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STRC 03 Conf erence paper

 

 

�

 
���  �����
	�	
��������	�������������	��������� "!�����#$�����������  

Monte Verità / Ascona, March 19-21, 2003 



Swiss Transport Research Conference

March 19–21, 2003

An Agent-Based Simulation Model of Swiss Travel: First
Results
BryanRaney
Departmentof ComputerScience
ETH Zürich
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Abstract
In a multi-agenttransportationsimulation,travelersarerepresentedasindividual “agents,” who
make independentdecisionsabouttheir actions.We areimplementingsucha simulationfor all
of Switzerland,which is composedof modulesthatmodelthosedecisionsfor eachagent,such
as: (i) Activities generator, which generatesa complete24-hourday-plan,with eachmajorac-
tivity (sleep,eat,work, shop,drink beer),their times,andtheir locations. (ii) Route planner,
which determinesthemodeof transportation,aswell astheactualrouteplantaken,for eachleg
of theagent's chosenactivity plan. (iii) Mobility simulation, which executesall planssimulta-
neouslyandin consequencecomputestheinteractionbetweendifferenttravelers,leadinge.g.to
congestion.(iv) Feedbackand learning, whichresolvestheinterdependencebetweentheabove
modules.For example,plansdependon congestionbut congestiondependson plans. This is
resolvedvia aniterativemethod,whereaninitial planssetis slowly adapteduntil it is consistent
with theresultingtravel conditions.Thistechniquehassimilaritiesto day-to-dayhumanlearning
andcanalsobe interpretedthatway. – Besidesthesemodules,onealsoneedsinput data,such
astheroadnetwork, or (synthetic)populations.In thefuture,furthermodulesneedto beadded,
suchasfor housingandlanduse,or for freight traf�c.

We discusstheoperationandinteractionof thesemodules,andour implementationof feedback
via anagentdatabasethatgiveseachagenta “memory” of its pastplansfrom earlieriterations,
plus the performanceof thoseplans. Whena new plan-setis generated,eachagentchoosesa
planfrom thosein its memory, basedon their relativeperformance.

Wepresentresultsof testingtheaboveset-up,withouttheactivitiesgenerator, for Swissmorning
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peaktraf�c. Hourly demandmatricesweretakenfrom work with staticassignmentmodelsand
convertedto our needs.Routeswereassignedvia feedbacklearningusingthe agentdatabase.
Resulting�o w volumesare comparedto the static assignmentresults,and to �eld data. We
concludethattheaboveset-upis at leastasgoodastheassignmentresult.

Keywords
traf�c simulation– transportation planning– route planning– learning– multi-agent simulation– 3 rd
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1. Intr oduction

Thereis by now someagreementthat multi-agentsimulationmay be a viable technologyfor
traf�c forecasting. “Multi-agent” meansthat eachtraveler, and potentially eachentity of the
simulation,suchas,say, traf�c lights or variablemessagesigns,arerepresentedas individual
objectsor “agents,” whichmake independentdecisionsabouttheiractions.

A multi-agentsimulationof a real-world systemconsists,at leastconceptually, of thefollowing
two parts: (i) the simulationof the “physical” propertiesof thesystem;and(ii) the generation
of the agents'strategies. For traf�c applications,the �rst is the micro-simulationof the traf�c
system,where,say, travelerswalk from hometo their cars,drive the car to the park-and-ride
parkinglot, walk to the train, take the train to thecity, andthenwalk to work. This partof the
simulationshouldtake careof the physicalconstraintsof the system,suchasaccelerationor
speedlimits, capacitylimits, storagelimits (suchasnumberof vehicleson a link, or numberof
passengersin a train), etc. Themeaningof “strategies” for multi-agenttraf�c simulationis that
travelershave plans,for examplefor activities or routes,that they executeduringa day. At the
sametime, they mayalsomodify thoseplans.

We are implementingsucha multi-agentsimulationfor all of Switzerland,which, with about
7 million inhabitants,alsoservesasa proxy for a largemetropolitanarea.Thechallengeswith
suchan implementationaremany: availability andquality of input data,computationalimple-
mentationandcomputationalperformance,conceptualunderstandingof agentlearning,andval-
idation. This paperreports�rst resultswhich are essentiallybasedon typical transportation
planningdata: it usesstandardorigin-destinationmatrices;it usesthe transportationplanning
network from thecorrespondingSwissfederalplanningauthority;andit performsrouteassign-
mentbasedon theseinputdata.Themaindifferenceto typical planningtools,suchasEMME/2
or VISUM, is thatour implementationis indeedcompletelyagent-based,thatis, theindividuality
of eachtraveleris fully maintainedthroughouttheprocess.

At this stage,our approachis somewhatsimilar to ITS (IntelligentTransportationSystem)sim-
ulationssuchasDYNAMIT or DYNASMART.1 Currently, themostimportantdifferencesare:
(i) Both our targetsizeandtheactualfeasiblescenariosizeareconsiderablylarger thanfor ex-
isting ITS simulations.(ii) Most, if not all, ITS simulationimplementationsgrouptravelersby
commoncharacteristics;for example,travelersaredifferentiatedby destination,but all travelers
to thesamedestinationtake thesamerouteor thesamesetof routes.In contrast,ourapproachis
completelyagent-based,thatis, thereis absolutelyno internalrelationbetweentravelerswhoare
goingto thesamedestination.

