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Abstract

Onegoal of the project“Planning with Virtual Alpine Landscapesnd AutonomousAgents”
is to build a multi-agentsimulationmodel of touristshiking in the Alps. Sucha simulation
genericallyconsistsof two components:The physicalmobility simulation, which movesthe
hikersthroughthesystemandcomputegheirinteractionsandthestratgy generatioomodule(s),
which compute(s)stratgic decisionsof the agentssuchas destinationor route choice. This

paperconcentratesn the mobility simulation. This paperdiscussesvhich kind of simulationis

suitableandwhatmodelwas nally selected.The modelis modi ed for our particularpurpose,
i.e. for hiking in the Alps ratherthancrowd or panicsimulationsin smallenclosedspacesThe
modi ed modelis thencalibratedwith real-world data.
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1. Introduction

Theproject‘Planningwith Virtual Alpine LandscapeandAutonomousAgents”?, whichis part
of SwissNational ScienceFoundations NFP 48 “LandscapesndHabitatsof the Alps”, usesa
multi agentsimulationto modelthe actuities of tourists(primarily hikers). The eventualgoal
is to have theseagentslive in a virtual world wherethey shouldbe ableto evaluatedifferent
developmentscenariogor tourism.

Suchscenariosnclude,for example,the questionof re-forestatiorof meadavs, or the summer
useof chairlifts andthelik e. Left to themseles,mary areasn the SwissAlps wouldbecovered
by denseforest; it seemshowever that most hikers would prefer a more variablelandscape.
This is confoundedby legal regulations,which essentiallyallow landovnersto preventforest
from growing on meadavs, but oncea forestis there, it is not allowed to getrid of it again.
Similarly, areaswhich areusedfor skiing duringwintersnormally make the landscapevisually
unattractve; on the otherhand,mary people,n particularfamilieswith childrenor peoplewith
healthlimitations, like mechanicahidsto bring themnearertto thetop of mountains.

In thissituation it seemghatit would behelpfulto have modelswhich evaluatetheseaspectsAs
sooften,it seemghata modelthatstartsfrom “ rst principles”(i.e. from modelingthe individ-
ual peopleincluding their decisiondirectly) offers conceptuahndmethodologicahdvantages.
Also, mary questionswill bedif cult to answerin moreaggrgyatedmodels;for example,it is
impossibleto think aboutjudgingtheoverallappeabf atouristareato peoplewith certaindemo-
graphiccharacteristicd thosedemographicharacteristiceredecoupledrom, say the hiking
streams.

All this pointsto theresultthatmulti-agentsimulationgor suchproblemsshouldbetried. Multi-
agentheremeanghatindeedeachtouristis individually representecindthathis or herfull day
or full weekin the vacationareais simulated. Suchan approachis in principle feasible,as
similar projectsin the areaof trafc simulationshave shovn (e.g. Rang et al., 2003a),but it
is unclearif the correspondindehaioral rulesand parameterganbe calibratedwell enough
to allow meaningfulpredictions.— Notethatin this paper thewords“pedestrian”,*hiker”, and
“agent”will beusedinterchangeably

Theaim of this projectis to implementsucha simulationin orderto investigatehe achiezable
level of realism. At the sametime, the projectis usedto explore generalcomputationaim-
plementation®f mobility simulations.As it turnsout, mobility simulationsystemsgenerically
consistof at leasttwo componentsithe simulationof the physicalsystem,and the simulation
of the stratgic decisionsof the agents(e.g. Ferbeyr 1999, Chap.4). While the formeris con-
cernedwith physicalaspectssuchaslimits on acceleratioror speed,or the interactionwith
otheragentsthelatteris concernedvith the stratgic or mentaldecisionsof theagents.Thefact
thatbothof them,plustheirinterplay areimportant,hasoftenbeenngylectedn the past—either
peoplecomingfrom physicsor similar areaswere concernedboutthe physicalsimulationbut
neglectedstratejies,or peoplecomingfrom arti cial intelligenceor similar areasconcentrated
on simulating“intelligent” agentsbut neglectedto implementa realistic representatiomf the

seehttp://www.sim.inf.ethz.ch/projects/alpsim/
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physicalsystem(e.g.Ferber 1999,Chap 4).

