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Abstract

Many typesof engineeringproblemsnvolve planninganinfrastructureor ervironmentusedby
people.This canincludedesigningsomethingnew, or modifying an existing infrastructure.In
theseplanningproblemsthe challenges generallyto meetthe needsanddesiresof theindi-
vidualsusingthesystemwhile balancinghe need=f the systemasawhole. Thisis adif cult
taskbecauseachpersonthat usesthe systemhashis or her own individual requirementand
preferencesandthey may con ict with thoseof otherpeople. In addition, peoplecanlearn
andadaptmeaninghey canaltertheir behaior in responséo changesn thesystem.Planners
musttake this into accountpy includingthe behaior of the peopleinto the planningprocess.

Simulationis atechnologyin whichamodelof realityis implementednacomputeandrun
forwardin time. Onetype of simulationimplementsa modelrepresentedy a setsof discrete
behaioral rules,whichis suitablefor problemsnvolving phenomenaccurringfrom theaction
of mary individuals. In addition,“multi-agentsystems’is a powerful techniquefor problems
involving the interactionof mary individuals. This techniqueusesentitiescalled agentsthat
represenindividual component®f the system.Eachagenthasits own goals,abilities,andre-
sourcesandactsonits ervironmentbasednits personaperception®f thatervironment. The
combinationof rule-basedsimulationwith multi-agentsystemsyields multi-agent simulation
(MAS), whichis acomputemodelthatrepresenta collectionof agentsaandtheir ervironment,
aswell asthebehaior, actionsandinteractionsf the agentswithin thatervironment.

This dissertatiompresentghe designandimplementatiorof a MAS framework for running
simulationsrelatedto planningproblemsinvolving large numbersof people. The framavork
is appliedto two planningproblems.The primary applicationis transportatiorplanning. The
framavork is describedn termsof travelersin aregionalor metropolitantransportatiorsystem
that have their own daily plan of actwities andtravel. In this simulation,the agentsrepresent
travelers,andthey learnto build goodplansin orderto achiese their goalsandto getthe best
useoutof thetransportatiorsystem.Suchproblemscaninvolve millions of travelers,sospecial
attentionis paidto makingtheframeavork supportarge-scalgroblems A preliminaryapplica-
tion of theframewnork to asecondapplicationin the eld of architecturas presentedThiswork
involvesplanningtheinterior of of ce buildings. The architecturakelementsof a building, as
well asthatbuilding's usersbecomethe agents.The elementdearnto arrangehemselesin a
way thatis pleasingto the userswhile andthe usersevaluatethe resultingbuilding layout.

Agents' actionscan causechangesn their ervironment, which can then causethemto
alter their actions. This causesa feedbackloop betweenthe simulationof agents'decision-
makingandthe simulationof the environment,which mustbe resolhed. The framavork does
sousingthetechniqueof relaxation which repeatedhalternateexecutionbetweenwo layers
of the system.In the stratggic layer, agentsmake decisionsabouttheir actionsbasedon their
knowledgeabouttheernvironment. The physicallayer representtheervironment,andexecutes
theagents'stratgyic decisionssimulatingtheir effectson the ervironmentandeachothet

Threeimplementation®f the framevork andincludedfeedbaclksystemarepresentedeach
of which dealswith certainchallengesncounteredn the designand implementationof the



framework. The rst implementatiorpresenteds a simpleandstraightfornardonebasednan

existingtransportatiomplanningpackagealledTRANSIMS. Thesecondf theseaddsaunique
componentalledthe agentdatabasewhich storespastandpresenstratgiesfor all agentsn

the systemalongwith measuresf the performancef eachstrategy. During eachiterationof

the relaxationsequencethe agentdatabasallows agentsto add stratgiesto their repertoire
via the stratgyy generatiormodules,or reuseprevious stratgies. The rst agentdatabases

implementedisingMySQL, arelationaldatabasenanagemergystemto keeptrack of agents'
memoriesof their stratgies. The secondversionof the agentdatabases implementedasa

simpli ed object-orientedlatabasebuilt using C++, which storesthe agentdatain computer
memoryandin a e xible datastructure. In addition, XML (eXtensibleMarkup Language)
technologyis usedto recordthe hierarchicalstructureof datathat representgentsandtheir

plans.