This paperwill continuewith an outline of the simulationstructure(Sec.2), of the mobility
simulation(Sec.3), andof the route/strategy generationmodule(Sec.4). This is followed by
a longersectionon agent-basedlearning(Sec.5). The following two sections(Secs.6 and7)
describethe real-world test scenarioand resultsobtainedwith it, including a comparisonto
VISUM resultsbasedon thesamescenario.Thepaperis concludedby adiscussion/outlookand
asummary.

1Seewww.dynamictraf�cassignment.org for documentationonboth.
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2. Simulation Structure

Traf�c simulationsfor transportationplanningtypicallyconsistof thefollowingmodules(Fig.1):

� Population generation. Demographicdatais disaggregatedsothatoneobtainsindividual
householdsandindividualhouseholdmembers,with certaincharacteristics,suchasastreet
address,carownership,or householdincome(Beckmanetal., 1996).– Thismoduleis not
usedfor our currentinvestigationsbut will beusedin thefuture.

� Activities generation. For eachindividual, a set of activities (home,going shopping,
going to work, etc.) andactivity locationsfor a day is generated(Vaughnet al., 1997;
Bowman,1998). – This moduleis not usedin our currentinvestigationsbut will beused
in thefuture.

� Modal and route choice. For eachindividual, the modesare selectedand routesare
generatedthatconnectactivities at differentlocations(seeSec.4). Theroutingshouldbe
dynamicin orderto adequatelymodeltime-dependentcongestioneffects.

� Mobility simulation. Up to here,all individualshave madeplans(or strategies) about
theirbehavior. Themobility simulationexecutesall thoseplanssimultaneously(seeSec.3).
In particular, wenow obtaintheresultof interactionsbetweentheplans– for examplecon-
gestion.

� Feedback. In addition,suchanapproachneedsto make themodulesconsistentwith each
other(Sec.5). For example,plansdependoncongestion,but congestiondependsonplans.
A widely acceptedmethodto resolve this is systematicrelaxation(Kaufmanet al., 1991;
Nagel,1994/95;Bottom,2000)– thatis, makepreliminaryplans,run themobility simula-
tion, adapttheplans,run thesimulationagain,etc.,until consistency betweenmodulesis
reached.The methodis somewhatsimilar to theFrank-Wolfe-algorithmin staticassign-
ment,or in moregeneraltermsto astandardrelaxationtechniquein numericalanalysis.

This modularizationhasin fact beenusedfor a long time; the main differenceto earlier im-
plementationsis that it is now feasibleto make all modulescompletelymicroscopic,i.e. each
traveleris individually representedin all modules.

As of now, not all of theabovemodulesarecurrentlyimplemented.Thispaperdiscussesresults
obtainedwith a versionof thesimulationsystemthatconsistsof car-only versionsof therouter,
the mobility simulation,andthe feedback.Thesemoduleswill be describedin moredetail in
thefollowing sections.It shouldbenotedthatin particularthefeedbacksystemis uniquein that
it explicitly keepstrackof many strategiesof eachindividual traveler. Most simulationsystems
assumeeitheronly onestrategy per traveler, or they grouptravelerstogetheraccordingto their
characteristics,for exampleby commondestination. Sincethe activity generationmoduleis
currentlynotused,demandis obtainedfrom traditionalorigin-destinationmatrices.This will be
furtherdiscussedin conjunctionwith thescenario,in Sec.6.
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3. Mobility Simulation

Ourmainmobility simulationis thequeuesimulation(Gawron,1998;CetinandNagel,2003b,a).
Theintentwith thissimulationis to keepit assimpleaspossiblewhile maintainingamicroscopic
view of thetravelers(agents/vehicles)by following theindividualizedrouteplansthey generate
(seeSec.4); andto havequeuespillbackto modeltheindirectinteractionsbetweenagents.This
is similar in spirit to traf�c simulationsbasedon thesmoothparticlehydrodynamicsapproach,
suchasDYNEMO (Schwerdtfeger, 1987),DYNAMIT (seeearlier),or DYNASMART (seeear-
lier).

In the queuesimulation,streetsare essentiallyrepresentedasFIFO (�rst-in �rst-out) queues,
with the additionalrestrictionsthat (1) vehicleshave to remainfor a certaintime on the link,
correspondingto freespeedtravel time;andthat(2) thereis a link storagecapacityandoncethat
is exhausted,no morevehiclescanenterthelink.

Keepingthesimulationsimplealsomeansthatwedonotperformany dataaggregationwithin the
simulation.It simplydumpsoutraw data,in theform of “events,” whichtell thetimeandlocation
wheresomethinginterestinghappensto anagent.Theseeventscanbeparsedandaggregated,if
necessary, by theothermodulesto obtainany informationthey mayneedaboutwhathappened
in thesimulation.At presentthesimulationonly outputseventsfor agentsenteringor exiting a
link, but otherinterestingeventsmightbewhenagentsencountercongestion,changespeed,etc.

A majoradvantageof thequeuesimulation,besidesits simplicity, is that it canrun directly off
thedatatypically availablefor transportationplanningpurposes.This is no longertruefor more
realisticsimulations,whichneed,for example,thenumberof lanesincludingpocketandweaving
lanes,turn connectivitiesacrossintersections,or signalschedules.
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4. Strategy Generation

Themobility simulationcomputesthephysicalaspectsof movement,suchaslimits oncapacity,
storage,or speed.In particularit computestheaspectsof interaction,suchascongestion.The
mobility simulationneedsinformationaboutwheretravelersenterandleave thenetwork, which
turns travelerstake at intersections,etc. As mentionedin Sec.2, theseaspectscanbe called
plans,or strategies.For thetransportationsimulation,thismeansthattravelersknow wherethey
aregoing, whenthey want to be there,andthe routethey want to take to get there. This kind
of strategic knowledgeis in starkcontrastto, say, the simulationof antsin an ant-hill. It also
makesthe simulationdesignconsiderablymoredemanding,sincethe generationandhandling
of strategies is a whole problemof its own. Our own approachto this problemis to allow a
distributeddesign,that is, mobility simulationandstrategy generationshouldbe separatedas
muchaspossible,andin factwe alsointendto have morethanonestrategy generationmodule
in thefuture.

