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Abstract

In a multi-agenttransportatiorsimulation,travelersarerepresentedsindividual “agents; who
malke independentlecisionsabouttheir actions.We areimplementingsucha simulationfor all
of Switzerlandwhichis composedf modulesthat modelthosedecisionsor eachagent,such
as: (i) Activities generator, which generates complete24-hourday-plan,with eachmajorac-
tivity (sleep,eat,work, shop,drink beer),their times,andtheir locations. (ii) Route planner,
which determineshe modeof transportationaswell asthe actualrouteplantaken,for eachleg
of theagents choseractuity plan. (i) Mobility simulation, which executesall planssimulta-
neouslyandin consequenceomputegsheinteractionbetweerdifferenttravelers,leadinge.g.to
congestion(iv) Feedbackand learning, whichresohestheinterdependendaetweertheabove
modules. For example,plansdependon congestiorbut congestiordependon plans. This is
resoledvia aniteratve method whereaninitial planssetis slowly adaptediuntil it is consistent
with theresultingtravel conditions.Thistechniquehassimilaritiesto day-to-dayhumanlearning
andcanalsobeinterpretedhatway. — Besideshesemodules,onealsoneedsnput data,such
astheroadnetwork, or (synthetic)populations.In thefuture, furthermodulesneedto be added,
suchasfor housingandlanduse,or for freighttraf c.

We discusghe operationandinteractionof thesemodulesandour implementatiorof feedback
via anagentdatabasethatgiveseachagenta “memory” of its pastplansfrom earlieriterations,
plus the performanceof thoseplans. Whena new plan-setis generatedeachagentchoosesa

planfrom thosein its memory basedntheir relative performance.

We presentesultsof testingtheabove set-up withouttheactvities generatgrfor Swissmorning
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peaktrafc. Hourly demandmatricesweretakenfrom work with staticassignmeninodelsand
cornvertedto our needs.Routeswere assignedvia feedbackearningusingthe agentdatabase.
Resulting o w volumesare comparedto the staticassignmentesults,andto eld data. We
concludethattheabove set-upis atleastasgoodasthe assignmentesult.
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1. Introduction

Thereis by now someagreementhat multi-agentsimulationmay be a viable technologyfor
trafc forecasting. “Multi-agent” meansthat eachtraveler, and potentially eachentity of the
simulation,suchas, say trafc lights or variablemessagesigns,arerepresenteas individual
objectsor “agents;, which make independentlecisionsabouttheir actions.

A multi-agentsimulationof a real-world systemconsistsat leastconceptuallyof thefollowing
two parts: (i) the simulationof the “physical” propertiesof the system;and (ii) the generation
of the agents'stratejies. For trafc applicationsthe 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 thetrain, take the train to the city, andthenwalk to work. This partof the
simulationshouldtake careof the physicalconstraintsof the system,suchas acceleratioror
speedimits, capacitylimits, storagdimits (suchasnumberof vehicleson alink, or numberof
passengerm atrain), etc. The meaningof “strategies” for multi-agenttraf c simulationis that
travelershave plans,for examplefor actwities or routes,thatthey executeduringa day. At the
sametime, they may alsomodify thoseplans.

We areimplementingsucha multi-agentsimulationfor all of Switzerland,which, with about
7 million inhabitantsalsosenesasa proxy for a large metropolitanarea. The challengeswith
suchanimplementatiorare mary: availability and quality of input data,computationalmple-
mentatiorandcomputationaperformancegonceptuatinderstandingf agentearning,andval-
idation. This paperreports rst resultswhich are essentiallybasedon typical transportation
planningdata: it usesstandardorigin-destinatiomrmatrices;it usesthe transportatiorplanning
network from the correspondingwissfederalplanningauthority;andit performsrouteassign-
mentbasedn theseinput data. The maindifferenceto typical planningtools,suchasEMME/2
or VISUM, is thatourimplementations indeedcompletelyagent-basedhatis, theindividuality
of eachtraveleris fully maintainedhroughouthe process.

At this stagepur approachs somevhatsimilarto ITS (Intelligent TransportatiorSystem)sim-
ulationssuchasDYNAMIT or DYNASMART.! Currently the mostimportantdifferencesare:
(i) Both our targetsizeandthe actualfeasiblescenaricsizeare considerablylarger thanfor ex-
isting ITS simulations.(ii) Most, if notall, ITS simulationimplementationgrouptravelersby
commoncharacteristicsfor example travelersaredifferentiatedoy destinationput all travelers
to thesamedestinatiortake the samerouteor the samesetof routes.In contrastpur approachs
completelyagent-basedhatis, thereis absolutelynointernalrelationbetweertravelerswho are
goingto the samedestination.

This paperwill continuewith an outline of the simulationstructure(Sec.2), of the mobility
simulation(Sec.3), andof the route/stratgy generatiormodule(Sec.4). This is followed by
a longersectionon agent-basetkarning(Sec.5). The following two sections(Secs.6 and7)
describethe real-world test scenarioand resultsobtainedwith it, including a comparisonto
VISUM resultsbasedn the samescenario.The paperis concludedoy a discussion/outlooland
asummary

1Seewww.dynamictrafcassignment.og for documentatiommn both.
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2. Simulation Structure

Traf ¢ simulationdor transportatiomplanningtypically consistof thefollowing modulegFig. 1):

Population generation Demographi@atais disaggrgatedsothatoneobtainsindividual
householdandindividualhouseholdnemberswith certaincharacteristicssuchasastreet
addresscarownership,or householdncome(Beckmaretal., 1996).— This moduleis not
usedfor our currentinvestigationsout will beusedin thefuture.