The implementation®f the transportatiorand architecturdramavorks are validatedwith
testscenariosandthe framework for transportatiorplanningis validatedthroughapplication
to real-world planningproblem. It is usedto simulateapproximatelyl million travelersus-
ing the roadways throughoutSwitzerlandduring the morning peakperiod from 6:00 AM to
9:00AM. It is shavn to produceresultsat leastasrealisticasa moretraditionalandnonagent-
based“assignmenthodel,but canprovide muchmoreinformationthanthetraditionalmodels
aboutthebehaior of theindividualtravelers.



Zusammenfassung

Oft beinhalteeineAufgabeim IngenieurwesedasPlanereinerinfrastrukturodereinerumge-
bung,dievonMenscherbenutztwird. Dieskanngelostwerdenjn demetwasNeuesntworfen,
oderaberaufeinerexistierenderL dsungaufgebautvird. Bei dieserArt von Planungsaufgaben
liegt die Herausforderunglarin, die Anforderungerund Winscheder Nutzerzu nden, aber
auchgleichzeitigdenWert desGesamtsystemesi maximieren.Diesist eineschwierigeAuf-
gabe,da jeder Nutzerindividuelle Anforderungerund Vorziige hat. Diesekdnnendurchaus
denenderanderemMutzerwidersprechenAusserdensinddie Nutzerin derLagezulernenund
sich anzupassenyas bedeutetdasssich ihr Verhaltenauf Anderungerim Systemanpassen
kann.Planermisserdiesbelicksichtigenjn demsiediesesVerhaltenn denPlanungsprozess
miteinbeziehen.

Die Simulationist eine Technologie bei der ein Modell der Realiat in einemComputer
erstelltwird. DiesesModell wird anschliessendurchein Fortschreiterder Zeit verandert.Die
Art von Simulation,die ein Modell verwendetdasdurch eine Mengevon diskretenVerhal-
tensrgelndaigestelltist, eignetsichbesonders$ir Fragestellungerdie sichausdemVerhalten
von vielen Individuenergeben. Multi-Agenten-Systeméieteneine leistungséhigeMethode,
um genausolcheAufgabenzu losen. Dabeirepiasentierersogenanntégentendie individu-
ellen KomponenterdesSystemes.JedemAgent werdenein eigene<Ziel, eigeneFahigkeiten
sawvie Mittel zugeviesen. Ein Agentverhalt sich gemassseinereigenenAnsichtder Umwelt.
Die Kombinationvon regelbasierterSimulation und Multi-Agent-Systemerfiuhrt zu Multi-
AgentenSimulation(MAS). Diesewird durchein ComputerModell gebildet,daseineKollek-
tion von Agentenund derenUmgelung reprasentiert, sovohl aberauchderenVerhaltenund
(Inter)aktionermit diesertUmgelung.

In dieserArbeit wird dasDesignund die ImplementatioreinesMAS-Frameavorks prasen-
tiert, welchessich fir die Simulationvon Planungsaufgabegignet,bei denendasVerhalten
einer grossenZahl von Menschenbericksichtigtwerdenmuss. DiesesFramavork wird auf
zwei Planungsaufgabesmgevendet. Die ersteAufgabeist ausdemBereichder Verkehrspla-
nung. Das Frameavork wird anhanddesBeispielsvon Reisenderin einemregionalenoder
stadtischerVerkehrssystenbeschriebenDieseReisenderbesitzereigeneTagesphnemit Ak-
tivitatenund Verbindungenin dieserSimulationrepiasentieremlie AgentenReisendewelche,
um ihre Ziele zu erfullen und das Transportsystenam ef zientestenzu nutzen,lernen, gute
Planezu bilden. SolcheAufgabenkdnnenMillionen von Reisendemeinhaltendeshalbivurde
besonderdAufmerksamleit daraufgelegt, dassdasFrameavork in der Lageist, Aufgabenin
dieserGrossezu unterstitzen. Eine VorstudiedesFrameavorks zu einer zweitenAnwendung
im Bereichder Architekturwird ebenélls prasentiert.DieseArbeit beinhaltetdie Planungder
InnenausstattunginesBurogelaudes. Die architektonischerElementeeinesGelaudesaber
auchdie Benutzerdes Gelaudeswerdendurch Agentenreprasentiert. Die Elementelernen,
sich so anzuordnengdasssie den Nutzernmoglichst gefallen, warenddiesewiederumdiese
Anordnungbewerten.

