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Abstract

Onegoal of the project “Planningwith Virtual Alpine LandscapesandAutonomousAgents”
is to build a multi-agentsimulationmodel of touristshiking in the Alps. Sucha simulation
genericallyconsistsof two components:The physicalmobility simulation,which moves the
hikersthroughthesystemandcomputestheir interactions;andthestrategygenerationmodule(s),
which compute(s)strategic decisionsof the agentssuchas destinationor route choice. This
paperconcentrateson themobility simulation.This paperdiscusseswhich kind of simulationis
suitableandwhatmodelwas�nally selected.Themodelis modi�ed for our particularpurpose,
i.e. for hiking in theAlps ratherthancrowd or panicsimulationsin smallenclosedspaces.The
modi�ed modelis thencalibratedwith real-world data.
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1. Intr oduction

Theproject“Planningwith Virtual Alpine LandscapesandAutonomousAgents”1, which is part
of SwissNationalScienceFoundation's NFP48 “LandscapesandHabitatsof theAlps”, usesa
multi agentsimulationto modelthe activities of tourists(primarily hikers). The eventualgoal
is to have theseagentslive in a virtual world wherethey shouldbe able to evaluatedifferent
developmentscenariosfor tourism.

Suchscenariosinclude,for example,thequestionof re-forestationof meadows, or thesummer
useof chairlifts andthelike. Left to themselves,many areasin theSwissAlps wouldbecovered
by denseforest; it seemshowever that most hikers would prefer a more variablelandscape.
This is confoundedby legal regulations,which essentiallyallow landownersto prevent forest
from growing on meadows, but oncea forest is there,it is not allowed to get rid of it again.
Similarly, areaswhich areusedfor skiing duringwintersnormallymake the landscapevisually
unattractive;on theotherhand,many people,in particularfamilieswith childrenor peoplewith
healthlimitations,likemechanicalaidsto bring themnearerto thetop of mountains.

In thissituation,it seemsthatit wouldbehelpfulto havemodelswhichevaluatetheseaspects.As
sooften,it seemsthata modelthatstartsfrom “�rst principles”(i.e. from modelingtheindivid-
ual peopleincludingtheir decisionsdirectly) offersconceptualandmethodologicaladvantages.
Also, many questionswill be dif�cult to answerin moreaggregatedmodels;for example,it is
impossibleto think aboutjudgingtheoverallappealof atouristareato peoplewith certaindemo-
graphiccharacteristicsif thosedemographiccharacteristicsaredecoupledfrom, say, thehiking
streams.

All thispointsto theresultthatmulti-agentsimulationsfor suchproblemsshouldbetried. Multi-
agentheremeansthatindeedeachtouristis individually represented,andthathisor herfull day
or full week in the vacationareais simulated. Suchan approachis in principle feasible,as
similar projectsin the areaof traf�c simulationshave shown (e.g.Raney et al., 2003a),but it
is unclearif the correspondingbehavioral rulesandparameterscanbe calibratedwell enough
to allow meaningfulpredictions.– Notethat in this paper, thewords“pedestrian”,“hiker”, and
“agent”will beusedinterchangeably.

Theaim of this projectis to implementsucha simulationin orderto investigatetheachievable
level of realism. At the sametime, the project is usedto explore generalcomputationalim-
plementationsof mobility simulations.As it turnsout, mobility simulationsystemsgenerically
consistof at leasttwo components:the simulationof the physicalsystem,andthe simulation
of the strategic decisionsof the agents(e.g.Ferber, 1999,Chap.4). While the former is con-
cernedwith physicalaspects,suchas limits on accelerationor speed,or the interactionwith
otheragents,thelatteris concernedwith thestrategic or mentaldecisionsof theagents.Thefact
thatbothof them,plustheir interplay, areimportant,hasoftenbeenneglectedin thepast– either
peoplecomingfrom physicsor similar areaswereconcernedaboutthephysicalsimulationbut
neglectedstrategies,or peoplecomingfrom arti�cial intelligenceor similar areasconcentrated
on simulating“intelligent” agentsbut neglectedto implementa realistic representationof the

1seehttp://www.sim.inf.ethz.ch/projects/alpsim/
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physicalsystem(e.g.Ferber, 1999,Chap.4).