Activities generation For eachindividual, a setof actvities (home, going shopping,
going to work, etc.) andactwvity locationsfor a day is generatedVaughnet al., 1997;
Bowman,1998). — This moduleis not usedin our currentinvestigationsout will be used
in thefuture.

Modal and route choice For eachindividual, the modesare selectedand routesare
generatedhatconnectactiities at differentlocations(seeSec.4). Theroutingshouldbe
dynamicin orderto adequatelynodeltime-dependentongestioreffects.

Mobility simulation. Up to here,all individuals have madeplans (or strategieg about
theirbehaior. Themobility simulationexecutesll thoseplanssimultaneouslyseeSec.3).
In particular we now obtaintheresultof interactionsbetweertheplans—for examplecon-
gestion.

Feedback In addition,suchanapproacmeedgo make the modulesconsistentvith each
other(Sec.5). For example plansdependn congestionbut congestiordepend®n plans.
A widely acceptednethodto resol\e this is systematiaelaxation(Kaufmanetal., 1991;
Nagel,1994/95;Bottom,2000)- thatis, make preliminaryplans,run the mobility simula-
tion, adaptthe plans,run the simulationagain,etc., until consisteng betweenmodulesis

reached.The methodis somavhat similar to the Frank-Wolfe-algorithmin staticassign-
ment,or in moregenerakermsto a standardelaxationtechniquen numericalanalysis.

This modularizationhasin fact beenusedfor a long time; the main differenceto earlierim-
plementationss thatit is now feasibleto make all modulescompletelymicroscopic,i.e. each
traveleris individually represented all modules.

As of now, notall of theabore modulesarecurrentlyimplementedThis paperdiscussesesults
obtainedwith a versionof the simulationsystemthat consistsof caronly versionsof the router
the mobility simulation,andthe feedback. Thesemoduleswill be describedn moredetailin
thefollowing sectionslt shouldbe notedthatin particularthefeedbacksystemis uniquein that
it explicitly keepstrackof mary stratgiesof eachindividual traveler. Most simulationsystems
assumeeitheronly onestratgy pertraveler, or they grouptravelerstogetheraccordingto their
characteristicsfor exampleby commondestination. Sincethe actiity generatiormoduleis
currentlynotused,demands obtainedrom traditionalorigin-destinatiomrmatrices.Thiswill be
furtherdiscussedn conjunctionwith thescenariojn Sec.6.
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3. Mohbility Simulation

Ourmainmobility simulationis thequeuesimulation(Gawron, 1998;CetinandNagel,2003b,a).
Theintentwith thissimulationis to keepit assimpleaspossiblevhile maintainingamicroscopic
view of thetravelers(agents/ehicles)by following theindividualizedrouteplansthey generate
(seeSec.4); andto have queuespillbackto modeltheindirectinteractiondbetweeragents.This
is similar in spirit to traf ¢ simulationsbasedon the smoothparticle hydrodynamicsapproach,
suchasDYNEMO (Schwerdtfger, 1987),DYNAMIT (seeearlier),or DYNASMART (seeear
lier).

In the queuesimulation, streetsare essentiallyrepresenteds FIFO ( rst-in  rst-out) queues,
with the additionalrestrictionsthat (1) vehicleshave to remainfor a certaintime on the link,
correspondingo freespeedravel time; andthat(2) thereis alink storagecapacityandoncethat
is exhaustedno morevehiclescanenterthelink.

Keepinghesimulationsimplealsomeanghatwe do notperformary dataaggreationwithin the
simulation.It simplydumpsoutraw data,in theform of “events; whichtell thetime andlocation
wheresomethingnterestinghappendo anagent.Theseeventscanbe parsecandaggreated if
necessanby the othermodulesto obtainary informationthey may needaboutwhathappened
in the simulation. At presenthe simulationonly outputseventsfor agentsenteringor exiting a
link, but otherinterestingeventsmight bewhenagentsncountecongestionchangespeedetc.

A majoradvantageof the queuesimulation,besidests simplicity, is thatit canrun directly off
the datatypically availablefor transportatiorplanningpurposesThisis nolongertruefor more
realisticsimulationswhichneed for example thenumberof lanesncludingpocketandweaving
lanesturn connectwities acrossntersectionsor signalschedules.
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4. Strategy Generation

The mobility simulationcomputeghe physicalaspect®f movementsuchaslimits on capacity
storageor speed.In particularit computeghe aspectf interaction,suchascongestion.The
mobility simulationneedsnformationaboutwheretravelersenterandleave the network, which
turnstravelerstake at intersectionsgtc. As mentionedin Sec.2, theseaspectsan be called
plans,or strat@ies. For thetransportatiorsimulation,this meanghattravelersknow wherethey
aregoing, whenthey wantto be there,andthe routethey wantto take to getthere. This kind
of stratgic knowledgeis in starkcontrastto, say the simulationof antsin anant-hill. It also
malkesthe simulationdesignconsiderablymore demandingsincethe generatiorand handling
of stratgiesis a whole problemof its own. Our own approachto this problemis to allow a
distributed design,that is, mobility simulationand stratgy generatiorshouldbe separateds
muchaspossible,andin factwe alsointendto have morethanonestratgy generatiormodule
in thefuture.