Die Aktivitatender Agentenkdnneneine Anderungder Umgehung bewirken, welchesich

Xi



wiederumaufdie Agentenauswirlkenkann. Diesbewirkt einezuldsendeéRiickkoppelungzwis-

chenderSimulationderEntscheidungs ndungerAgentenundder SimulationderUmgehlung.
Das Frameavork erreichtdies durch die Anwendungder Technik der Relaxation,welchedie

Ausfuhrungder beidenSchichtendes Systemeswiederholtabwechselt.In der strategischen
Sdicht fallen die AgentenEntscheidungebasierendauf inrem Wissender Umgelung. Die

physikalistie Sticht reprasentieridie Umgelung selbstundist zustindigfir die Ausfiihrung
der Entscheidungeder Agenten. Dieswird erreichtdurchdie Simulationder Auswirkungen
aufdie Umgelungunddie Agentenselbst.

DreilmplementatiordesFramavorksmit integriertemRickkoppelungssystemerdenprasen-
tiert, jede behandeltyewisse Fragendes Designsund der Implementationdes Framavorks.
Die erstelmplementationpasierencauf einerexistierendervVerkehrsplanungs-dket (TRAN-
SIMS), ist einfachund geradlinig. Die Zweite fiigt eine KomponenteggenanntAgentendaten-
bank hinzu, welche die vergangenerund aktuellen Stratgien fur alle Agentenim System
speichert,zusammemit Messungerder Bewertungjeder Stratgie. WarendjedesDurch-
gangesder Relaxionssequenerlaubtdie Agentendatenbanien Angenten,Strateien Uber
das Stratgyie-Generierungs-Moduh ihr Repertoireanzufigen, oder vorgangige Strageiene
wiederzuerwendenDie ersteAgentendatenbanikt unterVerwendungzon MySQL, einrela-
tionalesDatenbank-Management-Systeémplementiert.Diesesbetlt die Ubersichtiiberdie
Erinnerungerder Stratgien der Agenten. Die zweite Varianteder Agentendatenbanist als
vereinfachteobjektorientierteDatenbankin C++ implementiertwelchedie Agentendatemnm
SpeichedesComputersn einer e xiblenDatenstruktuhalt. Zusatzlichwird XML-T echnologie
(eXtensibleMarkup Language)verwendet,um die hierarchischeStruktur der Daten,welche
Agentenundihre Planereprasentiertaufzuzeichen.

Die ImplementationemesVerkehrs-und ArchitekturFrameavorks werdenbesttigt durch
Test-SzenarierersterezusatzlichdurcheinerealistischeAnwendung.Dabeiwerdenungeghr
eineMillion Reisendesimuliert, welchedie Verkehrswege der Schweizwarendder Morgen-
stosszeizwischen6 und 9 benutzen. Es zeigt Resultate die mindestensso realistischsind
wie dastraditionellere nichtagenten-basiertéssignment’Modell. Esist jedochin derLage,
viel umfassendertnformationeniiberdasVerhaltendereinzelnerReisenderzu liefern alsdie
traditionellenModelle.
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Chapter 1

Intr oduction

1.1 Planning Problems

Many typesof engineeringoroblemsnvolve planninganinfrastructureor ervironmentusedby
people.In theseplanningproblemsthe challenges generallyto meetthe needsanddesiresof
theindividualsusingthe systemwhile balancingthe need=f the systemasawhole. Thisis a
dif cult taskbecauseachindividual personthatusesthe systemhashis or herown individual
requirementsand preferences.An exampleof sucha problemis in transportatiorengineer
ing, whereregional plannersdesignthe transportationnfrastructureof a metropolitanareaor
otherregion wherehumansrequiremobility. Suchproblemscanbe quite largein scale,with
somemetropolitanregionscontainingl0's of millions of people.An additionalexamplecomes
from architectureywherearchitectdesignthe buildingsthatpeopleusedaily; in particular the
interior of thebuildingsmustbelaid outin away thatis usefulto theinhabitantsof the building.

Onething humansdo well is adaptto their erwvironment. Whendesigningan ervironment
for people,or alteringanexisting one,planneranusttake into accounthatthe peoplecanalter
their behaior in responseo changesn the system.Thus,it is important,in thesetypesof en-
gineeringproblem&hatinvolve meetingthecon icting needsof avarietyof uniqueindividuals
who canlearnaboutandadaptto their ervironment,to includethe behaior of the peopleinto
the planningprocess.

Simulation is a commonlyusedtechnology for examplein transportatiorplanningprob-
lems, in which a model of reality—suchas the transportatiorsystemand its dynamics—is
implementedon a computerandrun forward in time. Typically simulationshave beenmath-
ematicalmodels,suchasdifferentialequationsput thesetypesof planningproblemsinvolve
phenomenaccurringfrom the actionof mary individuals,which canbe bettermodeledusing
discretebehaioral rulesratherthanmathematicaéquations.