However, theonly strategy generationmoduleusedfor thispaperis theroutegenerationmodule.
Travelers/vehiclesneedto computethe sequenceof links (roadsegments)that they aretaking
throughthenetwork. A typical way to obtainsuchpathsis to usea Dijkstra shortestpathalgo-
rithm. This algorithmusesasinput the network link travel timesplus the startingandending
pointof a trip, andgeneratesasoutputthefastestpath.

It is relatively straightforward to make the costs(link travel times) time dependent,meaning
thatthealgorithmcanincludetheeffect thatcongestionis time-dependent:Trips startingat one
time of thedaywill encounterdifferentdelaypatternsthantrips startingat anothertime of the
day. Link travel timesareaggregatedfrom theeventsfedbackfrom themobility simulationinto
15-min time bins,andtherouter�nds the fastestroutebasedon these15-mintime bins. Apart
from relatively small andessentialtechnicaldetails,the implementationof suchan algorithm
is straightforward (Jacobet al., 1999). It is possibleto includepublic transportationinto the
routing(Barrettet al., 2000);in ourcurrentwork, we look at cartraf�c only.

As pointedout earlier, the ultimate goal of this work is to have a multi-agentsimulationfor
transportationplanningapplications.This includesthe generationof strategieswhich areon a
higherlevel thanroutes,suchasactivity selection,locationselection(for activities),andactivity
scheduling.Sec.9 will discusshow it is plannedto integrateactivity generationasanadditional
strategy generationmodulein futureversions.

5. Adaptation, Learning and Feedbac k

As is well known, thereis a mutualdependencebetweenstrategy generationandmobility sim-
ulation. For example,congestionis the resultof (the executionof) plans,but plansarebased
on (the anticipationof) congestion.The traditionalapproachto this kind of problem,both in
transportationandin economics,hasbeenthepostulationof aNashEquilibrium(NE). For route
assignment,aNE is reachedwhenno travelercanimproveits travel timeby selectingadifferent
route. In thetraditionalstaticassignmentapproach,undersomecircumstancesit canbeproven
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that thereis only onesolution(in termsof thelink �o ws) to this problem(e.g.Shef�, 1985). In
consequence,any computationalprocedurewhich �nds thatsolutionis avalid one.

An extensionis the so-calledStochasticUserEquilibrium (SUE; e.g.Shef�, 1985). Insteadof
selectingthefastestpath,travelersselectapathaccordingto a probability

pi / e� � Ti ; (1)

whereTi is thetravel time of pathi . � canbeseenasa tuningparameter:For � ! 1 , standard
staticassignmentis obtainedagain;for � = 0, all pathsareselectedwith equalprobability. The
theoreticaljusti�cation for � stemsfrom theassumptionof acertainvariability of thetravel times
– which canstemfrom many sources,including real variability of the travel times,perceived
variability of the travel times,or variability of so-calledunobservedattributes. In practice,� is
bestobtainedaspartof a multinomial logit modelestimationfrom statedor revealedpreference
data(e.g.Ben-AkivaandLerman,1985).

Static assignmentdoes not possessany dynamics, that is, traf�c is representedby time-
independentstreams.This precludes,for example,the representationof queuespill-back, or
the representationof time-dependenttraf�c managementstrategiessuchasthoseusedby ITS.
As a result,newer work in this area,in particularwhenrelatedto ITS, hasuseda dynamicrep-
resentationof traf�c. TheNE or SUEapproachescanhowever bemaintained,in thesensethat
for a givendeparturetime, differentpathshave different(average)travel times,andthetraveler
eitherselectsthefastestpath(NE) or she/heselectsaccordingto Eq.(1).

Whenmoving to anagent-basedapproach,however, someaspectsof theaboveapproachescan-
not be translatedin a simpleway. In particular, theSUEapproachassumesthat travelersknow
a setof differentplausiblepaths,which is typically not available. In the following, two fully
agent-basedapproachesto theproblemwill bepresented.Both of themwerealreadypresented
at lastyear'sSTRC(Raney andNagel,2002).It will berepeatedherein orderto make thepaper
self-consistent,andalsoin orderto go againthroughthemostimportantarguments.

5.1 “Basic” Agent-based Feedback

BothbasicstaticassignmentandSUEde�ne astateof thesystem,but no algorithmto getthere.
Since,asnotedabove, thesolutionis unique(in termsof the link �o ws), any algorithmwhich
solvestheproblemis valid. Most, if not all, of thealgorithmsturnout to beiterative.

Similarly, a possibleway to solve the consistency problembetweenmobility simulationand
strategy generationis to usesystematicrelaxation(Kaufmanet al., 1991;Nagel,1994/95;Bot-
tom, 2000). This is a cycle in which all agentsselect“strategies” (setsof choices,e.g. route
plans),executethemin thetraf�c simulation,thensomeagentsrevise their strategies,andthey
areexecutedagain,etc.,until somekind of stoppingcriterionis ful�lled. A possibleversionof
this:

1. The systembegins with an initial setof routes(strategies),oneper agent,basedon free
speedtravel times,which representanetwork with nocongestion.