This paperconcentratesn the physicalsimulation,alsocalledmobility simulation. This paper
rst discusseghe type of basicmodelthat was selectedand the reasondor this choice(Sec.
2). All of thesemodelsarein someway driven by a “desiredvelocity” of the agent. Sec.3
thus discusse®ptionsof how to obtainthat desiredvelocity in a scenariowith hiking paths.
Sec. 4 thendiscusseseld experimentshatwereusedto calibratethe modelfor our purposes.
The challengés to simulatehikersin large geographicabreasof, say . Since
the simulationusesfull two-dimensionakpaceandneedshigh spatialresolutionin orderto be
realistic, this posesconsiderablalemandson the computationand memoryresources.Sec.5
discussesomputationamethod=f how to achieve this. The paperis concludedby aquicklook
onavery preliminaryapplicationresult,anda summary
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2. Mobility Simulation

As mentionedabove, the mobility simulationtakes careof the physicalaspectof the system,
suchasinteractionof the agentswith the environmentor with eachother Typical simulation
techniquedor suchproblemsare:

In microscopicsimulations, eachpatrticle is representedndividually. Thereare three
versionsof this:

— Theagentsmovementcanbegivenby coupleddifferentialequationsFor computer
implementationgthedifferentialequationsieedto bediscretizedvith atime step .2
The original modelis recoveredfor . Thisis thesametechniqueasappliedin
moleculardynamicssimulations(e.g.Beazlg etal., 1995).

— Sometimesit makessensdo de ne the agents’dynamicsdirectly in coarse-grained
time. This makesfor examplesensefor trafc (Krauf3, 1997), wherethe reaction
time playsanimportantrole. In thesemodels,thetime step needsto be selected
with care,andthe limit is not meaningfulfor suchmodels.Suchmodelsare
sometimegalledcoupledmap lattices.

— Analogousto coarse-grainedime, it is also possibleto coarse-grairspace. That
is, againone doesnot considerthe limit of the discretizationconstant,but
the modelis explicitely formulatedwith a speci ¢ spatialresolutionin mind. These
modelsaretypically calledcellular automata (CA, e.g.Wolfram, 1986).

In macroscopior eld-based simulations, particlesareaggreatedinto elds. Thecorre-
spondingmathematicamodelsare partial differentialequationswhich canbediscretized
for computelimplementations.

It is possibleto combinemicroscopicand eld-basedmethodswhichis sometimesalled
smooth particle hydrodynamics(SPH,Gingold andMonaghan,1977). In SPH,thein-

dividuality of eachparticleis maintained.During eachtime step,particlesareaggreated
to eld quantitiessuchasdensity thenvelocitiesare computedrom thosedensitiesand
theneachindividual particleis movedaccordingto thosemacroscopiwelocities.

As afourth method,somevhaton the side, exist the queuingsimulationsfrom operations
research Here, particlesmove in a networks of queueswhereeachqueuehasa service
rate. Oncea particleis sened, it movesinto the next queue.Most queuingmodelsdo not
modelspillback,i.e. thefactthatqueuesanextendupstream.

For our simulationswe needto maintainindividual particles sincethey needto beableto make
individual decisions suchasroute choicesthroughoutthe simulation. This immediatelyrules
out eld-basedmethods.We alsoneeda realisticrepresentatioof inter-pedestriannteractions,
which rulesout boththe queuemodelsandthe SPHmodelswith their too simpli ed dynamics.
This leavesthe microscopiomodels.We decidedagainstusinga CA techniqudor thefollowing

2Event-drivensimulationsarepossibleput notconsideredere.



Swiss Transport Research Conference
March 19-21, 2003

reasonHikersmalke movementsnto arbitrarydirections.CA modelshoweverarebestatrepre-
sentingmovementalongthemaindirectionswhich couldbefour or six dependingpnthechoice
of quadraticor hexagonalgrid. Off-axis movementsan CA modelsis typically representedby

usingdifferentprobabilitiesfor differentdirections. This however resultsin erraticmovements
for off-axis movement,andin differentdirectionalvariabilitiesfor on-axisvs. off-axis move-

ment. For crowd simulations,suchasfor evacuation(e.g.Meyer-K onig etal., 2001),this is not

of majorimportance.But for our application,whereit may evenbe necessaryo follow the eye

movementsf anindividual agentthis makesCA simulationsawkward.