This paperconcentrateson thephysicalsimulation,alsocalledmobility simulation.This paper
�rst discussesthe type of basicmodel that wasselectedand the reasonsfor this choice(Sec.
2). All of thesemodelsare in someway driven by a “desiredvelocity” of the agent. Sec.3
thusdiscussesoptionsof how to obtain that desiredvelocity in a scenariowith hiking paths.
Sec.4 thendiscusses�eld experimentsthatwereusedto calibratethemodelfor our purposes.
Thechallengeis to simulatehikersin largegeographicalareas,of, say, ���������	�
����� . Since
thesimulationusesfull two-dimensionalspace,andneedshigh spatialresolutionin orderto be
realistic, this posesconsiderabledemandson the computationandmemoryresources.Sec.5
discussescomputationalmethodsof how to achievethis. Thepaperis concludedby aquick look
ona verypreliminaryapplicationresult,anda summary.
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2. Mobility Simulation

As mentionedabove, the mobility simulationtakescareof the physicalaspectsof the system,
suchasinteractionof theagentswith theenvironmentor with eachother. Typical simulation
techniquesfor suchproblemsare:

� In microscopicsimulations, eachparticle is representedindividually. Thereare three
versionsof this:

– Theagents'movementscanbegivenby coupleddifferentialequations.For computer
implementations,thedifferentialequationsneedto bediscretizedwith atimestep

�

.2

Theoriginal modelis recoveredfor
���

� . This is thesametechniqueasappliedin
moleculardynamicssimulations(e.g.Beazley etal., 1995).

– Sometimes,it makessenseto de�ne theagents'dynamicsdirectly in coarse-grained
time. This makes for examplesensefor traf�c (Krauß,1997),wherethe reaction
time playsan importantrole. In thesemodels,the time step

�

needsto be selected
with care,andthe limit

���

� is not meaningfulfor suchmodels.Suchmodelsare
sometimescalledcoupledmap lattices.

– Analogousto coarse-grainedtime, it is also possibleto coarse-grainspace. That
is, againonedoesnot considerthe limit �

�

� of the discretizationconstant,but
themodelis explicitely formulatedwith a speci�c spatialresolutionin mind. These
modelsaretypically calledcellular automata (CA, e.g.Wolfram,1986).

� In macroscopicor �eld-based simulations, particlesareaggregatedinto �elds. Thecorre-
spondingmathematicalmodelsarepartialdifferentialequations,which canbediscretized
for computerimplementations.

� It is possibleto combinemicroscopicand�eld-basedmethods,which is sometimescalled
smoothparticle hydrodynamics(SPH,GingoldandMonaghan,1977). In SPH,the in-
dividuality of eachparticleis maintained.During eachtime step,particlesareaggregated
to �eld quantitiessuchasdensity, thenvelocitiesarecomputedfrom thosedensities,and
theneachindividualparticleis movedaccordingto thosemacroscopicvelocities.

� As a fourth method,somewhaton theside,exist thequeuingsimulationsfrom operations
research.Here,particlesmove in a networksof queues,whereeachqueuehasa service
rate.Oncea particleis served,it movesinto thenext queue.Most queuingmodelsdo not
modelspillback,i.e. thefactthatqueuescanextendupstream.

For oursimulations,weneedto maintainindividualparticles,sincethey needto beableto make
individual decisions,suchasroutechoices,throughoutthe simulation. This immediatelyrules
out �eld-basedmethods.We alsoneeda realisticrepresentationof inter-pedestrianinteractions,
which rulesout boththequeuemodelsandtheSPHmodelswith their too simpli�ed dynamics.
This leavesthemicroscopicmodels.WedecidedagainstusingaCA techniquefor thefollowing

2Event-drivensimulationsarepossible,but notconsideredhere.

3



Swiss Transport Research Conference

March 19–21, 2003

reason:Hikersmakemovementsinto arbitrarydirections.CA modelshoweverarebestat repre-
sentingmovementalongthemaindirections,whichcouldbefour or six dependingonthechoice
of quadraticor hexagonalgrid. Off-axis movementsin CA modelsis typically representedby
usingdifferentprobabilitiesfor differentdirections.This however resultsin erraticmovements
for off-axis movement,and in differentdirectionalvariabilities for on-axisvs. off-axis move-
ment.For crowd simulations,suchasfor evacuation(e.g.Meyer-König et al., 2001),this is not
of major importance.But for our application,whereit mayevenbenecessaryto follow theeye
movementsof anindividualagent,thismakesCA simulationsawkward.