2. Thetraf�c simulationis executedwith thecurrentsetof strategies.
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3. 10%of thepopulationrequestsnew routesfrom the router, which basesthemon theup-
datedlink travel timesfrom thelasttraf�c simulation.Thenew routesthenreplacetheold
routesfor the“replanned”agentsin thesetof currentroutes.

4. This cycle (i.e. steps2 through3) is run for 50 times; earlier investigationshave shown
thatthis is morethanenoughto reachrelaxation(Rickert,1998;Bottom,2000).

5.2 The Agent Database

Oneproblemwith thebasicapproachis thatit givesriseto oscillationsfrom oneiterationto the
next: If, say, routeA is fasterin oneiteration,thenmany travelerswill switch to it, makingit
slower, andsomeotherroutefaster. Theseoscillationscanbesuppressedby makingthereplan-
ningfractionsmallerwith higheriterationnumbers,but this is implausiblewith respectto human
behavior.

As pointedoutbefore,analternativeapproachis to useEq.(1) to chosebetweendifferentstrate-
gies. As also notedbefore,the problemwith this approachis that the set of routesfor each
origin-destinationpair is assumedto beknown beforethestartof theiterations.In thefollowing,
wepresentanapproachwhereadditionalroutesarefoundby thesystemasit goes,andareadded
to therepertoire.In addition,thisexplorationis doneby eachagentindividually; thishaspartic-
ular advantageswhenagentsarevery diverse,asexempli�ed for exampleby a high-resolution
network (eachlink is a possiblestartingandendingpoint), anda quickly changingtemporal
dynamics.Thisapproachis calledthe“agentdatabase”.

Theagentdatabasegivestheagentsa memoryof their paststrategies,andtheoutcome(perfor-
mance)of thosestrategies.Thespeci�c stepsin therelaxationcycleare:

1. Thesystembeginswith aninitial setof strategies,oneperagent.In thecaseof thepresent
results,a strategy is simply a route,andtheinitial setof routesis generatedbasedon free
speedtravel times,which representanetwork with nocongestion.

2. For eachagent,thenew strategy is storedin theagentdatabase(Raney andNagel,2002,
2003),which representsits memoryof previously tried strategies. Sincetheagentshave
only onestrategy apiece,they automaticallyselectthisastheir next strategy to execute.

3. Thetraf�c simulationis executedwith thesetof selectedstrategies.

4. Eachagentmeasurestheperformanceof his/herroutebasedon theoutcomeof thesimu-
lation. “Performance”at presentmeansthetotal travel time of theentiretrip, with lower
travel timesmeaningbetterperformance.This informationis storedfor all the agentsin
theagentdatabase,associatedwith thestrategy thatwasused.

5. A fractionof thepopulation(10%at present)requestsnew routesfrom therouter, which
basesthemontheupdatedlink travel timesfrom thelasttraf�c simulation.Thenew routes
arethenstoredin theagentdatabaseand,beingnew, aremandatorilyselectedby theagents.
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6. Agentswho did not requestnew routeschoosea previously tried route from the agent
database,by comparingtheperformancevaluesfor thedifferentroutes,without knowing
anythingelseabouttheroutes.Speci�cally, they usea multinomiallogit model

pi / e� � Ti

for the probability pi to selectroute i , whereTi is the correspondingmemorizedtravel
timeand� is anempiricalconstant.Thisprocessis explainedin detailin Raney andNagel
(2002,submitted,2003).

7. Thiscycle (i.e. steps3 through6) is run for 50 times.

Thisstrategymeansthatmorethanouroriginal10%replanningfractionof theagentswill change
theirplansatagiveniteration.Thesechangeswill be“informed” decisions,though– notrandom
exploration.

An additionaladvantageof theagentdatabaseis thatthesystemis considerablymorerobustthan
without (Raney andNagel,2002,2003,submitted).Without theagentdatabase,it is imperative
that the routergeneratespathswhich are an improvementover the previous solution,or said
differently, the routerneedsto generatedifferentpathswith probabilitiesthat re�ect actualuse
of thosedifferentpaths.This putsvery high designrequirementson therouterthatwill bevery
dif�cult to ful�ll. Useof theagentdatabasemeansthattheroutercanbemuchmorecreative in
thegenerationof new routes:Routeswhich turn out to be badstrategieswill just be evaluated
onceby theagentandthenneverbetouchedagain.

Theagentdata-basebringsouragent-basedsimulationcloserto aclassi�er systemasknown for
Complex Adaptive Systems(Steinandothers,since1988). From here,alternative methodsof
agentlearning,suchasMachineLearningor Arti�cial Intelligence,canbeexplored.

5.3 Illustration of Learning and Feedback

Figure2 shows anexampleof how the feedbackmechanismworks in theso-called“Gotthard”
scenario.This is a testingscenarioin which 50000agentsstartbetween6:00AM and7:00AM
from randomlocationsall overSwitzerlandanddriveto thesamelocationin Lugano.By having
all agentstravel to thesamedestination,we cancheckif all traf�c jamson all usedroutesto the
destinationdissolve in parallelor not. In orderfor thevehiclesto get to their destination,most
of themhave to crosstheAlps. However, therearenot many waysto do this, resultingin traf�c
jams,mostnotably in the corridor leadingtoward the Gotthardpass. This scenariohassome
resemblanceto real-world vacationtraf�c in Switzerland.