So-called“agent-basedtechniquesjncluding “multi-agent systems”have emepged as a
powerful approactfor problemsinvolving the interactionof mary individuals(Ferber,1999).
Thisdissertatiorproposesheuseof aspeci ¢ typeof simulation,calledmulti-agentsimulation
asatechnologyfor solvingthesetypesof planningproblems.

1.2 Multi-Agent Simulation

Ferber(1999)describesnagentasanautonomougntity (realor virtual) with its own abilities,
resourcesindgoalsthatcanacton andperceve its ervironment hassomeinternalrepresenta-
tion of thatenvironment;andcanpossiblycommunicatevith otheragents.An agentbehaes
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Figurel.l: Thestructureof anagent.FromFerber(1999,p. 191).

(i.e. actson its ervironmentand/orcommunicatesvith otheragents)accordingto its abilities
andresourcesand basedon its perceptionsand representatiorf the ervironment,in order
to satisfyits goals. Note that an agentmay only have one goal, which is to optimize some
“satisfaction” or “survival” function.

Figurel.1ldepictsthe structureof anagentwhich hasthreebasicparts:

Perception which is partial. An agenthasno overall view of whatis goingon; its per
ceptionof the ervironmentis basedonly on whatit experiencesn its own nichein that
ervironment.

Deliberation, whichis individual. While agentanay collaboratewith otheragentssuch
asby sharinginformationlearnedrom individual experiencesthey make their decisions
independentlyf oneanother

Execution An agentactson the system,or communicatesvith otheragents.Note that
in modelsof physicalsystemsagentdendto not communicatalirectly with oneanothey
but indirectly via their perception@ndactionsontheervironment.This correspondso a
“purely situated’multi-agent-systernm Ferber(1999,p. 11).

Ferberdescribesa multi-agent systemas somesystemcomposedof a society of agents
within a sharedernvironmentthatacton thaternvironmentandinteractwith oneanother Com-
biningthiswith the simulationconceptamulti-agent simulation (MAS)? is acomputemodel
that represents collection of agentsandtheir ervironment,aswell asthe behaior, actions
andinteractionsof the agentswithin thatervironment. By directly modelingthe behaior and
interactionsof the agentsMASs make it possibleto modelthe emegentphenomenoraused
by theinteractionsof mary individuals.

Thefeedbackndicatedn Fig. 1.1impliesthatagentsactionsaltertheirernvironmentwhich
thencauseshemto altertheir actions.Thisis a cycle of learningandadaptationywhereagents
learnmoreabouttheir environmentasthey interactwith it, but affectit aswell. Thisis oneof
thephenomen#hatMASs helpto capture.

IFerberusesPMAS® for 2multi-agensystembut hereit standsfor 2multi-agensimulation?



1.3 MAS Learning Framework Applied to Lar ge-ScalePlan-
ning Problems

This dissertationpresentghe designand implementationof a MAS framework for running
simulationgrelatedto planningproblemsnvolving large numbersof people.

This framework is appliedto two suchproblems.The primary applicationis transportation
planning. The framework is describedn termsof travelersin aregionaltransportatiorsystem
that have their own daily planof actwities andtravel. In this simulation,the agentsrepresent
travelers,andthey learnto build goodplansin orderto achiese their goalsandto getthe best
useout of the transportatiorsystem. Suchproblemsinvolve large numbersof travelers, so
specialattentionis paidto makingtheframavork supporiarge-scalgroblems.Theframevork
for transportatiorplanningis validatedthroughapplicationto a real-world planningproblem:
the simulationof approximatelyl million travelersusingtheroadwaysthroughoutSwitzerland
duringthe morningpeakperiodfrom 6:00AM to 9:00AM.

Theframenork includesa uniqguecomponentalledthe agentdatabasewhich keepstrack
of agentsaandtheir decisionsallowing themto drav on their pastactionsin the presentwhich
makesthelearningsystenmmorerobustto errorsanddiscrepanciefom otherpartsof theframe-
work. Theideasbehindthe learningframevork arenot speci ¢ to transportatiorplanning,and
shouldbegeneraknoughto applyto otherplanningproblems Preliminarywork towardapply-
ing the framework to a secondapplicationin the eld of architectures presented.This work
involvesplanningtheinterior of of ce buildings. The architecturakelementsof a building, as
well asthatbuilding'susersdbecomeheagentsn thiscase.Theelementdearnto arrangghem-
selesin away thatis pleasingto the usersandthe usersevaluatethe layoutof the building.