This leaves the simulationsbasedon continuousspace. Here, modelsderived from coupled
differentialequationsseemto be muchbetterunderstoodhancoupledmaps(for which we are
not evenawareof anexample),which is why we decidedto usethe former. A genericcoupled
differentialequationrmodelfor pedestriam€movements (Helbingetal., 2000)

— — (1)

where is the massof the pedestriarand its velocity. is its desiredvelocity; in con-
sequencethe rst termonthe RHS modelsexponentialapproachto that desiredvelocity, with
atime constant . The secondterm on the RHS modelspedestriarinteraction,andthe third
modelsinteractionof the pedestriarwith the ervironment.

Modelingthedesiredspeed is critical for hikerssincethey needto beableto follow arbitrarily
complicatedpathsthroughvariableterrain. In the simplestmodel,oneassumeshat the hiking
pathis de ned by a large enoughnumberof waypoints,andthe agentsimply headstowardsa
waypoint(marked“w” in Fig. 1). Thatis, if theagentisat andthewaypointisat , thenthe
desiredvelocity of theagents givenas

where isthemagnitudeof thedesiredvelocity. Onceawaypointis reached, is movedtothe
next waypoint.— A disadwantageof this methodis thatpedestrianarearti cially pulledtowards
thatwaypointevenin situationswherethisis not plausible. Thiswill bediscussedh moredetalil
in Sec.3.

Thespeci c mathematicalorm of theinteractiontermdoesnot seemnto becritical for our appli-
cationsaslong asit decaydastenough Fastdecayis importantin orderto cutoff theinteraction
at arelatively shortdistance.This is importantfor ef cient computing,but it is alsoplausible
with respecto the real world: Otherpedestrianat, say a distanceof several hundredmeters
will notaffectapedestriangvenif thoseotherpedestriangreatavery high density We usean
exponentiafforce decayof

which seemgo work well in practice. is the force contribution of agent to agent; is
the positionof agent . Alternative moresophisticatedormationsaredescibedy Helbingetal.
(2000).
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Thisleavestheervironmentalforces, . Themostimportantervironmentalin uence s giving
by the hiking path. Thewaypoints asdescribedbove, pull the pedestriartowardsa pointonthe
path,but they doin generahot pull the pedestriarontothe path. Oneoptionto achieve thelatter
is to give locations outsidea patha force towardsthe nearespath(seeFig. 1 for a cell-based
examplewhich is discussedn Sec.5). As alreadysaid,improvementsof this arediscussedn
Sec.3. As theonly otheraspeciof ervironmentalforces,point-like obstaclesare modeledas
non-maoving pedestrians.

In theimplementationa time-stepof is used.Pedestrianareconsiderecneatatime.
Velocity is updatedaccordingo

— — (2)

positionis updatedn parallelaccordingo

As of now, theupdateis sequentialfor our problemsnolargedifferencego parallelupdatewere
obsened.

In fact,it may happerthatthevelocity accordingto Eqg. (2) is muchlargerthanis plausible.For
thatreasonjf the magnitudeof the velocityis largerthan , it is arti cially reducedo

An additionalelementis given by a so-calledwalkability parameter . This number be-
tween (obstacle)and (at street),parametrizeshe walkability of the terrain. This number
dependontheposition of theagent.This, insteadof reducingthevelocityto  asindicated
in thelastparagraphit is actuallyreducedo
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Figurel: Exampleof theforcetowardsthe waypoint.lIt is atthe sametime anillustration of the
useof cellsfor local forceinformation.
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3. Improved version of the path force (“model B”)

The pedestriammodel describedn the previous section(“*model A”) suffers from someshort-
comings:

Agentsmove in thedirectionof awaypoint. Thisis for examplea problemif they areona
wide straightstreetwith awaypointin themiddle,becauséhey will all move towardsthat
waypointinsteadof remainingon their sideof the street(seeFig.2).

If two pathsareclosetogetherandapedestriawaspushedaway, sayby otherpedestrians,
toofarfrom its own path,theenvironmentafforceswhich pull the pedestriarto thenearest
pathmaypull the pedestriario thewrongpath. Thiswill eventuallybe correctedvhenthe
simulationcontinuessincethe pedestrians still pulled towardsthe correctwaypoint,but
it looksimplausible.The conceptuateasorbehindthisis thatin modelA the pathforces
dependonthelocationratherthanon theagents own intentions.