However, theonly stratgy generatiormoduleusedfor this paperis theroutegeneratiormodule.
Travelers/\ehiclesneedto computethe sequencef links (road segments)that they aretaking
throughthe network. A typical way to obtainsuchpathsis to usea Dijkstra shortespathalgo-
rithm. This algorithmusesasinput the network link travel times plus the startingand ending
pointof atrip, andgeneratessoutputthe fastespath.

It is relatively straightforward to make the costs(link travel times) time dependentmeaning
thatthe algorithmcanincludethe effect thatcongestions time-dependentlrips startingat one
time of the daywill encountedifferentdelaypatternghantrips startingat anothertime of the
day Link travel timesareaggr@atedfrom the eventsfed backfrom the mobility simulationinto
15-mintime bins,andthe router nds the fastesroutebasedon thesel5-mintime bins. Apart
from relatively small and essentiatechnicaldetails, the implementatiorof suchan algorithm
is straightforvard (Jacobet al., 1999). It is possibleto include public transportationinto the
routing (Barrettetal., 2000);in our currentwork, we look atcartrafc only.

As pointedout earlier the ultimate goal of this work is to have a multi-agentsimulationfor
transportatiormplanningapplications. This includesthe generatiorof stratgieswhich areon a
higherlevel thanroutes,suchasactvity selection]ocationselection(for actwities), andactiity
schedulingSec.9 will discusshow it is plannedo integrateactiity generatiorasanadditional
stratey generatiormodulein futureversions.

5. Adaptation, Learning and Feedback

As is well known, thereis a mutualdependencéetweenstratgy generatiorandmobility sim-
ulation. For example,congestioris the resultof (the executionof) plans,but plansare based
on (the anticipationof) congestion.The traditionalapproachto this kind of problem,both in
transportatiorandin economicshasbeenthe postulationof a NashEquilibrium (NE). For route
assignmenta NE is reachedvhenno travelercanimproveits travel time by selectinga different
route. In the traditionalstaticassignmenapproachundersomecircumstances canbe proven
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thatthereis only onesolution(in termsof thelink o ws)to this problem(e.g.Shef, 1985).In
consequenceary computationaprocedurevhich nds thatsolutionis avalid one.

An extensionis the so-calledStochastidJser Equilibrium (SUE; e.g. Shef, 1985). Insteadof
selectingthefastespath,travelersselecta pathaccordingto a probability

pl e T (1)
whereT,; is thetravel time of pathi. canbeseenasatuningparameterFor ! 1 , standard
staticassignmenis obtainedagain;for = 0, all pathsareselectedvith equalprobability The

theoreticajusti cation for stemdrom theassumptiorof acertainvariability of thetravel times
— which canstemfrom mary sourcesjncluding real variability of the travel times, perceved
variability of the travel times, or variability of so-calledunobsered attributes. In practice, is
bestobtainedaspartof a multinomiallogit modelestimationfrom statedor revealedpreference
data(e.g.Ben-AkivaandLerman,1985).

Static assignmentdoes not possessary dynamics, that is, trafc is representediy time-
independenstreams. This precludesfor example,the representatiof queuespill-back, or
the representatiof time-dependentraf c managemenstratgiessuchasthoseusedby ITS.
As aresult,newverwork in this area,in particularwhenrelatedto ITS, hasuseda dynamicrep-
resentatiorof trafc. The NE or SUE approachesanhowever be maintainedjn the sensehat
for a givendeparturdime, differentpathshave different(average)travel times,andthetraveler
eitherselectghefastespath(NE) or she/heselectsaccordingo Eq. (1).

Whenmoving to anagent-basedpproachhowever, someaspect®f theabove approachesan-
not be translatedn a simpleway. In particular the SUE approaclassumeshattravelersknow
a setof differentplausible paths,which is typically not available. In the following, two fully
agent-basedpproacheso the problemwill be presentedBoth of themwerealreadypresented
atlastyears STRC(Rang andNagel,2002).1t will berepeatederein orderto make the paper
self-consistentandalsoin orderto go againthroughthe mostimportantarguments.

5.1 *“Basic” Agent-based Feedback

Both basicstaticassignmenandSUE de ne a stateof the systemput no algorithmto getthere.
Since,asnotedabove, the solutionis unique(in termsof the link o ws), any algorithmwhich
solvesthe problemis valid. Most, if notall, of thealgorithmsturn outto beiterative.

Similarly, a possibleway to solve the consisteng problembetweenmobility simulationand
stratgy generations to usesystematiaelaxation(Kaufmanetal., 1991;Nagel,1994/95;Bot-
tom, 2000). This is a cycle in which all agentsselect“strategies” (setsof choices,e.g.route
plans),executethemin thetrafc simulation,thensomeagentgevise their stratgies,andthey
areexecutedagain,etc.,until somekind of stoppingcriterionis ful lled. A possibleversionof
this:

1. The systembegins with aninitial setof routes(stratgies),one per agent,basedon free
speedravel times,which represena network with no congestion.

2. Thetraf ¢ simulationis executedwith the currentsetof stratajies.
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3. 10% of the populationrequestsew routesfrom the router which basegshemon the up-
datedlink travel timesfrom thelasttraf c simulation.Thenew routesthenreplacetheold
routesfor the“replanned’agentdn the setof currentroutes.

