pre-computinghe potential 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 accessibldvisible) from the neighbourcell. As the checkhasto iterate
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Figure7: An evacuationof Zurich Main Stationusingthe potential eld model. The pedestrians
hurryto theclosesexit avaliable. Thisis a captureof the rst of multiple iterationswhichmeans
thatcongestiorat a certainexit canoccurandis notavoidedby the pedestrians
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Figure8: Potentialeld for ZurichMain Station,generatedor the8 potentialexits. This potential
eld hasto begenerate@achtime thedestinatiorchanges.

Figure9: Spanningreefor Zurich Main Station,generatedor the 8 potentialexits. This span-
ning treehasto be generateaachtime the destinationrchangesbut the underlyingnodesdo not
change.
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overall obstaclesn thesimulatedareathe calculationtime increase$inearly with thenumberof
obstacles.

Table3: In uence of thenumberof obstaclesn the simulatedarea

#Objects CalculationTime (s)
100 65
500 219
1000 420
1500 643
2000 866

The graphmodelsrequiresthat the graphis pre-computed.This takes 175 minutesfor the full
scenariocontainingall of th 300obstacleslf smallobstacledik e pillars or benchesreremoved
for thegraphgenerationthetime canbereducedo 35minutes.Smallobjectshardlyin uencethe
pathof a pedestriarthoosesHowever, the pedestrianstill do not walk throughtheseobstacles,
sincethe3'? termof the RHS of equation(1) still pusheghemaway from obstacles.

An comparisorof the presenteanodelsis shavn in Table4. The Zirich Main Stationscenario
wasrun for 10,100and500agentuusingeachmodel. Notethatin this numberghetime usedto
pre-calculatehe potential eld andto generatehegraphis notincluded.

For the graphmodel(columnd) ande)), thetime to simulatethe rst stepstakeslongerthanthe
averagebecauseheagentshaveto nd anoptimalnodeonthegraphto walk to their destination.

Thepotential eld modelneedsaboutoneminuteto loadthe pre-calculateaellsinto memory
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Table4: Time to simulatean evacuationof Zuirich Main Stationusinga) potential eld model
with minimal neighborapproachb) potential eld with minimal distancespproach¢) potential
eld with precalculatedvalking directions,d) graphmodelignoringsmallobstaclesande) graph
model. Furtherthe average/maximuntime anddistanceneededo leave the stationare shown.
This shavsthatthe comparednodelsgeneratesimilar results.

a) b) C) d) e)

10walking agents:

Total Time 81s 76s 81ls  38s 84s
Time FirstRound <ls <1ls <ls 16s 66s
Time perRound <ls <1s <1s <1ls <l1s
Walking Time 72s 116s 57s 88.6s 80s
Max. Walking Time 132s 203s 154s 199s 199s
WalkedDistance 75m 98m 91m 99m 96m
Maximal Walking Distance 132m 213m 240m 237m 227m

100walking agents:

Total Time 139s 75s 252s 290s 525s
Time First Round <ls <l1s 1s 131s 341s
Time perRound <ls <l1s 1s <1s 1s
Walking Time 67.1s 50.9s 55s 70.6s 74s
Max. Walking Time 239s 180s 230s 182s 182s
WalkedDistance 73m 51m 66m 80m 77m
Maximal Walking Distance 239m 217m 214m 227m 229m

500walking agents:

Total Time 282s 240s 446s 1726s 4617s
Time First Round 2s 1s 4s 664s 1459s
Time perRound 2s 1s 4s 12s 12s
Walking Time 60.3s 67s 53s 69.5s 76.6s
Max. Walking Time 234s 189s 195s 262s 271s
WalkedDistance 64m 79.4m 92m 79m 78m
Maximal Walking Distance 236m 245m 189m 247m 233m
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