This leaves the simulationsbasedon continuousspace. Here, modelsderived from coupled
differentialequationsseemto bemuchbetterunderstoodthancoupledmaps(for which we are
not evenawareof anexample),which is why we decidedto usetheformer. A genericcoupled
differentialequationmodelfor pedestrianmovementis (Helbingetal., 2000)
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where ��� is the massof the pedestrianand
�

� its velocity.
���

�

is its desiredvelocity; in con-
sequence,the �rst termon theRHSmodelsexponentialapproachto thatdesiredvelocity, with
a time constant�

� . The secondterm on the RHS modelspedestrianinteraction,andthe third
modelsinteractionof thepedestrianwith theenvironment.

Modelingthedesiredspeed
�

�

�

is critical for hikerssincethey needto beableto follow arbitrarily
complicatedpathsthroughvariableterrain. In thesimplestmodel,oneassumesthat thehiking
pathis de�ned by a large enoughnumberof waypoints,andthe agentsimply headstowardsa
waypoint(marked“w” in Fig. 1). That is, if theagentis at ��� andthewaypointis at � , thenthe
desiredvelocityof theagentis givenas
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where�

�

�

is themagnitudeof thedesiredvelocity. Onceawaypointis reached,� is movedto the
next waypoint.– A disadvantageof thismethodis thatpedestriansarearti�cially pulledtowards
thatwaypointevenin situationswherethis is notplausible.Thiswill bediscussedin moredetail
in Sec.3.

Thespeci�c mathematicalform of theinteractiontermdoesnotseemto becritical for ourappli-
cationsaslongasit decaysfastenough.Fastdecayis importantin orderto cutoff theinteraction
at a relatively shortdistance.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
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which seemsto work well in practice.
�

�

�

is the force contribution of agent. to agent / ; �0� is
thepositionof agent/ . Alternativemoresophisticatedformationsaredescibedby Helbingetal.
(2000).
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This leavestheenvironmentalforces,
�

�

�

. Themostimportantenvironmentalin�uence is giving
by thehiking path.Thewaypoints,asdescribedabove,pull thepedestriantowardsapointonthe
path,but they do in generalnotpull thepedestrianontothepath.Oneoptionto achievethelatter
is to give locations� outsidea patha forcetowardsthenearestpath(seeFig. 1 for a cell-based
examplewhich is discussedin Sec.5). As alreadysaid,improvementsof this arediscussedin
Sec.3. As the only otheraspectof environmentalforces,point-like obstaclesaremodeledas
non-moving pedestrians.

In theimplementation,a time-stepof
�

�

��� ��� is used.Pedestriansareconsideredoneata time.
Velocity is updatedaccordingto
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positionis updatedin parallelaccordingto
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As of now, theupdateis sequential;for ourproblems,nolargedifferencesto parallelupdatewere
observed.

In fact,it mayhappenthatthevelocityaccordingto Eq.(2) is muchlargerthanis plausible.For
thatreason,if themagnitudeof thevelocity is largerthan �

�

�

, it is arti�cially reducedto �

�

�

.

An additionalelementis given by a so-calledwalkability parameter��� � ��� . This number, be-
tween � (obstacle)and

�

(�at street),parametrizesthe walkability of the terrain. This number
dependson theposition �0� of theagent.This, insteadof reducingthevelocity to �

�

�

asindicated
in thelastparagraph,it is actuallyreducedto �

�

�

�����������
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Figure1: Exampleof theforcetowardsthewaypoint.It is at thesametimeanillustrationof the
useof cellsfor local forceinformation.
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3. Impr oved version of the path force (“model B”)

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

� Agentsmovein thedirectionof awaypoint.This is for exampleaproblemif they areona
widestraightstreetwith awaypointin themiddle,becausethey will all movetowardsthat
waypointinsteadof remainingon their sideof thestreet(seeFig.2).

� If two pathsareclosetogetherandapedestrianwaspushedaway, sayby otherpedestrians,
toofar from its own path,theenvironmentalforceswhichpull thepedestrianto thenearest
pathmaypull thepedestrianto thewrongpath.Thiswill eventuallybecorrectedwhenthe
simulationcontinuessincethepedestrianis still pulled towardsthecorrectwaypoint,but
it looksimplausible.Theconceptualreasonbehindthis is that in modelA thepathforces
dependon thelocationratherthanon theagent's own intentions.

In this section,a modelwill bepresentedthatallows agentsto follow a pathwithout thosetwo
artifacts.