Thevariousimplementationsf theframeavork presenteditilize mary moderntoolsof com-
puterscienceto build a tool that canbe usedin real-world planningapplications.Suchtools
includearelationaldatabasenanagemengystemMySQL, to keeptrack of agents’'memories
andplans;object-orientegorogrammingechniquedo implementagent-basedoftware;a sim-
pli ed object-orientedlatabaseés built to replacetherelationaldatabaseand XML (eXtensible
Markup Language)echnologyis usedto recordthe structureof hierarchicalobjects,which
represenagentsandtheir plans.

In addition,the framework is designedo be e xible enoughto implementmary kinds of
agentbehaior anddifferenttypesof learning/adaptatiomechanismsn orderfor plannerso
explore theseissues.One particularadaptatiormechanisms the geneticalgorithm (GA) ap-
proach,in which agents'plansaretreatedsomavhatlik e geneticcode,andcertainoperations,
suchas“mutation” canbe performedon thesecodesto obtainnew plans. The systemis also
designedor large-scalegproblems,andassuchcanbe extendedusing parallelanddistributed
computing.As will be seen,onepartof the systemthe mobility simulation,is alreadyimple-
mentedthis way, andothercomponentssuchasthe agentdatabasecanin principle be easily
madeparallel.

1.4 Structur e of This Dissertation

Thenext chapterdescribeghe traditionalapproacho transportatiorplanning,andhow multi-
agentsimulationcanimprove uponit. Chapter3 describeghe designof the multi-agentsim-
ulationframework in detail. Thatis followed by threechaptersoutlining the evolution of the
implementationof the plansselectionand feedbacksysteminto its currentform. Chapter4
describesa simplefeedbacksystembasedon that of TRANSIMS. Chapters describesa nev



versionthataddsa componentalledthe agentdatabaseo the system.This agentdatabasés
implementedusingMySQL andkeepstrack of agents'pastplansfor laterreuse.Then,Chap-
ter 6 describesa reimplementatiorof the agentdatabasen C++, alongwith otherimprove-
mentsto the framework. Eachof thesethreechapterdescribes separatemplementationas
well asthe outcomeof validationtestsof thatimplementationandexplainsthereasorfor each
major revision. Chapter7 presentghe resultsof runningreal-world scenariof Switzerland
and Zurich using the variousframewnork implementations.This includescomputationalper
formanceresults.Thatis followedby a chapterdiscussingechnicalissuesegardingthe agent
databasemplementationsAfter thatis achapteionextendingtheframework to thearchitecture
planningapplicationwhichis followedby a discussiorandconclusions.



Chapter 2

Applying Multi-Agent Simulation to
Transportation Planning

2.1 The Transportation Planning Problem

Humanswantto be mobile, andtransportatiorof peopleandgoodsis a necessargomponent
of our variouseconomies.Suchtransportatiorhasnegative effects, however: namely traf c,
which is unpleasanandfrustrating,causesioiseandair pollution, andhassafetyissues.De-
signof the transportatiorsysteminfrastructuremustallow for transportatiorto happenwhile
minimizing the negative impactsof trafc. Compromisesnustbe madein suchdesign,and
goodplanningis necessaryo achieve goodsystemdesign.Goodplanningtechnologyin turn,
is necessaryo achieze goodplanning.

In addition,building andmaintainingtransportationnfrastructurdas expensve, with large,
long-terminvestment®f mone/ aswell astime, which is necessaryo completethe necessary
political processesndconstruction.Planningtechnologyshouldthereforesupportlong-term
planningby allowing plannersto predictthe impactsof mary scenarioson a wide rangeof
indicators. Many typical transportatiorproblemscover large metropolitanareas,containing
on the orderof 10 million people. This meansthat planningtechnologyshouldalso support
large-scalesystemso be useful.

Furthermore transportatiorplanning must considerthe fact that the problemsit tries to
solve involve people. The peopleusing the transportatiorsystem(travelers) have their own
individual needs,goals and preferences.In relation to the transportatiorsystem,theseare
generallysimilar in structure e.g.to travel from point A to point B, andto encounteiaslittle
hindrancd(i.e.trafc) aspossibleut certainlythedetailsvaryfrom persono person.As such,
eachtravelermakesup its own mind aboutwhere when,why andhow to usethe system.Plus,
asthe systemchangesor astheir own situationchangespeopleareableto learnandadaptto
thechangestakingwhateveradwvantageshey can nd (e.g.inducedravel) toimprovetheirown
situation.So,transportatiorplanningsolutionsshouldtake into accountheindividual thinking
of thetravelers,andtheir ability to learnandadaptto changesn the system.