In this section,a modelwill be presentedhatallows agentdo follow a pathwithout thosetwo
artifacts.

Theideais to move to a force systemthatfollows the path. The pathis givenby aline, which
in turnis givenby our input data. This pathline may for examplebe a piecevise linear object,
or aBeziercurve, or aspline® Eachpedestriamow has,besidests truelocation,a shadow tag

3In fact, standard3-splinesdo notwork well; instead onecanuseAkima splines(Akima, 1972).
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onthatline. The shadev tagis alwayscomputedsuchthatthe connectiorbetweenhe shadov
tagandthe pedestriarns orthogonato the pathline. Thedesiredspeed is now computedsuch
thatit is in thedirectionof thepathline (light arravsin Fig. 3); andtherewill beaweakerviron-
mentalforce componentowardsthe centerof the path(darkarrovsin Fig. 3). In consequence,
agentow essentiallymove parallelto the pathdirectionanddo not have atendeng any more
to goto the centerof the pathnearwaypoints.Thesucces®f thisis documentedh Fig. 4.

Notethatthe shadav tagis usedonly for computingthe pathforce. Oncethe agenthasmoved,
the position of the shadev tag needsto be computedagain. In general,this is a non-linear
problemandthusneedsto be solved by an iterative algorithm,for examplethe one by Brent.
Evenwith this algorithm,it is clearthatit canbecomestuckin alocal minimum,andcareneeds
to betakento preventthatsituation. The situationgetsconfoundedy the factthatshadev tags
needto be passedn acrosswaypoints,andthe bestpositionfor a shadev tag could be already
onthenext sgment.Somedetailsof this arediscussedy Mauron(2002).

In our case|jt turnsout thatthe pathdatais goodenoughthata piecevise linearinterpolationis
sufcient. For this case the positionof the shadev tag canbe computeddirectly, andthe only
thing thatcanhappernis thatis hasmovedon to the next ssgment.Whatwe dois to calculatethe
distance of the pedestriaralsoto the next segment andcomparet with . If is
smalleror equalthan , then becomeshecurrentsggment;thatis, if thereis achoice,then
the next sggmentis chosen.A resultingartifactof this is thatat connectionsith angleslarger
than90 degreesagentswill move towardstheinnersideof the curve atanimplausiblelocation.
For our purposesthis artifactcanbe acceptedsincesuchsituationsarerarewith the givendata.

Technically thismeanghattheernvironmentalforce contribution, , Isnow separatethto
two terms,

3)
Obstaclesarestill simply treatedasnon-mwing pedestriansThe pathforce (denotedby

darkarrowsin Fig. 3) keepsthe pedestriaron the pathandis perpendiculato the pathline. It is
givenby

— — )
where is the vector normalto the path, and characterizeéhe path width, and the
constants characterizeesp.therangeandstrengthof the pedestrian-pathter-
action,individually for eachpedestrian. Someplotsof canbefoundin Fig. 6. Theforce

Eq. (4) canbedervedfrom a potentialas with

Sincethe potentialis moreintuitive thantheforceplot, it is givenin Fig. 7.

Notethatanequilibriumpositioncanbefoundby settingtheforce equalto zero;this resultsin

(5)
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Figure2: Tracesof hikersin “model A”, wherethey areall pulled towardsthe samewaypoint.
Notehow thetrajectoriedfocusnearthewaypoint,anddivergebeforeandafter Thewidth of the
pathremainsunchanged.

Sec.4 will describean asymmetricwalkway whereall theseparameterare indeedused. In
generalhowever, we will use , , andauniform
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Figure 3: Path-orientedcoordinatesystemfor the computationof the desiredvelocity andthe
pathforces.Thelight arrovs shav thedesiredvelocity, which drivestheagentforwardalongthe
path. Thedarkarrows show the pathforce,which pull the agenttowardsthe middle of the path.