The ideais to move to a forcesystemthat follows thepath. Thepathis givenby a line, which
in turn is givenby our input data.This pathline mayfor examplebea piecewise linearobject,
or a Beziercurve,or a spline.3 Eachpedestriannow has,besidesits truelocation,a shadow tag

3In fact,standardB-splinesdonotwork well; instead,onecanuseAkima splines(Akima, 1972).
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on that line. Theshadow tag is alwayscomputedsuchthat theconnectionbetweentheshadow
tagandthepedestrianis orthogonalto thepathline. Thedesiredspeed

� �

�

is now computedsuch
thatit is in thedirectionof thepathline (light arrowsin Fig.3); andtherewill beaweakenviron-
mentalforcecomponenttowardsthecenterof thepath(darkarrows in Fig. 3). In consequence,
agentsnow essentiallymove parallelto thepathdirectionanddo not have a tendency any more
to go to thecenterof thepathnearwaypoints.Thesuccessof this is documentedin Fig. 4.

Notethattheshadow tagis usedonly for computingthepathforce. Oncetheagenthasmoved,
the position of the shadow tag needsto be computedagain. In general,this is a non-linear
problemandthusneedsto be solved by an iterative algorithm,for examplethe oneby Brent.
Evenwith thisalgorithm,it is clearthatit canbecomestuckin a localminimum,andcareneeds
to betakento preventthatsituation.Thesituationgetsconfoundedby thefact thatshadow tags
needto bepassedon acrosswaypoints,andthebestpositionfor a shadow tagcouldbealready
on thenext segment.Somedetailsof thisarediscussedby Mauron(2002).

In our case,it turnsout thatthepathdatais goodenoughthata piecewiselinear interpolationis
suf�cient. For this case,thepositionof theshadow tagcanbecomputeddirectly, andtheonly
thing thatcanhappenis thatis hasmovedon to thenext segment.Whatwedo is to calculatethe
distance

�

� ��
 of thepedestrianalsoto thenext segment � � ��
 andcompareit with
�

� . If
�

� ��
 is
smalleror equalthan

�

� , then �	� ��
 becomesthecurrentsegment;thatis, if thereis achoice,then
thenext segmentis chosen.A resultingartifactof this is thatat connectionswith angleslarger
than90 degrees,agentswill move towardstheinnersideof thecurveatanimplausiblelocation.
For ourpurposes,thisartifactcanbeaccepted,sincesuchsituationsarerarewith thegivendata.

Technically, thismeansthattheenvironmentalforcecontribution, �

�

�

�

�

, is now separatedinto
two terms,
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Obstaclesarestill simply treatedasnon-moving pedestrians.The pathforce
�

+

� ��� (denotedby
darkarrows in Fig. 3) keepsthepedestrianon thepathandis perpendicularto thepathline. It is
givenby
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where � � � � is the vector normal to the path,
�


 and
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characterizethe path width, and the
constants
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� ��� � � characterizeresp.therangeandstrengthof thepedestrian-pathinter-
action,individually for eachpedestrian/ . Someplotsof
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Eq.(4) canbederivedfrom apotentialas
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Sincethepotentialis moreintuitive thantheforceplot, it is givenin Fig. 7.

Notethatanequilibriumpositioncanbefoundby settingtheforceequalto zero;this resultsin
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Figure2: Tracesof hikersin “model A”, wherethey areall pulled towardsthesamewaypoint.
Notehow thetrajectoriesfocusnearthewaypoint,anddivergebeforeandafter. Thewidth of the
pathremainsunchanged.

Sec.4 will describean asymmetricwalkway whereall theseparametersare indeedused. In
general,however, wewill use

�




�




���

,
*


 � �

�

*
�

� � , andauniform �

+

� ��� .
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Figure3: Path-orientedcoordinatesystemfor the computationof the desiredvelocity andthe
pathforces.Thelight arrowsshow thedesiredvelocity, whichdrivestheagentforwardalongthe
path.Thedarkarrows show thepathforce,whichpull theagenttowardsthemiddleof thepath.

Figure4: Tracesof pedestrianswalking in thesamedirectionaccordingto “modelB”. Notethat
they stayon their sideof thepath,evenatabend.
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Figure5: Angle betweenthe“force” causedby thedesiredvelocity, andthepathforce. This is
bothafunctionof thepathwidth, andthedistancefrom thecenterof thepath.At largedistances
from the path, the agentis driven towardsthe pathwith no componentin its desiredwalking
direction. On wide paths,the lateralcomponentof the force is nearlyzero. For the plot, the
velocityof theagent,

�

� , is assumedto bezero.
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4. Model Calibration

In this sectionwe present�eld measurementson pedestrian�o w we have performedusinga
videocamera.We took videofootageof pedestrianswalking on a sidewalk andmeasuredtheir
distanceto theborders.Weusedtheseobservationsto selectanappropriatepathforcemodeland
calibratevariousmodelparameters.