4. This cycle (i.e. steps2 through3) is run for 50 times; earlierinvestigationshave shavn
thatthisis morethanenoughto reachrelaxation(Rickert, 1998;Bottom, 2000).

5.2 The Agent Database

Oneproblemwith the basicapproacthis thatit givesriseto oscillationsfrom oneiterationto the
next: If, say routeA is fasterin oneiteration,thenmary travelerswill switchto it, makingit
slower, andsomeotherroutefaster Theseoscillationscanbe suppressetly makingthereplan-
ning fractionsmallerwith higheriterationnumbersbut thisis implausiblewith respecto human
behaior.

As pointedout before,analternatve approachs to useEg. (1) to chosebetweerdifferentstrate-
gies. As alsonotedbefore, the problemwith this approachis that the setof routesfor each
origin-destinatiorpair is assumedo be known beforethestartof theiterations.In thefollowing,

we presentatnapproaclwhereadditionalroutesarefoundby the systemasit goes,andareadded
to therepertoire.In addition,this explorationis doneby eachagentindividually; this haspartic-
ular advantagesvhenagentsare very diverse,asexempli ed for exampleby a high-resolution
network (eachlink is a possiblestartingand endingpoint), and a quickly changingtemporal
dynamics.This approachs calledthe“agentdatabase”.

The agentdatabasgivesthe agentsa memoryof their paststratgies,andthe outcome(perfor
mance)of thosestratgies. Thespeci ¢ stepsn therelaxationcycle are:

1. Thesystembeginswith aninitial setof stratgies,oneperagent.In the caseof the present
results,a strat@y is simply aroute,andtheinitial setof routesis generatedhasedon free
speedravel times,which represena network with no congestion.

2. For eachagentthe new stratgy is storedin the agentdatabas€éRaneg andNagel,2002,
2003),which representsts memoryof previously tried stratgies. Sincethe agentshave
only onestratgy apiecethey automaticallyselectthis astheir next stratey to execute.

3. Thetraf ¢ simulationis executedwith the setof selectedstratagies.

4. Eachagentmeasureshe performanceof his/herroutebasedon the outcomeof the simu-
lation. “Performance’at presenimeanghe total travel time of the entiretrip, with lower
travel timesmeaningbetterperformance.This informationis storedfor all the agentsn
theagentdatabaseassociateavith the stratgy thatwasused.

5. A fraction of the population(10% at presentyequestsiew routesfrom the router which
basegshemontheupdatedink travel timesfrom thelasttraf ¢ simulation.Thenew routes
arethenstoredn theagentdatabasand,beingnew, aremandatorilyselectedy theagents.
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6. Agentswho did not requestnew routeschoosea previously tried route from the agent
databasehy comparingthe performancevaluesfor the differentroutes,without knowing
anything elseabouttheroutes.Speci cally, they usea multinomiallogit model

p/ e T
for the probability p; to selectroutei, whereT,; is the correspondingnemorizedtravel

timeand isanempiricalconstantThis processs explainedin detailin Rang andNagel
(2002,submitted 2003).

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

Thisstratggy meanghatmorethanouroriginal 10%replanningractionof theagentswill change
theirplansatagiveniteration. Thesechangesvill be“informed” decisionsthough—notrandom
exploration.

An additionaladvantageof theagentdatabasés thatthe systems considerablynorerobustthan
without (Rang andNagel,2002,2003,submitted).Without the agentdatabasei is imperatve
that the router generatepathswhich are an improvementover the previous solution, or said
differently, the routerneedsto generatalifferentpathswith probabilitiesthatre ect actualuse
of thosedifferentpaths.This putsvery high designrequirement®n the routerthatwill bevery
dif cult tofulll. Useof theagentdatabaseneanghattheroutercanbe muchmorecreatve in

the generatiorof new routes: Routeswhich turn out to be bad stratgjieswill just be evaluated
onceby theagentandthennever betouchedagain.

Theagentdata-baséringsour agent-basedimulationcloserto a classi er systemasknown for
Complex Adaptive SystemqSteinand others,since1988). From here,alternatve methodsof
agentlearning,suchasMachinelLearningor Arti cial Intelligence canbeexplored.

5.3 lllustration of Learning and Feedback

Figure2 shavs an exampleof how the feedbackmechanisnworksin the so-called*Gotthard”
scenario.Thisis atestingscenarian which 50000 agentsstartbetweer6:00AM and7:00AM
from randomlocationsall over Switzerlandanddrive to the samédocationin Lugano.By having
all agentdravel to the samedestinationye cancheckif all trafc jamson all usedroutesto the
destinationdissolwe in parallelor not. In orderfor the vehiclesto getto their destinationmost
of themhave to crossthe Alps. However, therearenot mary waysto do this, resultingin traf c
jams, mostnotablyin the corridor leadingtoward the Gotthardpass. This scenarichassome
resemblancéo real-world vacationtraf ¢ in Switzerland.

The gure shavstwo “snapshotsdf thevehiclelocationswithin thequeue-basehobility simu-
lationat9:00AM. The rst imagein the gure is asnapshobf theinitial (zeroth)iterationof the
simulation,andthe seconds the simulationafter 50 iterationsvia the agentdatabasdéeedback
systemdescribedn Sec.5.