The�gure showstwo “snapshots”of thevehiclelocationswithin thequeue-basedmobility simu-
lationat9:00AM. The�rst imagein the�gure is asnapshotof theinitial (zeroth)iterationof the
simulation,andthesecondis thesimulationafter50 iterationsvia theagentdatabasefeedback
systemdescribedin Sec.5.

Initially thetravelerschooserouteswithout any knowledgeof thedemand(causedby theother
travelers),sothey all usethefastestlinks, andtendto selectverysimilar routes,which compose
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a subsetof availableroutes.However, by driving on thesamelinks, they causecongestionand
thoselinks becomeslower thanthe next-fastestlinks which werenot selected.Thus,alternate
routeswhich weremarginally slower thanthe fastestroutebecome,in hindsight,preferredto
the routestaken. By allowing sometravelersto selectnew routesusing the new information
aboutthenetwork, andothersto choosepreviously triedroutes,weallow themto learnaboutthe
demandon thenetwork causedby oneanother.

After 50 iterationsbetweenthe routeselectionandthe mobility simulation,the travelershave
learnedwhateveryoneelseis doing,andhavechosenroutesaccordingly. Now amorecomplete
setof theavailableroutesis chosen,andoverallthetravelersarriveto theirdestinationearlierthan
in the initial iteration. Comparingtheusageof theroads,onecanseethat in the49th iteration,
thequeuesareshorteroverall, andat thesametime in thesimulation,travelersare,on average,
closerto their destination.

More resultsfrom thisscenariocanbefoundin Raney andNagel(submitted,2003).

6. Scenario (Initial and Boundar y Conditions)

Thegoalof our work is a full 24-hoursimulationof all of Switzerland,includingtransittraf�c,
freight traf�c, andall modesof transportation.This will involveabout7.5million travelers,and
morethan20 million trips (including shortpedestriantrips, etc.). A moreshort-termgoal is a
full 24-hoursimulationof all of cartraf�c in Switzerland.For this,wewill haveabout10million
trips.

The presentstudytakesa subsetof thedatafor the full 24-hour, car-only simulation,anduses
thedemandfor themorningrush-hour, from 6:00AM to 9:00 AM. This subsetcontainsabout
1 million trips.

Theinputdataconsistsof two parts:thestreetnetwork, andthedemand.

6.1 The Street Network

Thestreetnetwork thatis usedwasoriginally developedfor theSwissregionalplanningauthor-
ity (Bundesamtfür Raumentwicklung),andcoveredSwitzerland.It wasextendedwith themajor
Europeantransitcorridorsfor a railway-relatedstudy(Vrtic et al., 1999). Thenetwork suppos-
edly containsthestatusfor 1999,but containsat leastonemajorerror(a high capacitytunnelin
Zürich is missing).Our initial simulationsresultedin traf�c gridlock in Zürich,which wasalso
re�ected in theVISUM assignmentdisplayingV/C ratiossigni�cantly above 100%. A manual
comparisonwith a higher resolutionnetwork of Zürich led to the conclusionthat capacityin
Zürich wasin generalsigni�cantly underestimated;in consequence,we manuallyincreasedthe
correspondingroadcapacityfor transitcorridorsthroughZürich in our network. We canonly
speculatewhat led to thesenetwork errors;Sec.9 discussesour plansof how to improve the
situation.

After ourmodi�cations,thenetwork hasthefairly typical sizeof 10564nodesand28624links.
Also fairly typical,themajorattributesontheselinks aretype,length,speed,andcapacity. From
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Figure 2: Exampleof RelaxationDue to Feedback.TOP: Iteration0 at 9:00 – all travelers
assumethenetwork is empty. BOTTOM: Iteration49at9:00– travelerstakemorevariedroutes
to try to avoid oneanother. Red(darkgray in b/w version)indicatesjams,green(darkgray in
b/w version)indicatesfree-�owing traf�c, andgrayindicatesemptyroads.

Source:Raney etal. (2003)
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Sec.3, onecanseethatthis is enoughinformationfor thequeuesimulation.

6.2 Demand

Our startingpoint for demandgenerationfor the full Switzerlandscenarioare24-hourorigin-
destinationmatricesfrom theSwissregionalplanningauthority(Bundesamtfür Raumentwick-
lung). Eventually, we intendto moveon to activity-baseddemandgeneration.

The original 24-hourmatrix is convertedinto 24 one-hourmatricesusinga threestepheuris-
tic (Vrtic andAxhausen,2002). The �rst stepemploys departuretime probabilitiesby popula-
tion sizeof origin zone,populationsizeof destinationzoneandnetwork distance.Theseare
calculatedusingthe1994SwissNationalTravel Survey (Bundesamtfür StatistikundDienstfür
Gesamtverkehrsfragen,1996). The resulting24 initial matricesarethencorrected(calibrated)
againstavailablehourlycountsusingtheOD-matrixestimationmoduleof VISUM (www.ptv.de).
Hourly countsareavailablefrom thecountingstationsonthenationalmotorwaysystem.Finally,
thehourlymatricesarerescaledsothatthetotalsover24 hoursmatchtheoriginal24hmatrix.

VISUM assignmentof thematricesshows thatthepatternsof congestionover time arerealistic
andconsistentwith the known patterns.The Zürich congestionproblem,mentionedabove, is
containedin theassignment,but did not show up at this higherlevel view; seeSec.9 for some
discussionof this. A moredetailedveri�cation of theseresultswasnot possibleso far, but is
planned.