Eventhoughplanningis, at leastpartially, doneto meetthe needsof the travelers,people
aresel sh andarenot concernedaboutthe systemitself. The travelersusethe transportation
systemfor their own bene t—to move themseles,or to move goodsfor economigourposes—
without (much) regard for other travelersusing the system. The systemoffers only limited
resourcegroad capacity spacegtc.),sothe usersendup competingfor thoseresourcesthus
planningproblemshave socio-economipropertiesindividual travelersdo notworry aboutthe
functioningof thesystemasawhole;they only careaboutthepartthey use.In fact,they cannot



generallyperceve any moreof it thanwhatthey experience.As such,they arenot generally
aware of the impacttheir own decisionshave on the restof the systemor the othertravelers.
It is up to the plannersandthus, planningtechnologyto considerthe entire system how the
collectve impactof theindividual decisiongnadeby its usersaffect the systemasawhole,and
how thoseuserswill reactto the system.It makessensethen,for the planningtechnologyto
modelthebehaior of theindividual travelers.

2.2 The Four StepProcess

Thetraditionaltechnologyfor transportatiomplanningis thefour stepprocesge.g.,Shef, 1985;
Orthzarand Willumsen,1995). This processdeterminesiemandon a transportatiometwork

in termsof thetrips taken by travelersbetweenvarious“zones” of theregion beingsimulated.
Thesetrips arethenusedto nd a steady-statsolutionto the o w of vehiclesonthelinks (i.e.

roads)of thenetwork. Thefour stepsare:

1. Trip genemtion: For eachpossibletrip origin, thenumberof outgoingtripsis determined.
Similarly, for eachpossibletrip destinationthe numberof incomingtripsis determined.

2. Trip distribution: This stepconnectoriginsanddestinationsthatis, for eachorigin it is
determinedvhich fractionof its outgoingtrips go to which destination.Theresultof the
trip distributionis aso-calledorigin-destinatio(OD) matrix, which speci esthenumber
of trips thatgo from eachorigin to eachdestination.

3. Modechoice Thesedrips canbemadeby differentmeansf transportatione.g.by walk-
ing, driving, takingthebus, etc. This stepcomputeghatchoice.

4. RouteassignmentEachcar trip is assignedo a pathon the network. Thesepathsare
sensitve to congestion. Typically, a Nash Equilibrium is searchedor here: All used
pathsfor a givenOD pair shouldhave the sametravel time; andno un-usedpathshould
befaster

The static “route assignment’step,undercertainconditions,yields a solutionto the link
o ws which is uniqgue meaningone getsthe sameanswerno matterwhich (mathematically
correct)methodis usedto obtainthe result. Thatmeanshe sameresultcanbe obtainedwith
analyticalmethodsaswith computationamethodsthe latter aregenerallyrequiredwith large
or non-linearproblemshatcannotbe solvedanalytically Thatis animportantfeaturebecause
it makesit easyto comparethe resultsof differentalgorithmsandsoftwarepackagesandsim-
pli es theinterpretatiorof variousmodelingscenarios.

However, the four stepprocesss too simple, and doesnot offer resultsthat are realistic
enoughfor most“modern”transportatiorplanningproblems.Thefour stepprocesss missing:

1. Disaggregationof individualtravelers.Thefour stepprocessusedrafc streamswithout
discerningwhat individual travelersare doing. Distinguishingbetweentravelersin a
transportatiomplanningapplicationallows plannersto connecttravelers' decisions(e.g.
modechoice)with their speci ¢ demographidata,makingtheir choicesmorerealistic
andbehaiorally motivated.

2. Tempoal dynamics. The four step processassumeghat the vehicles(“particles”) in
thetrafc streamsarein a steadystate,meaningthe stream o ws themselesare static,
i.e. time independent.Therefore,it ignorestime-dependengffects,suchaspeaktrafc
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spreadingrongestiorspillback;or vehicleemissionsyhich dependon enginetempera-
ture,whichin turn depend®n how long the carshave beendriving.

Methodsto overcometheseshortcomingsill bediscussedh thefollowing two sections.