Figure4: Tracesof pedestriansvalking in the samedirectionaccordingto “model B”. Notethat
they stayontheir sideof the path,evenatabend.
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Figure5: Angle betweerthe “force” causedy the desiredvelocity, andthe pathforce. Thisis
bothafunctionof the pathwidth, andthedistanceérom the centerof the path. At largedistances
from the path, the agentis driven towardsthe pathwith no componenin its desiredwalking
direction. On wide paths,the lateralcomponenbf the force is nearly zero. For the plot, the
velocity of theagent, , isassumedo bezero.
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4. Model Calibration

In this sectionwe presenteld measurementen pedestriano w we have performedusing a
video camera.We took video footageof pedestriansvalking on a sidevalk andmeasuredheir
distancdo theborders We usedtheseobsenationsto selectanappropriatgpathforcemodeland
calibratevariousmodelparameters.

The calibration of the model parameterdik e the force constants and in Eq. (4) canbe
dif cult. A commonmethodin microscopiamodelingis to useobsenedmacroscopi@roperties
of the ow, like speed-densitgurvesor o w-densityand adaptthe simulationparameterso
matchthem(Hoogendorret al., 2002). A majordif culty in the caseof pedestriano w is that
the speed-densitgurwes, the so-calledfundamentaldliagramsare scarce. The usualreference
curve, the Weidmanncurve (Weidmann,1992), althoughgenerallyacknavledgedasrealistic,
was not testedon the eld. An additionalproblemwith speed-densitgurve calibrationis the
lack of speci city sinceonecanonly calibratethe whole setof parametersandnot only single
parameters A moreprecise ne grainedcalibrationwould be obtainedby measuringspeci ¢
propertiesof thetrafc o w but hereagain,the lack of properstudiescausegyreatdif culties,
althoughseveralefforts arecurrentlyconductedo obtainquantitatve datafrom pedestriano w.

10
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Figure6: Force in a2 meterswide sidevalk ( ). Notethatthe plot showns the

absolutevalue of theforce;to theright of wherethe forcebecomeszero,theforceis actually
negative.
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4.1 Experimental setup

Pedestriaimovementswvere obsened at a sidevalk on Tannenstrasséetweenthe CLA build-
ing andthe main building of ETH in Zurich (Fig. 8). Advantageof thatlocationincluded: it
waspossibleto placethe camerahigh above the obsened area;differentobserationtimesre-
sultedin different o w characteristicsthe areais devoid of inhomogeneitiesuchasadditional
entranceshats, shoppingvindows, etc. A disadwantagas the slightuphill gradeof thesidevalk.

After the video footagewastaken, pedestriarmovementshadto be translatednto a Cartesian
eld coordinatesystem. This wasachieved by a half-automatiadmageanalysisand coordinate
conversionsoftwarewritten explicitely for this purpose(Mauron,2002). The systemwas cali-
bratedby four control pointsthatweremarkedwith brightducttapeon the pedestriarsidewalk.
The eld coordinate®f thosepointsweredeterminedisingstandardneasuringape.A 1-meter
referencestick, randomlyplacedonthesidevalk andanalysedria thesystenresultedn alength

error of about , Which is reasonabldor the purposehere. The width of the sidevalk was
, resultingin

and (6)

(7)

After this, movementsof real pedestriansveretracked. For this, second-by-seconddeo im-
ageswerereadinto the software,andtheir estimatedorojectionof their centerof gravity to the
sidevalk wasmanuallydetermined.That positionwasthencorvertedby the softwareinto eld

coordinatesTwo situationsweredistinguished:

Single pedestrian. No otherpedestriarwaswithin a 10 meterradius.

Crossingpedestrians.Two pedestriansf opposingdirectionpasseachother withoutary
otherpedestriarwithin a 10 meterradius.

As will beexplainedbelow, the rst scenariovasusedfor thecalibrationof the , while thesec-
ondscenariovasusedto calibratepedestrian-pedestrianteraction.475non-interactingpedes-
triansand 150 crossingeventswereusedfor the analysis.The resultingdistributionsareshavn

in Fig. 9.

4.2 Calibration of the path force

The obsenationof non-inteactingpedestrian®n a straightsidevalk have shovn thatthey tend

walk in straightline keepinga constantdistance from theroadborder Theradial pedestrian
distribution obtainedwith the eld measurementsvealthatthe 'sarestatisticallydistributed

arounda meanvalue . The pedestriansendto keepa larger distancefrom the street
thanfrom thewall whichis understandablsincethe streetis potentiallymoredangerous.