Initially thetravelerschooserouteswithout any knowledgeof the demandcausedy the other
travelers),sothey all usethefastestinks, andtendto selectvery similar routes which compose
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a subsewf availableroutes. However, by driving on the samelinks, they causecongestiorand
thoselinks becomeslower thanthe next-fastestinks which were not selected.Thus, alternate
routeswhich were mamginally slower thanthe fastestroute become,n hindsight, preferredto

the routestaken. By allowing sometravelersto selectnew routesusing the new information
aboutthenetwork, andothersto choosepreviously tried routes we allow themto learnaboutthe

demandn the network causedy oneanother

After 50 iterationsbetweenthe route selectionand the mobility simulation,the travelershave

learnedwhateveryoneelseis doing,andhave choserroutesaccordingly Now a morecomplete
setof theavailableroutess chosenandoverallthetravelersarrive to theirdestinatiorearlierthan
in theinitial iteration. Comparingthe usageof the roads,onecanseethatin the 49thiteration,
the queuesareshorteroverall, andat the sametime in the simulation,travelersare,on average,
closerto their destination.

More resultsfrom this scenariccanbe foundin Rang/ andNagel(submitted 2003).

6. Scenario (Initial and Boundar y Conditions)

Thegoalof ourwork is afull 24-hoursimulationof all of Switzerland,ncludingtransittraf c,

freighttrafc, andall modesof transportationThis will involve about7.5 million travelers,and
morethan 20 million trips (including shortpedestriartrips, etc.). A moreshort-termgoal is a
full 24-hoursimulationof all of cartraf ¢ in Switzerland.For this,wewill have about10million
trips.

The presentstudytakesa subsetof the datafor the full 24-hour caronly simulation,anduses
the demandfor the morningrush-houy from 6:00 AM to 9:00 AM. This subsetcontainsabout
1 million trips.

Theinputdataconsistof two parts:the streetnetwork, andthedemand.

6.1 The Street Network

The streetnetwork thatis usedwasoriginally developedfor the Swissregional planningauthor

ity (Bundesamtiur Raumentwicklung)andcoveredSwitzerland It wasextendedwith themajor
Europeartransitcorridorsfor arailway-relatedstudy (Vrtic etal., 1999). The network suppos-
edly containghe statusfor 1999,but containsat leastonemajor error (a high capacitytunnelin

Zurichis missing).Our initial simulationsresultedin traf ¢ gridlockin Zurich, which wasalso
re ectedin the VISUM assignmendisplayingV/C ratiossigni cantly above 100%. A manual
comparisorwith a higherresolutionnetwork of Zurich led to the conclusionthat capacityin

Zurich wasin generalkigni cantly underestimatedn consequenceaye manuallyincreasedhe
correspondingoad capacityfor transitcorridorsthroughZurich in our network. We canonly

speculatevhat led to thesenetwork errors; Sec.9 discusse®ur plansof how to improve the
situation.

After our modi cations,the network hasthefairly typical sizeof 10564 nodesand28624links.
Also fairly typical,themajorattributesonthesedinks aretype,length,speedandcapacity From
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Figure 2: Exampleof RelaxationDue to Feedback. TOP: Iteration0 at 9:00 — all travelers
assumehenetwork is empty BOTTOM: Iteration49 at9:00—travelerstake morevariedroutes
to try to avoid oneanother Red(darkgrayin b/w version)indicatesiams,green(dark grayin

b/w version)indicatesfree- owing traf c, andgrayindicatesemptyroads.
Source:Rang etal. (2003)
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Sec.3, onecanseethatthisis enoughinformationfor the queuesimulation.

6.2 Demand

Our startingpoint for demandgeneratiorfor the full Switzerlandscenaricare 24-hourorigin-
destinatiormatricesfrom the Swissregional planningauthority (Bundesamfur Raumentwick-
lung). Eventually we intendto move on to actvity-baseddemandyeneration.

The original 24-hourmatrix is corvertedinto 24 one-hourmatricesusinga threestepheuris-
tic (Vrtic and Axhausen2002). The rst stepemploys departureime probabilitiesby popula-
tion size of origin zone, populationsize of destinationzoneand network distance. Theseare
calculatedusingthe 1994 SwissNational Travel Survey (Bundesamtir Statistikund Dienstfur

Gesamterkehrsfragen1996). The resulting24 initial matricesarethencorrected(calibrated)
againstvailablehourly countsusingthe OD-matrixestimatiormoduleof VISUM (www.ptv.de).
Hourly countsareavailablefrom thecountingstationsonthe nationalmotorway system.Finally,

thehourly matricesarerescaledsothatthetotalsover 24 hoursmatchthe original 24h matrix.

VISUM assignmenbf the matricesshows thatthe patternsof congestiorovertime arerealistic
and consistentvith the known patterns. The Zirich congestiorproblem, mentionedabove, is
containedn the assignmentbut did not shav up at this higherlevel view; seeSec.9 for some
discussiorof this. A moredetailedveri cation of theseresultswas not possibleso far, but is
planned.

For themulti-agentsimulation,thesenourly matricesarethendisaggrgatednto individualtrips.
Thatis, we generatandividual trips suchthat summingup the trips would againresultin the
given OD matrix. The startingtime for eachtrip is randomlyselectedetweerthe startingand
theendingtime of thevalidity of the OD matrix.