The calibrationof the model parameterslike the force constants� and
*

in Eq. (4) can be
dif�cult. A commonmethodin microscopicmodelingis to useobservedmacroscopicproperties
of the �o w, like speed-densitycurvesor �o w-densityandadaptthe simulationparametersto
matchthem(Hoogendornet al., 2002). A majordif�culty in thecaseof pedestrian�o w is that
the speed-densitycurves,the so-calledfundamentaldiagramsarescarce.The usualreference
curve, the Weidmanncurve (Weidmann,1992),althoughgenerallyacknowledgedasrealistic,
wasnot testedon the �eld. An additionalproblemwith speed-densitycurve calibrationis the
lack of speci�city sinceonecanonly calibratethewholesetof parametersandnot only single
parameters.A moreprecise�ne grainedcalibrationwould be obtainedby measuringspeci�c
propertiesof the traf�c �o w but hereagain,the lack of properstudiescausesgreatdif�culties,
althoughseveraleffortsarecurrentlyconductedto obtainquantitativedatafrom pedestrian�o w.
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Figure6: Force
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in a 2 meterswide sidewalk (
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��� � ). Notethat theplot shows the
absolutevalue
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of theforce;to theright of wheretheforcebecomeszero,theforceis actually
negative.
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4.1 Experimental setup

Pedestrianmovementswereobservedat a sidewalk on Tannenstrasse,betweentheCLA build-
ing andthe main building of ETH in Zurich (Fig. 8). Advantagesof that locationincluded: it
waspossibleto placethe camerahigh above the observedarea;differentobservation timesre-
sultedin different�o w characteristics;theareais devoid of inhomogeneitiessuchasadditional
entrances/exits, shoppingwindows,etc.A disadvantageis theslightuphill gradeof thesidewalk.

After the video footagewastaken,pedestrianmovementshadto be translatedinto a Cartesian
�eld coordinatesystem.This wasachievedby a half-automaticimageanalysisandcoordinate
conversionsoftwarewritten explicitely for this purpose(Mauron,2002). Thesystemwascali-
bratedby four controlpointsthatweremarkedwith brightducttapeonthepedestriansidewalk.
The�eld coordinatesof thosepointsweredeterminedusingstandardmeasuringtape.A 1-meter
referencestick,randomlyplacedonthesidewalk andanalysedvia thesystemresultedin a length
error of about ��� � , which is reasonablefor the purposehere. The width of the sidewalk was

�

� � � , resultingin
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After this, movementsof real pedestriansweretracked. For this, second-by-secondvideo im-
ageswerereadinto thesoftware,andtheir estimatedprojectionof their centerof gravity to the
sidewalk wasmanuallydetermined.Thatpositionwasthenconvertedby thesoftwareinto �eld
coordinates.Two situationsweredistinguished:

� Singlepedestrian.No otherpedestrianwaswithin a10 meterradius.

� Crossingpedestrians.Two pedestriansof opposingdirectionpasseachother, withoutany
otherpedestrianwithin a10 meterradius.

As will beexplainedbelow, the�rst scenariowasusedfor thecalibrationof the
*

� , while thesec-
ondscenariowasusedto calibratepedestrian-pedestrianinteraction.475non-interactingpedes-
triansand150crossingeventswereusedfor theanalysis.Theresultingdistributionsareshown
in Fig. 9.

4.2 Calibration of the path force

Theobservationof non-interactingpedestriansonastraightsidewalk haveshown thatthey tend
walk in straightline keepinga constantdistance

�

from the roadborder. The radialpedestrian
distribution obtainedwith the �eld measurementsreveal that the

�

's arestatisticallydistributed
arounda meanvalue

�

���

�

��� � . Thepedestrianstendto keepa largerdistancefrom thestreet
thanfrom thewall which is understandablesincethestreetis potentiallymoredangerous.