For themulti-agentsimulation,thesehourlymatricesarethendisaggregatedinto individualtrips.
That is, we generateindividual trips suchthat summingup the trips would againresult in the
givenOD matrix. Thestartingtime for eachtrip is randomlyselectedbetweenthestartingand
theendingtimeof thevalidity of theOD matrix.

The OD matricesassumetraf�c analysiszones(TAZs) while in our simulationstrips starton
links. We convert traf�c analysiszonesto links by thefollowing heuristic:

� Thegeographiclocationof thezoneis foundvia thegeographicalcoordinateof its centroid
givenby thedatabase.

� A circlewith radius3 km is drawn aroundthecentroid.

� Eachlink startingwithin this circle is now a possiblestartinglink for the trips. Oneof
theselinks is randomlyselectedandthetrip startor endis assigned.

Thisleadsto alist of approximately5 million trips,or about1 million tripsbetween6:00AM and
9:00AM. Sincetheorigin-destinationmatricesaregivenon an hourly basis,thesetrips re�ect
thedaily dynamics.Intra-zonaltripsarenot includedin thosematrices,asby tradition.

7. Results

Theabove scenariowasfed into two differentmodels:First, into a VISUM (PTV, www.ptv.de)
assignmentwhich is a relatively standardassignment(Shef�, 1985)exceptthatit is dynamicon
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Figure3: Snapshotof Switzerlandat8:00AM. Fromthequeuemobility simulation,iteration50.
Theright sideshowsaclose-upof theZüricharea.

Source:Raney etal. (2003)

anhourlybasis(Vrtic andAxhausen,2002),andsecondinto anagent-basedmobility simulation
asdescribedabove,usingtheagentdatabaseanditeratingabout50 times.

Figure3 shows a resultof theSwitzerland6-9 Scenario.This �gure is after50 iterationsof the
queuemobility simulation,usingtheagentdatabase.Weusedasinput theorigin-destinationma-
tricesdescribedin Sec.6.2,but only thethreeone-hourmatricesbetween6:00AM and9:00AM.
This meansany travelersbeginningtheir trips outsidethis region of time werenot modeled.As
onewouldexpect,thereis moretraf�c nearthecitiesthanin thecountry. Jamsarenearlyexclu-
sively found in or nearZürich (nearthe top; seeclose-up).As of now, it is unclearif this is a
consequenceof a higherimbalancebetweensupplyanddemandthanin otherSwisscities,or a
consequenceof aspecialsensitivity of thequeuesimulationto largecongestednetworks.

Figure4 shows a comparisonbetweenthe simulationoutputof Fig. 3 and �eld datataken at
countingstationsthroughoutSwitzerland(seeSec.6.2andBundesamtfür Strassen,2000).The
dottedlines,drawn above andbelow thecentraldiagonalline, outlinea region wherethesimu-
lation datafalls within 50%and200%of the �eld data. We considerthis anacceptableregion
at this stagesinceresultsfrom traditionalassignmentmodelsthatwe areawareof areno better
thanthis (Fig. 4(b); seealsoEsserandNagel,2001).

Figure 4(b) shows a comparisonbetweenthe traf�c volumesobtainedby IVT using VISUM
assignmentagainstthesame�eld data.Visually onewould concludethatthesimulationresults
are at leastas good as the VISUM assignmentresults. Table 1 con�rms this quantitatively.
Meanabsolutebiasis hqsim � qf iel di , meanabsoluteerror is hjqsim � qf iel dji , meanrelativebias
is h(qsim � qf iel d)=qf iel di , meanrelative error is hjqsim � qf iel dj=qf iel di , whereh:i meansthatthe
valuesareaveragedoverall links where�eld resultsareavailable.

For example,the “meanrelative bias” numbersmeanthat the simulationunderestimates�o ws
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Figure4: Comparisonto Field Data. (a) Simulationvs. �eld datafor the 50th iteration. The
x-axisshows thehourly countsbetween7:00 AM and8:00AM from the �eld data;they-axis
showsthroughputonthecorrespondinglink fromthesimulation.(b)VISUM assignmentvs.�eld
data.Thex-axis is thesameas(a); they-axisshows thevolumeobtainedfrom theassignment
model.

Source:Raney etal. (2003)

Table1: BiasandErrorof SimulationandVISUM ResultsComparedto FieldData

Simulation VISUM
MeanAbs. Bias: � 64.60 + 99.02
MeanRel. Bias: � 5.26% + 16.26%
MeanAbs. Error: 263.21 308.83
MeanRel. Error: 25.38% 30.42%

Source:Raney etal. (2003)
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by about5%,whereastheVISUM assignmentoverestimatesthemby 16%.Theaveragerelative
error betweenthe �eld measurementand the simulationis 25%, betweenthe VISUM assign-
mentandreality 30%. Thesenumbersstatethat thesimulationresultis betterthantheVISUM
assignmentresult. Also, the simulationresultsarebetterthanwhat we obtainedwith a recent
(somewhat similar) simulationstudy in Portland/Oregon (EsserandNagel,2001); conversely,
theassignmentvaluesin Portlandwerebetterthantheonesobtainedhere.

What makesour resulteven strongeris the following aspect:The OD matriceswereactually
modi�ed by a VISUM moduleto make the assignmentresultmatchthe countsdataaswell as
possible.TheseOD matriceswerethenfed into the simulation,without further adaptation.It
is surprisingthat even undertheseconditions,which seemvery advantageousfor the VISUM
assignment,thesimulationgeneratesa smallermeanerror.