2.3 Activity-BasedDemand Generation (ADG)

In actwvity-baseddemandgeneration(ADG), travelersin a transportatiorplanningsystemare
disaggrgatedaccordingto thefollowing steps:

1. Generatesyntheticpopulationby creatinga “randomrealization”of the censudatafor
the region being simulated. This meanscreatinga setof virtual peopleto inhabit the
region that, while not an exact matchfor the real-world population,maintainsthe de-
mographic‘structure” of the actualpopulation.In otherwords,a censugdakenfrom the
syntheticpopulationwould, within statisticallimits, returnthe original census.

A typical syntheticpopulationis composeaf spatiallylocatednouseholdsvhich possess
certainattributes,suchasastreetaddresshouseholdncome,or carownership(Beckman
etal., 1996). Thesehouseholdsre populatedwith individuals,who possessdditional
attributes,suchasgenderandage.

2. Generatefor eachindividual of the syntheticpopulation,a completedaily activity plan.
The word “activity” refersto actionssuchas“being at home’, “shopping; “working;
“being at school, etc. An individual's activity plan containsthe patternof actvities
he/shewishesto performalongwith thelocationof eachactwity (Vaughnetal., 1997).1t
alsocontaingiming information,suchaswhenactuities begin andend. Having actvities
at differentlocationsmotivatesindividualsto usethe transportatiometwork, in orderto
travel from oneactvity locationto the next.

3. Choosefor eachindividual of the syntheticpopulation,a modeof transportatiorior each
trip takenby thatindividual betweerea pair of actwvities. This stepis similarto the“mode
choice”stepof thefour stepprocessbut doesmorethandistributing thetrips basedonly
on the modecharacteristicsasis donewith the four stepprocess.Here the choiceof
modecanalsobe basedon the demographiattributesof the traveler that performsthe
trip.

HensherandKing (2001)andothersdiscussADG, while Bowmanetal. (1999); Vovshaet al.
(2002); Jonnalagaddat al. (2001); Pendyalgaccesse@004); Bhat et al. (forthcoming); Ax-
hauser(1990a),amongothers,mplementit.

Oncethe network demand(i.e. the trips) hasbeencalculatedoy the ADG processall that
remainsof thefour stepprocesss the“route assignmentstep.However, theindividualdaily ac-
tivity schedulesf thetravelerswith ADG meanghatthetravel demands now time-dependent.
This doesnot connectwell to thetime-independerdandsteady-stateouteassignmenprocess.

Thisleadsto theconsequencthateitherbothshortcoming®f thefour stepprocesseedto
be overcomesimultaneouslfwith somethingmorethanADG), or onehasto make thetrafc
assignmentlynamicinsteadof static.

2.4 Dynamic Traf ¢ Assignment(DTA)

Dynamictraf c assignmen{DTA) hasemepgedin thelast20years(e.g.,Kaufmanetal., 1991;
Astaritaetal., 2001;Friedrichet al., 2000)asa techniqueto go beyond staticassignmenand
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producetime-dependenink usage Givenatime-dependerdemandsuchasthatproducedy
ADG) andamodelof thetraf ¢ dynamicswhich movesvehiclesalonglinks (roads)andacross
nodes(intersections)DTA attemptsto nd aroutefor eachtrip of eachtraveler suchthatno
travelerwould bebetteroff by selectingadifferentroutefor ary giventrip. Thisis justtheNash
Equilibrium statemenftor the dynamicproblem.

Bottom (2000)dividesDTA into threecomponents:

Routegeneation: calculatesaroutefor eachtrip.

Networkloading “interacts”the routesof the varioustravelerson the network to deter
minethecostto thetravelersof usingeachlink in the network.

Guidancemap givesinformationto travelerson whatroutesto take; thisis only relevant
for intelligenttransportatiorsystemgITS) applications.

The network loading stepis the mostdif cult, in comparisorto staticassignmentywherethe
volume-cosfunctionsimply returnsthe costof a link asa functionof thetrips usingthatlink.
However, in the dynamiccontext, the connectiorbetweenthetrips usingthe link andthe link
costis muchmorecomplicatedanddif cult to computesimply.

In addition,althoughsomeof thetheoryof DTA is known (CantarellaandCascettal995;
Bottom, 2000), it is not aswell understoodasthe four stepprocessandhasfewer mathemat-
ically provenproperties.In particular thereis no guaranteediniquesolutionfor the dynamics
of traf ¢ thatincludesspillback (alsocalled physicalqueues).For example,Daganzo(1998)
showvs thatonecan nd morethanoneNashEquilibrium solutionto the sameOD matrix and
the samenetwork. This makesit moredif cult to comparedifferenttechniquesandresultsto
oneanother In consequenceynemay have to acceptthat DTA (with spillback)is in general
mathematicallyfesswell-behaedthanstaticassignment.