For a calibrationof the pathforce constants,it wasassumedthat the pathforce constants
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�

� � arenormallydistributedwith ameanvalue
*


 ,
*

�

andthesamestandarddeviation �
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.
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This results,via Eq. (5), in a distribtion for theequilibriumvalues
�

�

� � . Theconstants
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,
and �

*

werenow variedsothattheresultingdistributionof the
�

�

� � matchesaswell aspossible
the �eld measurementdistribution; notethat thevalueof � doesnot matterhere. The method
convergedto thefollowing values,
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Thecorrespondingpedestriandistribution is shown in �gure 10. Althoughthesimulateddistri-
bution peaksroughlyat thesamevalue

�

�

, the�eld distribution is signi�cantly higherat
�

�

and
decreasesfasterapproachingthewall.

4.3 Calibration of pedestrian interaction

Given the above calibrationof the path force, the �eld measurementsof the two-pedestrian-
encounterscanbeusedto calibratethepedestrian-pedestrianinteraction.Thebasicassumption
hereis thatthis interactionfollowsthesamefunctionalform asthepathforce,i.e.
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where� �

� is thevectorfrom thepositionof � to thepositionof � . Thestrengthof theinteraction
force, �

+ +

, is assumedto be the sameas the strengthof the path force, �

+

� ��� . Finally, it is
assumedthat the pathforce,with
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, shouldbe exactly in equilibrium
with theinteractionforcewhenthepedestriansareside-by-side;themeasuredaveragepositions
whenthepedestriansareside-by-sideare
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For theforcesto cancelout, this resultsin two equations,onefor eachpedestrian:
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is thedistancebetweenthetwo averagevalues.

Insertingtheforceequationsfor the�rst equationoneobtains
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wherealreadythe assumptionwasmadethat all force strengths� arethe same. Solving this
equationwith respectto

*�+ +

resultsin
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Givenourpreviousvaluesfor
*


 and
* �

, this valueseemsplausible.

Doing the sameprocedurefor thesecondequationresultsin a muchlower estimatefor
* + +

of
���

�

� � . This is dueto the fact that for a pedestriancloseto the wall the presenceof a second
pedestriandoesnot shift theaveragevaluefor

�

a lot – from
�

� �

�

� � � to
�

�

�

�

����� � – and
thereforetheotherpedestriandoesnothave to “push” a lot to achieve this. Weconcludethatfor
our purposesan interactionrangeof

*

�

�

� is plausible,both for the pathforce andfor the
interactionforce.

4.4 Fundamental diagrams, and the interaction strength �

Wemeasuredthebehaviour of simulatedpedestriansonapathwith width
�

� , i.e.
�
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� � and
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� . Thelengthof thepathsegmentwas
�

� � . For this section,a constantandlargepath
forcestrengthof �

+

� ���

�

��� � � wasselected,while thepedestrianinteractionstrength,�

+ +

, was
variedasindicated.The largepathforcemodelssolid walls. We wereinterestedin thechange
of meanwalkingspeed� of theagentsif wechangetheirdensity� . A curiousresultwhendoing
this with periodicboundaryconditionsis that the velocity doesnot go down at all, even with
very high density. The reasonis that the pedestriansmove asa singleblock evenat very high
densities;this is causedby a combinationof two propertiesof the equations:The pedestrian
interactionis uniform in all directions,that is, a pedestrianfrom behindpushesasmuchasa
pedestrianin front. Second,nothingin theformulationsaysthattheir velocityshoulddependon
somedistancefrom eachotherasit is thefactwith mostcarfollowing equations.

This is clearly unrealistic. It however turnsout that with “randomized”boundaryconditions,
theproblemgoesawayandreasonablefundamentaldiagramsresult(Fig. 11). With randomized
boundaryconditions,a pedestrianreachingtheendof the segmentwill reappearat the startof
the otherendwith a randomizedlateralposition. Sincenow the boundaryconditionsarenot
periodic, the pedestrianaboutto leave the corridor at one end doesnot pushthe pedestrians
on theotherend. This cancauseunrealisticoverlappingpedestrians.In orderto avoid that,the
simulationchecksif thereis spaceavailableat therandomizedlocation(for theprecisealgorithm
seeMauron(2002)).If thelocationis alreadyoccupied,thepedestrianis stuckandtheprocedure
is repeatedat every simulationtime steptill thereis space.– This essentiallymeansthat with
randomizedboundaryconditionsthe“pushingfrom theback” is notdoneat theentryto thepath
segment.

From Fig. 11, oneobservesthat an interactionstrengthof �

+ +

�

�

��� is too weak. Valuesof
�

+ +

�

�

� � areplausible.