8. Computational Aspects

8.1 Computational Performance of the Mobility Simulation

Computationalissuesfor the mobility simulationarediscussedin detail elsewhere(Cetin and
Nagel,2003a,b).Themainresultfrom thoseinvestigationsis that,usinga Pentiumclusterwith
64 CPUsandMyrinet communication,thequeuesimulationcanrun morethan500timesfaster
thanrealtime(excludinginputandoutput),meaningthat24hoursof traf�c of all of Switzerland
canbesimulatedin lessthan3 minutes.Thequeuesimulationusedfor theresultsof this paper
wasstill somewhatslower: It neededabout15 min, includinginput andoutput,for a simulation
of traf�c from 6:00AM until roughlynoon.Recallthatthispaperis concernedwith themorning
peakonly.

8.2 Computational Performance of the Original Agent Database

A possibletechnologyfor information exchangebetweenmodulesis to usetemporary�les.
This is the technologyusedby TRANSIMS (www.transims.net).Eventually, however, thereis
the necessityto �nd certaindataitemsquickly in these�les. That problemcanbe solved by
indexing, asTRANSIMS does.On theotherhand,all thesearetypical databaseoperationsand
thusit shouldbepossibleto usea typicaldatabasefor theseproblems.

Figure5 depictsthe cumulativecontributionsof the major stepsin the feedbacksystemto the
total executiontime of eachiteration. For this �gure, the agentdatabasewasimplementedus-
ing the MySQL public domaindatabase(www.mysql.org), and both “strategy selection”and
“scoreupdate”weredatabaseoperations.Strategy generation(= routegeneration)andmobility
simulationweredoneusingourown C++ codes.Thoseoperationsare:

1. StrategyGenerationaddsanew strategy for 10%of theagentsinto thedatabase.Oncethe
network datahasrelaxed,this steptakesaboutthesameamountof time in eachiteration.

2. StrategySelection, wheretheother90%of theagentsselectastrategy from thedatabase.
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Figure5: Cumulative ExecutionTime Contributionsof Major IterationStepsLEFT: File-based
databaseimplementation.RIGHT: Thenew implementation,which keepsall agentinformation
in computermemory, andwhichalsousesa fastermobility simulation.

This executiontime for this stepscalesapproximatelylinearly with the total numberof
strategiesstoredin theagentdatabase.Thus,it takeslongerto executewith eachiteration.

3. Mobility Simulation, wheretheagentsinteract.Thisagainrelaxesto aconsistentamount
of time, about15 minutes,thoughtakes longer in earlier iterationswhen thereis more
congestionto dealwith.

4. Score Update, wheretheagentsupdatetheperformancescoresof their executedstrategy
from theoutputof themobility simulation.Theexecutiontime for this operationis fairly
constantin eachiteration,sinceit dependson thenumberof eventsproducedby thesimu-
lation (seeSec.3). This numberis proportionalto thenumberof agentsandthelengthof
their routes;it doesnotchangeverymuchfrom oneiterationto thenext.

Moredetailsaboutthedatabaseimplementationandexecutiontimescanbefoundin Raney and
Nagel(submitted,2003).

Onecanseethat on averageeachiteration takesaboutan hour to execute,with the feedback
system,includingstrategy generationtakingabout45 minutesof thattime. Theoverall resultis
thatwe canrun a metropolitanscenariowith 1 million agents,including50 learningiterations,
in abouttwo days.
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8.3 Reimplementation of the Agent Database

As onecanseefrom the resultsabove, the �le-baseddatabaseapproachis slow whenusedfor
largescalescenarios.

We arecurrentlyimplementinga new approachwhereall relevantdata(i.e. strategies)areper-
manentlykept in computermemory. Ratherthanusingslower scriptinglanguagesfor eachstep
in the iteration(Raney andNagel,submitted,2003),thenew implementationis written in C++
andcombinesall operationsinto oneprogram.

Preliminaryresultsindicatethatthecomputingtimefor thisnew implementationfor theSwitzer-
land 6-9 scenarioimproves,for the feedbackandstrategy generationcomponents,from more
than60 minutes(in the50thiteration)to about20 minutes– seetheright sideof Fig. 5.

9. Discussion and Future Plans

9.1 Activity Generation

The above resultsusetraditionalorigin-destinationtablesfor demandgeneration.We intend
to move our investigationsto activity-baseddemandgeneration.Onemethodwill be basedon
discretechoicetheory, oneon geneticalgorithms.

A fair amountof Swisstraf�c is cross-bordertraf�c, eitherwith origin or destinationin Switzer-
land,or completelytraversingthecountry. Also, freight traf�c would not be includedin a �rst
versionof activity-baseddemandgeneration,whichwouldconcentrateonpeople.It is plannedto
includeall theseeffectsby conventionalorigin-destinationmatrices,i.e. via some“background”
traf�c thatwill beableto adjustroutes(andmaybestartingtimes)but will notbeelasticin terms
of numberof trips.

9.2 Feedback

The useof the agentdatabasein the feedbackmechanismworks well, but needstuning. Both
computationalspeedandthe learningbehavior of the systemarean issue. The computational
speedissuesare being addressedas describedin Sec.8.3; memory issuesare addressedbe-
low. Themethodologicalquestionswill beaddressedvia anexaminationof establishedlearning
methods(suchasbestreplyor reinforcementlearning).