For a calibrationof the pathforce constantsit wasassumedhatthe pathforce constants
and  arenormallydistributedwith amearvalue , andthesamestandardleviation

12
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This results,via Eq. (5), in a distribtion for the equilibriumvalues . Theconstants ,
and werenow variedsothattheresultingdistributionof the ~ matchesaswell aspossible
the eld measuremerdistribution; notethatthevalueof doesnot matterhere. The method
convergedto thefollowing values,

(8)
(9)
(10)

The correspondingedestriardistributionis shovn in gure 10. Althoughthe simulateddistri-
bution peaksroughlyatthesamevalue |, the eld distributionis signi cantly higherat and
decreasefasterapproachinghewall.

4.3 Calibration of pedestrian interaction

Given the above calibrationof the pathforce, the eld measurementsf the two-pedestrian-
encounterganbe usedto calibratethe pedestrian-pedestrianteraction. The basicassumption
hereis thatthis interactionfollows the samefunctionalform asthe pathforce,i.e.

where isthevectorfrom thepositionof tothepositionof . Thestrengthof theinteraction
force, , is assumedo be the sameas the strengthof the pathforce, . Finally, it is
assumedhat the pathforce, with ~ and ~, shouldbe exactly in equilibrium
with theinteractionforce whenthe pedestriangreside-by-sidethe measure@dveragepositions
whenthe pedestrianareside-by-sideare

(11)
N (12)
For theforcesto cancelout, this resultsin two equationspnefor eachpedestrian:
N N (13)
N N (14)
B ~ isthedistancebetweerthetwo averagevalues.
Insertingthe forceequationdor the rst equationoneobtains

wherealreadythe assumptiorwas madethat all force strengths arethe same. Solving this
equationwith respecto resultsin

(16)

(17)

13
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Givenour previousvaluesfor  and |, thisvalueseemsplausible.

Doing the sameprocedurgor the secondequationresultsin a muchlower estimatefor of

. Thisis dueto the factthat for a pedestriarcloseto the wall the presencef a second
pedestriardoesnot shift the averagevaluefor alot —from to —and
thereforethe otherpedestriardoesnot have to “push” alot to achieve this. We concludethatfor
our purposesan interactionrangeof is plausible,both for the pathforce andfor the
interactionforce.

4.4 Fundamental diagrams, and the interaction strength

We measuredhebehaiour of simulatedoedestriansnapathwith width | i.e. and
. Thelengthof the pathsegmentwas . For this section,a constan@andlarge path
force strengthof wasselectedwhile the pedestriannteractionstrength, , was

variedasindicated. The large pathforce modelssolid walls. We wereinterestedn the change
of meanwalking speed™ of theagentsf we changeheirdensity . A curiousresultwhendoing
this with periodic boundaryconditionsis that the velocity doesnot go down at all, evenwith
very high density The reasonis thatthe pedestriansnove asa single block even at very high
densities;this is causedby a combinationof two propertiesof the equations: The pedestrian
interactionis uniform in all directions,thatis, a pedestriarfrom behindpushesasmuchasa
pedestriann front. Secondnothingin theformulationsaysthattheir velocity shoulddependn
somedistancerom eachotherasit is thefactwith mostcarfollowing equations.

This is clearly unrealistic. It however turns out that with “randomized”’boundaryconditions,
the problemgoesaway andreasonabléundamentatliagramsesult(Fig. 11). With randomized
boundaryconditions,a pedestriarreachingthe end of the segmentwill reappeaat the startof
the otherendwith a randomizedateral position. Sincenow the boundaryconditionsare not
periodic, the pedestriamaboutto leave the corridor at one end doesnot pushthe pedestrians
on the otherend. This cancauseunrealisticoverlappingpedestriansin orderto avoid that, the
simulationchecksf thereis spaceavailableattherandomizedocation(for theprecisealgorithm
seeMauron(2002)).If thelocationis alreadyoccupiedthepedestriams stuckandtheprocedure
is repeatecht every simulationtime steptill thereis space.— This essentiallymeansthat with
randomizeddoundaryconditionsthe“pushingfrom theback” is notdoneattheentryto the path
segment.

From Fig. 11, one obsenresthat an interactionstrengthof is too weak. Valuesof
areplausible.

Finally, Fig. 12 shovs fundamentabliagramswvhena shareof pedestrians, , is moving in the
opposingdirection. Clearly, with  increasingowards , the averagevelocity goesdown. As
expectediheeffectis morepronouncedor high thanfor low densities We arenot awareof ary
systematiceld measurement® comparethis dataagainst.