Finally, Fig. 12 shows fundamentaldiagramswhena shareof pedestrians,� , is moving in the
opposingdirection.Clearly, with � increasingtowards ��� � , theaveragevelocity goesdown. As
expected,theeffect is morepronouncedfor high thanfor low densities.Wearenotawareof any
systematic�eld measurementsto comparethisdataagainst.
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Figure8: Measuredquantities

5. Computational aspects

It wasarguedearlier that a cellular automatarepresentationof spacedid not seemappropriate
for our purposes.Instead,we usea continuousrepresentationof space.However, someaspects
of our simulation,suchaswalkability or obstacleforces,dependon the spatiallocationof the
agent.The sameis true for thepathforcesin “model A” (Sec.2), which we still intendto use
for simulationswith complicatedgeometriessuchasinsidebuildings.Theseforcesarerelatively
expensive to calculate,sinceone needsto enumeratethroughall possibleobjectsthat could
in�uence agivenlocation.

However, sincethoseforcesdo not dependon time, they canbepre-computedbeforethesimu-
lation starts.In orderfor this to besuccessful,somecoarse-grainingof spaceis necessary. For
this,weusecellsof size

�

��� � �

�

��� � , andassumethatall time-independentforcesareconstant
insideacell. Theresultingforce�eld (Fig. 1) becomesnon-continuousin space,but this is nota
problemin practicesincethis only in�uencestheaccelerationof pedestrians.That is, theaccel-
erationcontribution from theenvironmentalforcescanjump from onetime stepto thenext, but
sincetime is notcontinuous,this is not noticeable.

Unfortunately, precomputingthe valuesfor all cells in a hiking region of, say, ��� ��� �	��� ��� ,
doesnot�t into regularcomputermemory. To avoid thisproblem,weimplementedtwo methods:
lazy initialization, anddisk caching(Fig. 13). By lazy initialization , we meanthat the values
arecomputedonly whenanagentreally needsthem. In practice,thesimulationareais divided
into blocksof size

�

� ��� �

�

����� . Every timeanagententersoneof theseblocks,thevaluesfor
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Figure9: Real-world pedestriandistribution for non-interactingandinteractingpedestrians
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Figure10: Validation:Real-world andsimulatedsinglepedestriandistribution
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Figure 11: Averagespeed� vs. pedestriandensity for uni-directional�o w and randomized
boundaryconditions(
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all cells insidethatblock arecomputed.Sincehiking pathscrossonly a small fractionof those
blocks,thecell valuesfor many blocksin ourhiking areawill neverbecalculated.

In addition,thecell values,oncecomputed,arestoredon disk (disk caching). Every time when
an agentencountersa block for which the cell valuesarenot in memory, the simulation�rst
checksif they aremaybeon disk. Computationof the cell valuesis only startedwhen those
valuesare not found on disk. In consequence,a simulationstartedfor the �rst time will run
slower, becausethediskcacheis not �lled yet.

If thesimulationrunsoutof memory, thenblockswhicharenolongerneeded(i.e.whichhavenot
beencrossedby anagentfor a long time) areunloadedfrom memory. If they areneededagain,
they arejust re-loadedfrom disk. It would alsobepossibleto allocatemainmemoryfor all the
blocksandrely in thepagingmechanismof theoperatingsystem.However, sinceweknow more
aboutthesimulation,weareabledooptimizetheparametersfor this specialpurpose.

An additionaladvantageof theblocks,well known from moleculardynamicssimulations,is that
onecanusethemto cutoff theshort-rangeinteractionbetweenthepedestrians.Agentswhichare
not in thesameor oneof theeightadjacentblocksareignored(Fig. 14). This impliesthatthere
needsto besomedatastructurewhereagentsareregisteredto theblock. Agentsthatmovefrom
oneblock to anotherneedto unregisterin the �rst block andregisterin thesecondone. In this
way, an agentsearchingfor its neighborsonly needsto go throughthe registeredagentsin the
relevantblocks. This bringsthecomputationcomplexity from O(�

�

) down to O(��� ), where
� is thenumberof agentsin asingleblock. � is a reasonablysmallnumberwhencomparedto
thenumber� of all agentsin a real-world scenario.
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Figure12: Themaximalvelocityof walkingpedestriansdecreasesif theirdensityrises,andwhen
oncomingtraf�ce increases.�
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For a testingscenario,of size
�

�

��� �

�

����� , we would needapprox.
�

��� �

�

��� cellsor � ��� �

blocks,resultingin 9 GBytememoryrequirement.Theresultof the lazy initialization together
with thecachingmechanismis that50MByte areenoughfor thescenarioshown in Fig. 16. The
computationalspeedfor that simulation,with 300 hikers,wasabout40 times fasterthanreal
time.
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Figure13: Sinceblock consumea lot of memory, they areloadedinto memoryassoonasan
agentwalksover, andaredeletedafterawhile.
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Figure14: Thesceneis dividedinto multiple “blocks”. Only forcesfrom adjacentblockshave
anin�uence to anagent.
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Figure15: First run. All agentshave thesamedestination,andat thisstage,thesameroute.