Anothershortcomingof the currentmethodis that replanning,and thus learning,canhappen
only over night. Work is underway to improve this situationvia an online couplingbetween
modules,whichwill allow within-dayreplanning(Gloor,2001).Thismeansthatagentscanalso
make strategic decisionswhile they areon theroadandnot just in betweentrips (seeFig. 6 for
a visualsketchof this). Within-day learningis morerealisticsincesometypesof decisionsare
madeontimescalesmuchshorterthanaday(DohertyandAxhausen,1998).Weexplicitly want
to avoid couplingthemodulesvia standardsubroutine/librarycalls,sincethis bothviolatesthe
modularapproachideaandef�ciency considerationsfor parallelcomputing.
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Figure 6: Virtual Reality Representationof SimulatedTraf�c in Portland/Oregon. Including
visualizationof within-dayreplanning.
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Evenwith day-to-dayreplanningonly, many problemsremain. It waspointedout in this paper
that the useof an agentdata-base,i.e. the memorizationof more than one strategy for each
agent,solves someconceptualproblems. However, even if one assumesthat one is capable
of generatinga setof plausiblestrategies,the questionbecomeswhich of thoseto select. The
standardlogit approachof pi / e� Ui , whereUi is theutility of optioni , has,asis well known, the
so-calledIID property(“independencefrom irrelevantalternatives”). IID essentiallymeansthat
strategiesshouldnotberelated.As anextremeexample,assumethattheagent-databasecontains
threestrategies for an agent,two of which are nearly the same. IID saysthat eachstrategy
will be selectedwith a probability of 1/3, while it would be plausiblethat the nearly identical
strategiesareselectedwith aprobabilityof 1/4each,andthethird, truly differentstrategy with a
probabilityof 1/2. Alternativesto standardmultinomiallogit areC-logit or pathsizelogit, which
removesomeof theseproblems(Bierlaire,2002).

On 32-bit systemssuchas our Pentiumsystems,the is a limit of approximately4 GByte of
addressablememory. This is both relevant for �les (andthusfor �le-baseddatabases)andfor
implementationsin computermemory. A possibleworkaroundwould beto distributetheagent
databaseontoseveralcomputers.This is not a problem,since,within theagentdatabaseopera-
tions,theagentsdonotinteractwith oneanother, andcanbeprocessedcompletelyindependently.

This would imply theinteractionof evenmorecomputers,someof themnow beingresponsible
for thecomputationof thestrategic/tacticaldecisions.Anotheradvantageof this approach,be-
sidesits improvedspeed,is that it shouldwork well togetherwith thewithin-trip replanningas
explainedabove.

9.3 Other

It wasmentionedabovethattherewasaseriousgridlockproblemwithin thecity of Zürich. This
wasattributedto generallytoo low network capacities.Unfortunately, this intuition is dif�cult to
check.It is clearthat,with theinputdatathatwasatourdisposal,therewasamismatchbetween
demandandnetwork capacity. Also, thesamemethodworkedeverywhereelsein Switzerland.
We canonly think of threereasons:(i) therewasa demandoverestimationin theOD cells for
Zürich; (ii) therewas a capacityunderestimationin the network data; (iii) our queuemicro-
simulationis overly sensitive to gridlock andthis problemshows up only for large congested
networks.Unfortunately, thereis noothersimilarly largemetropolitanregioninsideSwitzerland;
the metropolitanregionsof Lugano,Geneva, andBaselextendacrosstheborderandtherefore
cannotbesimulatedrealisticallywith ouravailabledemanddata.

It shouldbe notedthat simulationswith hardcapacityandstorageconstraintsaregenerically
muchmoresensitive to capacitymismatchesthanstaticassignment.In staticassignment,an
overloadedlink (with volumehigherthancapacity)will justbeunattractivefor therouting,but it
will forwardtherequestedsteadystate�o w nevertheless.In a simulationwith hardconstraints,
aqueuewill form upstreamof suchabottleneck,andit will spill backinto therestof thesystem.

Our plan to solve this problemand to alsoadvancetowardsmoremicroscopicrepresentation
is to includea higherresolutionnetwork for the region aroundZürich. This network will have
considerablymorelinks, possiblyleadingto a highernetwork capacitybecauseof theaddition
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of secondarycapacity. Thatnetwork shouldbea lot morereliablein termsof realismandthus
eliminateoneof thesourcesof errors. In addition,addingotherchoicesinto themodel(mode,
destination,activity pattern)shouldalsodampenthe adverseeffectsof demand-capacitymis-
match.

10. Summar y

The eventualgoal of this work is a multi-agenttraf�c simulationof all of Switzerland. This
work shoulddemonstratethefeasibilityof this technologyonsucha largescale,andit shouldbe
usefulfor researchquestions.A majorchallengeis to keepthecomputationalperformancefast
enoughsothatsuchproblemsizescanbecomputedovernight,ratherthanovermany monthsas
is currentlythecasewith similar packages,e.g.TRANSIMS (www.transims.net).

Thispaperpresentsintermediateresultsof thiswork. Theintentof theseintermediateresultswas
to testif the technology, whenreducedto a typical routeassignmentproblem,would beuseful
for realworld applications,andhow it wouldcompareto aVISUM assignment.Theconclusion
is that,evenwithout speci�c tuning,thetechnologyis somewhatbetterthantheVISUM assign-
ment. This meansthat thetechnologycouldbe immediatelybedeployedfor �eld testing.This
is in fact intendedwith a �eld studyaroundthe introductionof the Zurich Glatttalbahn.This
will go togetherwith anextensionof thetechnologytowardsactivity-baseddemandgeneration.
Furtherdetailsof thiswill bereportedin theyearsto come.
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