14
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Figure8: Measuredjuantities

5. Computational aspects

It wasarguedearlierthata cellular automatarepresentationf spacedid not seemappropriate
for our purposesinsteadwe usea continuougepresentationf space. However, someaspects
of our simulation,suchaswalkability or obstacleforces,dependon the spatiallocationof the
agent. The sameis true for the pathforcesin “model A” (Sec.2), which we still intendto use
for simulationswith complicatedgeometriesuchasinsidebuildings. Theseforcesarerelatively
expensve to calculate,since one needsto enumeratehroughall possibleobjectsthat could
In uence agivenlocation.

However, sincethoseforcesdo not dependon time, they canbe pre-computedbeforethe simu-

lation starts.In orderfor this to be successfulsomecoarse-grainin@f spaceas necessaryFor

this, we usecellsof size , andassumehatall time-independerforcesareconstant
insideacell. Theresultingforce eld (Fig. 1) becomesion-continuousn spacehut thisis nota

problemin practicesincethis only in uencesthe acceleratiorof pedestriansThatis, theaccel-
erationcontribution from the ervironmentalforcescanjump from onetime stepto the next, but

sincetime is not continuousthis is not noticeable.

Unfortunately precomputinghe valuesfor all cellsin a hiking region of, say

doesnot t into regularcomputememory To avoid this problem we implementedwo methods
lazy initialization, anddisk caching(Fig. 13). By lazy initialization , we meanthat the values
arecomputedonly whenan agentreally needshem. In practice the simulationareais divided
into blocksof size . Everytime anagententersoneof theseblocks,the valuesfor

15
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Figure9: Real-world pedestriardistribution for non-interactingandinteractingpedestrians
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Figurel0: Validation: Real-world andsimulatedsinglepedestriardistribution
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Figure 11: Averagespeed™ vs. pedestriandensityfor uni-directional o w and randomized
boundaryconditions( , [m], [m])
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all cellsinsidethatblock arecomputed.Sincehiking pathscrossonly a smallfractionof those
blocks,the cell valuesfor mary blocksin our hiking areawill never be calculated.

In addition,the cell values,oncecomputedarestoredon disk (disk caching). Everytime when
an agentencounters block for which the cell valuesare not in memory the simulation rst

checksif they are maybeon disk. Computationof the cell valuesis only startedwhenthose
valuesare not found on disk. In consequence simulationstartedfor the rst time will run
slower, becausehedisk cacheas not lled yet.

If thesimulationrunsoutof memorythenblockswhicharenolongerneededi.e. whichhave not
beencrossedy anagentfor along time) areunloadedrom memory If they areneededagain,
they arejustre-loadedrom disk. It would alsobe possibleto allocatemain memoryfor all the
blocksandrely in thepagingmechanisnof theoperatingsystem However, sincewe know more
aboutthe simulation,we areabledo optimizethe parameter$or this specialpurpose.

An additionaladvantageof the blocks,well known from moleculardynamicssimulationsjs that
onecanusethemto cutoff theshort-rangenteractionbetweerthe pedestriansAgentswhichare
notin the sameor oneof the eightadjacenblocksareignored(Fig. 14). Thisimpliesthatthere
needgo be somedatastructurewhereagentsareregistereco the block. Agentsthatmove from
oneblock to anothemeedto unregisterin the rst block andregisterin the secondone. In this
way, anagentsearchingor its neighborsonly needsto go throughthe registeredagentsn the
relevantblocks. This bringsthe computationcompleity from O( ) downto O( ), where

is thenumberof agentsn asingleblock.  isareasonablgmallnumberwhencomparedo
thenumber of all agentsn areal-world scenario.
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Figurel2: Themaximalvelocity of walking pedestriandecreases theirdensityrises,andwhen
oncomingtraf ce increases. , randomboundaryconditions.
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For atestingscenarioof size , we would needapprox. cellsor

blocks,resultingin 9 GByte memoryrequirement.The resultof the lazy initialization together
with the cachingmechanisnis that50 MByte areenoughfor the scenaricshovn in Fig. 16. The
computationakpeedfor that simulation,with 300 hikers, was about40 times fasterthanreal

time.
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Figure13: Sinceblock consumea lot of memory they areloadedinto memoryassoonasan
agentwalksover, andaredeletedafterawhile.