The OD matricesassumerafc analysiszones(TAZs) while in our simulationstrips starton
links. We corverttraf c analysiszonesto links by thefollowing heuristic:

Thegeographidocationof thezoneis foundvia thegeographicatoordinateof its centroid
givenby thedatabase.

A circle with radius3 km is dravn aroundthe centroid.

Eachlink startingwithin this circle is now a possiblestartinglink for the trips. One of
thesdinks is randomlyselectedandthetrip startor endis assigned.

Thisleadsto alist of approximatelyd million trips, or aboutl million trips betweer6:00AM and
9:00 AM. Sincethe origin-destinatiormatricesaregivenon an hourly basis,thesetrips re ect
thedaily dynamics.ntra-zonaltrips arenotincludedin thosematricesasby tradition.

7. Results

Theabove scenariovasfed into two differentmodels:First, into a VISUM (PTV, www.ptv.de)
assignmentwhichis arelatvely standardassignmen(Shef, 1985)exceptthatit is dynamicon

10
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08:00

Figure3: Snapshobf Switzerlandat8:00AM. Fromthe queuemobility simulationiteration50.
Theright sideshaws a close-upof the Zurich area.

Source:Rang etal. (2003)

anhourly basis(Vrtic andAxhausen2002),andsecondnto anagent-basechobility simulation
asdescribedabove, usingthe agentdatabas@anditeratingabout50 times.

Figure 3 shows aresultof the Switzerland6-9 Scenario.This gure is after50 iterationsof the
gueuemobility simulation,usingtheagentdatabaseWe usedasinputtheorigin-destinatiorma-
tricesdescribedn Sec.6.2,but only thethreeone-houmatricesbetweer6:00AM and9:00AM.
This meansary travelersbeginningtheir trips outsidethis region of time werenot modeled.As
onewould expect,thereis moretraf ¢ nearthecitiesthanin thecountry Jamsarenearlyexclu-
sively foundin or nearZurich (nearthe top; seeclose-up).As of now, it is unclearif thisis a
consequencef a higherimbalancebetweersupplyanddemandhanin otherSwisscities, or a
consequencef a specialsensitvity of the queuesimulationto large congesteahetworks.

Figure 4 shovs a comparisorbetweenthe simulationoutputof Fig. 3 and eld datataken at
countingstationsthroughoutSwitzerland(seeSec.6.2 andBundesamtir Strassen2000). The
dottedlines, dravn above andbelow the centraldiagonalline, outline a region wherethe simu-
lation datafalls within 50% and200%of the eld data. We considerthis an acceptableegion
at this stagesinceresultsfrom traditionalassignmeninodelsthatwe areawareof areno better
thanthis (Fig. 4(b); seealsoEsserandNagel,2001).

Figure 4(b) shons a comparisorbetweenthe traf ¢ volumesobtainedby IVT using VISUM

assignmenagainsthesameeld data.Visually onewould concludethatthe simulationresults
are at leastas good as the VISUM assignmentesults. Table 1 con rms this quantitatvely.

Meanabsolutebiasis hosim G ielqi , meanabsoluteerroris hjgkim G ielgji , Meanrelative bias
IS im  Gield) =G iergl , meanrelative erroris hjtkim G iela) =G ielal » Wherehii meanghatthe
valuesareaveragedoverall links where eld resultsareavailable.

For example,the “meanrelative bias” numbersmeanthat the simulationunderestimate® ws
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Figure4: Comparisorto Field Data. (a) Simulationvs. eld datafor the 50th iteration. The
x-axis shows the hourly countsbetween7:00 AM and8:00 AM from the eld data;they-axis
shavsthroughpubnthecorrespondingink from thesimulation.(b) VISUM assignmenis. eld
data. The x-axisis the sameas(a); the y-axis shavs the volumeobtainedfrom the assignment

model.
Source:Rang etal. (2003)

Tablel: BiasandError of SimulationandVISUM ResultsComparedo Field Data

Simulation VISUM
MeanAbs. Bias: 64.60 +99.02
MeanRel. Bias: 5.26% +16.26%
MeanAbs. Error: 26321 30883
MeanRel. Error: 25.38% 30.42%

Source:Rang etal. (2003)
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by about5%, whereaghe VISUM assignmenbverestimatethemby 16%. The averagerelative
error betweenthe eld measuremerdndthe simulationis 25%, betweenthe VISUM assign-
mentandreality 30%. Thesenumbersstatethatthe simulationresultis betterthanthe VISUM
assignmentesult. Also, the simulationresultsare betterthanwhat we obtainedwith a recent
(someavhat similar) simulationstudyin Portland/Orgon (Esserand Nagel,2001); corversely
theassignmentaluesin Portlandwerebetterthanthe onesobtainedhere.

What makes our resulteven strongeris the following aspect: The OD matriceswere actually
modi ed by a VISUM moduleto make the assignmentesultmatchthe countsdataaswell as
possible. TheseOD matriceswerethenfed into the simulation,without further adaptation.It

is surprisingthat even undertheseconditions,which seemvery adwantageougor the VISUM

assignmentthe simulationgenerates smallermeanerror.