6. A preliminar y application

The eventualgoal of this project is to simulatehikers in a tourist areain the SwissAlps, and
make themreactto visual stimuli. It would go beyond the scopeof this paperto discussthe
whole ideaof thatproject,andits plannedimplementation.In general,theapproachis similar
to an activity-basedmicrosimulationapproachto transportationsimulation(e.g. Raney et al.,
2003b).That is, therewill bea snythetic population, presumablyconsistingof touristsstaying
at hotelsor visiting for a day. For eachtourist, a daily or possiblyweekly activity plan will
be generated.Theseactivities will include,say, to hike to a certainpeak,to have a coffee at
a mountainrestaurant,or to go shoppingin the village. Theseactivities arethenconnectedby
routes. Routeswill be computedaccordingto generalizedcost functions,which depend,for
example,on scenicalbeautyor on thenumberof otherhikersthatareencountered.A learning
algorithm on topof thiswill make thetouristsadapt,for examplein orderto avoid otherhikers.

A small proof-of-principlerun is documentedin Figs.15, 16, and 17. It is assumedthat all
agentsleave in themorningfrom thehotelandhike to thesamemountainpeak.They however
wantto avoid eachotherbecausethey wantto hikein solitude.Fig. 15showsthe�rst run,where
no hiker knew abouttheotherhikers' intentions.Fig. 16 shows thesituationafter50 iterations,
wherehikershave learnedto spreadoutandavoid eachother.

Considerablymorework will benecessaryto �ll theseelementswith true real-world meaning.
Thisaspectgoes,assaidbefore,beyondthescopeof thispaper.
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Figure16: After 50 iterations

7. Summar y

Within theresearchproject“Planningwith Virtual AlpineLandscapesandAutonomousAgents”,
asimulationof hikersin theAlps is implemented.Theultimategoalis to havethesehikersmake
realistic tours,wherethey reactto visual stimuli including the presenceof otherhikers. This
paperpresentstheunderlyingpedestriansimulationfor theproject.Becauseof theneedto allow
for realistic arbitrary movement,a simulationbasedon continuousspacewas selected. The
dynamicmodelis takenfrom theliterature,but thoroughlytestedfor ourpurposes.

Oneimportantaspectis thecomputationof theforceswhichkeeptheagentonthepathandmake
it follow thepossiblywindingpath.Two approachesweretested:onebasedonacombinationof
location-basedforces,which pushtheagenttowardsthenearestpath,andattractive waypoints,
whichpull theagentalongits route.Theothermodel(“modelB”) usesapath-orientedcoordinate
system,with astrongforcealongthepath,anda weakforcetowardsthemiddleof thepath.For
thehiking application,modelB seemsto beeasierto handleandto generatefewerartifactsthan
modelA.

In contrastto otherpedestriansimulations,which concentrateon crowd or evenpanicbehavior
but have theadvantageof relatively small spatialscenariosizes,in this projectcrowd behavior
is lessimportantbut large scenariosneedto be handled. The implementationthereforeuses
lazy initialization plus cachingfor location-baseddata. This meansthat the simulationareais
segmentedinto blocks.Location-baseddatais only computedwhenanagententersa block for
thevery�rst time. It is thensimultaneouslykeptin memoryandwrittento disk. If thesimulation
runsout of memory, blockswhich have not beenusedfor a long time areremovedfrom meory
but kept on disk. Suchblockscanbe re-loadedif anotheragententersthe block at somelater
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Figure17: Someagentshiking from theirhotelto thetop of a mountain.

time,or if thesimulationis runasecondtimewith thesameparameters.– Sincethehiking paths
coveronly a relatively small fractionof thewholegeographicalarea,this mechanismmakesthe
handlingof largescenariospossibleonnormaldesktopPCs.

Futurework will concentrateon “strategic” modules,whichcomputedestinationsandroutesfor
thehikers. The intentionis to do this in a moregeneraldistributedcomputationalarchitecture,
whichwill allow thesimulationof arbitrarylargescalemobility scenarios.
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