Block A (not loaded) Block|B (jn memory

Figure14: The scends dividedinto multiple “blocks”. Only forcesfrom adjacentblockshave
anin uence to anagent.
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Figurel5: Firstrun. All agentshave the samedestinationandat this stage the sameroute.

6. A preliminar y application

The eventualgoal of this projectis to simulatehikersin a tourist areain the SwissAlps, and
make themreactto visual stimuli. It would go beyond the scopeof this paperto discussthe
whole ideaof that project,andits plannedimplementation.In generalthe approachs similar
to an actwity-basedmicrosimulationapproachto transportatiorsimulation(e.g. Rang et al.,
2003b).Thatis, therewill bea snythetic population, presumablyconsistingof touristsstaying
at hotelsor visiting for a day. For eachtourist, a daily or possiblyweekly activity plan will

be generated.Theseactuities will include, say to hike to a certainpeak,to have a coffee at
a mountainrestaurantpr to go shoppingin the village. Theseactvities arethenconnectedy
routes Routeswill be computedaccordingto generalizeccost functions,which depend for
example,on scenicabeautyor on the numberof otherhikersthatareencounteredA learning
algorithm ontop of thiswill make thetouristsadapt,for examplein orderto avoid otherhikers.

A small proof-of-principlerun is documentedn Figs. 15, 16,and 17. It is assumedhatall
agentdeave in the morningfrom the hotelandhike to the samemountainpeak. They however
wantto avoid eachotherbecause¢hey wantto hike in solitude.Fig. 15 shavsthe rst run,where
no hiker knew aboutthe otherhikers' intentions.Fig. 16 shows the situationafter 50 iterations,
wherehikershave learnedto spreacdbutandavoid eachothet

Considerablynorework will be necessaryo Il theseelementswith true real-world meaning.
This aspecgoes,assaidbefore,beyondthe scopeof this paper
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Figurel16: After 50 iterations

/. Summary

Within theresearclproject‘Planningwith Virtual Alpine LandscapeandAutonomousAgents”,
asimulationof hikersin the Alps is implementedTheultimategoalis to have thesehikersmake
realistictours, wherethey reactto visual stimuli including the presenceof other hikers. This
papermresentsheunderlyingpedestriarsimulationfor the project.Becausef the needto allow
for realistic arbitrary movement,a simulation basedon continuousspacewas selected. The
dynamicmodelis takenfrom theliterature,but thoroughlytestedfor our purposes.

Oneimportantaspects thecomputatiorof theforceswhich keeptheagentonthe pathandmake

it follow the possiblywinding path. Two approacheweretested.onebasedn acombinationof

location-basediorces,which pushthe agenttowardsthe nearespath,andattractve waypoints,
whichpull theagentalongits route. Theothermodel(“model B”) usesapath-oriented¢oordinate
systempwith a strongforcealongthe path,anda weakforce towardsthe middle of the path.For

thehiking applicationmodelB seemdo be easierto handleandto generatdewer artifactsthan

modelA.

In contrastto otherpedestriarsimulationswhich concentraten crowd or even panicbehaior
but have the advantageof relatively small spatialscenaricsizes,in this projectcrowd behaior
is lessimportantbut large scenariomeedto be handled. The implementationthereforeuses
lazy initialization plus cachingfor location-basedlata. This meansthat the simulationareais
segmentednto blocks. Location-basedlatais only computedvhenanagententersa block for
thevery rst time. It is thensimultaneouslkeptin memoryandwrittento disk. If thesimulation
runsout of memory blockswhich have not beenusedfor a long time areremoved from meory
but kept on disk. Suchblockscanbere-loadedf anotheragententersthe block at somelater
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Figure1l7: Someagentsiking from their hotelto thetop of a mountain.

time, or if thesimulationis runasecondime with thesameparameters- Sincethehiking paths
coveronly arelatively smallfractionof thewhole geographicahrea this mechanismmalkesthe
handlingof large scenariopossibleon normaldesktopPCs.

Futurework will concentrat®n “strategic” moduleswhich computedestinationandroutesfor
the hikers. Theintentionis to do this in a moregeneraldistributedcomputationahrchitecture,
whichwill allow the simulationof arbitrarylarge scalemobility scenarios.
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