8. Computational Aspects

8.1 Computational Performance of the Mobility Simulation

Computationaissuesfor the mobility simulationare discussedn detail elsavhere (Cetin and
Nagel,2003a,b).The mainresultfrom thoseinvestigationss that, usinga Pentiumclusterwith

64 CPUsandMyrinet communicationthe queuesimulationcanrun morethan500timesfaster
thanrealtime (excludinginputandoutput),meaninghat24 hoursof traf ¢ of all of Switzerland
canbesimulatedin lessthan3 minutes.The queuesimulationusedfor the resultsof this paper
wasstill somevhatslower: It neededabout15 min, includinginput andoutput,for a simulation
of traf c from 6:00AM until roughlynoon.Recallthatthis paperfis concernedvith themorning
peakonly.

8.2 Computational Performance of the Original Agent Database

A possibletechnologyfor information exchangebetweenmodulesis to usetemporary les.
This is thetechnologyusedby TRANSIMS (www.transims.net) Eventually however, thereis
the necessityto nd certaindataitems quickly in these les. That problemcan be solved by
indexing, asTRANSIMS does.On the otherhand,all thesearetypical databaseperationsand
thusit shouldbe possibleto useatypical databaséor theseproblems.

Figure5 depictsthe cumulativecontributions of the major stepsin the feedbacksystemto the
total executiontime of eachiteration. For this gure, the agentdatabasevasimplementedus-
ing the MySQL public domaindatabaséwww.mysqgl.og), and both “strategy selection”and
“scoreupdate’weredatabaseperations. Stratgy generatior(= routegenerationandmobility
simulationweredoneusingour own C++ codes.Thoseoperationsare:

1. Strategy Generationaddsanew stratgy for 10%of theagentsnto thedatabaseOncethe
network datahasrelaxed, this steptakesaboutthe sameamountof timein eachiteration.

2. Strategy Selection wherethe other90% of theagentsselecta strateg)y from the database.
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Figure5: Cumulatve ExecutionTime Contrikutionsof Major IterationStepsLEFT: File-based
databaseémplementation RIGHT: The new implementationywhich keepsall agentinformation
in computememory andwhich alsousesa fastermobility simulation.

This executiontime for this stepscalesapproximatelylinearly with the total numberof
stratgjiesstoredin theagentdatabaseThus,it takeslongerto executewith eachiteration.

. Mobility Simulation, wheretheagentsnteract. This againrelaxesto a consistenamount

of time, about15 minutes,thoughtakeslongerin earlieriterationswhenthereis more
congestiorto dealwith.

. Score Update, wherethe agentaupdatethe performancescoresof their executedstratey

from the outputof the mobility simulation. The executiontime for this operationis fairly
constanin eachiteration,sinceit depend®nthe numberof eventsproducedoy the simu-
lation (seeSec.3). This numberis proportionalto the numberof agentsandthelengthof
theirroutes;it doesnot changevery muchfrom oneiterationto the next.

More detailsaboutthe databasénplementatiorandexecutiontimescanbefoundin Rang and
Nagel(submitted 2003).

One canseethat on averageeachiterationtakes aboutan hour to execute,with the feedback
systemjncluding stratgy generatiortakingabout45 minutesof thattime. The overall resultis

thatwe canrun a metropolitanscenariowith 1 million agentsjncluding 50 learningiterations,
in abouttwo days.
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8.3 Reimplementation of the Agent Database

As onecanseefrom the resultsabove, the le-baseddatabasepproachs slow whenusedfor
large scalescenarios.

We are currentlyimplementinga new approachwhereall relevantdata(i.e. stratgjies)areper
manentlykeptin computermemory Ratherthanusingslower scriptinglanguagegor eachstep
in theiteration(Rang andNagel,submitted,2003),the new implementations written in C++
andcombinesll operationsnto oneprogram.

Preliminaryresultsindicatethatthecomputingtime for this new implementatiorfor the Switzer
land 6-9 scenarioimproves, for the feedbackand stratgly generationcomponentsfrom more
than60 minutes(in the 50thiteration)to about20 minutes— seetheright sideof Fig. 5.

9. Discussion and Future Plans

9.1 Activity Generation

The above resultsusetraditional origin-destinatiorntablesfor demandgeneration. We intend
to move our investigationgo actvity-baseddemandgeneration.One methodwill be basedon
discretechoicetheory oneon geneticalgorithms.

A fair amountof Swisstraf c is cross-bordetrafc, eitherwith origin or destinatiorin Switzer
land, or completelytraversingthe country Also, freighttrafc would not beincludedin a rst

versionof actvity-baseddemandyenerationywhichwould concentrat®npeople.lt is plannedo
includeall theseeffectsby conventionalorigin-destinatiomatricesj.e. via some“background”
trafc thatwill beableto adjustroutes(andmaybestartingtimes)but will notbeelasticin terms
of numberof trips.

9.2 Feedback

The useof the agentdatabasen the feedbackmechanisnworks well, but needstuning. Both

computationakpeedandthe learningbehaior of the systemarean issue. The computational
speedissuesare being addresseds describedin Sec.8.3; memoryissuesare addressedbe-

low. Themethodologicatjuestionswill beaddressegia anexaminationof establishedearning
methodgqsuchasbestreply or reinforcementearning).

Another shortcomingof the currentmethodis that replanning,and thus learning,can happen
only over night. Work is underway to improve this situationvia an online coupling between
moduleswhichwill allow within-dayreplanning(Gloor,2001). This meanghatagentsanalso
make stratgjic decisionswhile they areon theroadandnot justin betweentrips (seeFig. 6 for

avisual sketchof this). Within-day learningis morerealisticsincesometypesof decisionsare
madeon time scalesmuchshorterthana day (DohertyandAxhausen1998).We explicitly want
to avoid couplingthe modulesvia standardsubroutine/librarycalls, sincethis both violatesthe

modularapproachdeaandef ciency consideration$or parallelcomputing.
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replanning route schedule

Figure 6: Virtual Reality Representatioof SimulatedTrafc in Portland/Orgon. Including
visualizationof within-dayreplanning.
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Evenwith day-to-dayreplanningonly, mary problemsremain. It waspointedoutin this paper
that the use of an agentdata-basei.e. the memorizationof more than one stratgy for each
agent,solves someconceptuabroblems. However, even if one assumeghat oneis capable
of generatinga setof plausiblestratagies,the questionbecomesvhich of thoseto select. The

standardogit approactofp, / e Y, whereU; is theutility of optioni, has,asis well known, the
so-calledlID property(“independencérom irrelevantalternatves”). IID essentiallyneanghat
stratgjiesshouldnotberelated.As anextremeexample assumehattheagent-databasmntains
three stratgjies for an agent,two of which are nearly the same. IID saysthat eachstratgy

will be selectedwith a probability of 1/3, while it would be plausiblethat the nearlyidentical
stratgyiesareselectedvith a probabilityof 1/4 eachandthethird, truly differentstrateyy with a

probabilityof 1/2. Alternativesto standardnultinomiallogit areC-logit or pathsizdogit, which

remove someof theseproblems(Bierlaire,2002).

On 32-bit systemssuchas our Pentiumsystemsthe is a limit of approximately4 GByte of
addressablenemory This is bothrelevantfor les (andthusfor le-baseddatabasesandfor
implementationsn computemrmemory A possibleworkaroundwould be to distribute the agent
databasento severalcomputers.This is not a problem,since,within the agentdatabasepera-
tions,theagentglonotinteractwith oneanotherandcanbeprocessedompletelyindependently

This would imply theinteractionof evenmorecomputerssomeof themnow beingresponsible
for the computationof the stratgic/tacticaldecisions.Anotheradvantageof this approachpe-
sidesits improvedspeedjs thatit shouldwork well togethermwith the within-trip replanningas
explainedabove.

9.3 Other

It wasmentionedabore thattherewasa seriouggridlock problemwithin thecity of Zurich. This
wasattributedto generallytoo low network capacitiesUnfortunatelythisintuition is dif cult to
check.lt is clearthat,with theinput datathatwasat our disposaltherewasa mismatchbetween
demandandnetwork capacity Also, the samemethodworked everywhereelsein Switzerland.
We canonly think of threereasons{(i) therewasa demandoverestimationn the OD cells for
Zurich; (ii) therewas a capacityunderestimationn the network data; (iii) our queuemicro-
simulationis overly sensitve to gridlock andthis problemshaws up only for large congested
networks. Unfortunatelythereis no othersimilarly largemetropolitarregioninsideSwitzerland;
the metropolitanregionsof Lugano,Gene&a, and Baselextendacrossthe borderandtherefore
cannotbe simulatedrealisticallywith our availabledemanddata.

It shouldbe notedthat simulationswith hard capacityand storageconstraintsare generically
much more sensitve to capacitymismatcheghan static assignment.In static assignmentan
overloadedink (with volumehigherthancapacity)will justbeunattractve for therouting,but it

will forwardtherequestedgteadystate o w neverthelessin a simulationwith hardconstraints,
aqueuewill form upstreanof suchabottleneckandit will spill backinto therestof thesystem.

Our plan to solve this problemandto also advancetowardsmore microscopicrepresentation
is to includea higherresolutionnetwork for the region aroundZirich. This network will have
considerablymorelinks, possiblyleadingto a highernetwork capacitybecausef the addition

17



Swiss Transport Research Conference
March 19-21, 2003

of secondarycapacity Thatnetwork shouldbe alot morereliablein termsof realismandthus
eliminateone of the sourcef errors. In addition,addingotherchoicesinto the model(mode,
destination,actvity pattern)shouldalsodampenthe adwerseeffects of demand-capacitynis-
match.

10. Summary

The eventualgoal of this work is a multi-agenttrafc simulationof all of Switzerland. This
work shoulddemonstrat¢hefeasibility of thistechnologyon suchalarge scale andit shouldbe
usefulfor researchguestions A major challenges to keepthe computationaperformancdast
enoughsothatsuchproblemsizescanbe computedver night, ratherthanover mary monthsas
is currentlythe casewith similar packagesg.g. TRANSIMS (www.transims.net).

This papempresentsntermediateesultsof thiswork. Theintentof thesantermediategesultswas
to testif thetechnologywhenreducedo a typical routeassignmenproblem,would be useful

for realworld applicationsandhow it would compareo a VISUM assignmentThe conclusion
is that,evenwithout speci ¢ tuning,thetechnologyis somavhatbetterthanthe VISUM assign-
ment. This meanghatthetechnologycould beimmediatelybe deployedfor eld testing. This

is in factintendedwith a eld studyaroundthe introductionof the Zurich Glatttalbahn. This

will gotogethemwith anextensionof the technologytowardsactiity-baseddemandyeneration.
Furtherdetailsof thiswill bereportedn theyearsto come.
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