Sincea mathematicahpproacho DTA is bothmoredif cult andlessusefulthanfor static
assignmentit makes senseto look at anotherapproachsuchas simulation,which is a well
known techniquewherea dynamicmodelis implementedon a computey and run forward in
time. Thesimplestversionof asimulationfor transportatiomplanningwould bearepresentation
of theroads,anda way to move trafc forward alongthelinks. SeeSec.2.7 for examplesof
simulationusedin transportatiorplanning.

Systematiaelaxation(Kaufmanet al., 1991;Nagel,1994/95;Bottom, 2000)is a common
approachto simulation-basedoute assignmentandis implementedoy someform of the the
following procedure:

1. Startwith aninitial “guess”for theroutes.

2. Performnetworkloading by executingall routessimultaneouslyn atrafc o w simula-
tion.

3. Re-adjussomeor all of theroutesusingthe knowledgefrom the network loading.
4. Goto?2.

As will be seenin Chapter3, the simulationframework is basedon this procedure.This pro-
cedureis sometimescalledfeedbak, sinceit modelsthe feedbackof congestiorto the route

LIn this dissertationthe traf®c “ow simulationis usually abstractednto a so-called®mobility simulation®
meaninga simulationthatallows travelersto move around.



planning. The methodis somevhatsimilar to the Frank-Wolfe-algorithmin staticassignment,
or in moregenerakermsto a standardelaxationtechniquan numericalanalysis.

Many variationsof DTA arepossible suchasvaryingthe fraction of routeswhich arere-
planned(Rickert, 1998),usinga probabilisticroutechoicebasedon, for example,multinomial
logit or probit (DYNAMIT www page,accesse@005),or usingdifferentnetwork loadingal-
gorithms(Astaritaetal., 2001).

2.5 Coupling ADG and DTA

2.5.1 Origin-Destination Matrices

Sofar, it hasbeenshavn thatdemandyeneratiorcanbe disaggrgatedandmademorerealistic
by basingit on actiities, andtrafc assignmentanbe mademorerealisticby makingit time-
dependenandthenusingsimulationfor the network loading. Thesewerediscusse@dsseparate
changessoit is naturalto assumehatthey would be designedo be backwardscompatibleto
the four stepprocesswhich meangshatthe ADG would produceOD matricesasoutput,and
the DTA would take themasinput. This alsomeansthatADG could be fed into a traditional
staticassignmentandDTA couldtake its input from thetraditionaldemandyeneration.

However, the OD matricesgeneratedy ADG areusuallytime dependentyhile traditional
static assignmentvorks with a single, time-independen®©D matrix. Corversely traditional
demandgeneratiorproducesa single, time-independen®D matrix, but DTA needstime de-
pendenOD matricesto make sense Therefore althoughthe useof OD matricessuper cially
maintainsbackward compatibility, this backward compatibility cannotbe usedfor any mean-
ingful study In orderto obtainmeaningfuresults staticdemandyeneratiomeeddo befedinto
astaticassignmentor dynamicdemandyeneratiomeeddo befed into adynamicassignment.

METROPOLIS(dePalmaandMarchal,2002)approachethis problemby acceptinga static
OD matrix, but generatinga time-dependensolutioninternally. In consequencehis allows
oneto feeda static OD matrix into a dynamicassignmentlt doesnot, however, offer a better
solutionif thedemandyenerations alreadydynamic.

So, now it hasbeenshavn thattime-dependen©D matricesshoulddrive the DTA. Such
matricesareusuallyderivedfrom “historical” data,i.e. from informationthatthetransportation
plannersof a givenregion have usedfor mary years.They arethencorrectedagainstreal-time
counts;thatis, the OD matricesaremodi ed suchthattheresultingDTA matcheghereal-time
countsaswell aspossible(Antoniou et al., 1997). The advantageof this methodis thatit is
only asmallstepaway from the dataneeddor statictraf c assignment.

CouplingADG to DTA throughan OD matrix hasseveral disadwantagesthough. First, it
givesup the disaggrgationof travelersthatwasgainedby moving to ADG. Secondjt gives
up the connectiorbetweenindividualsandtheir performancen the mobility simulation. Any
iterative feedbackfrom the traf c systemperformanceto the ADG could only be basedon
aggrg@atedmeasuressuchaslink travel times,not on individual performanceof the travelers.
However, anindividual's decisionscandependon its attributes: For example,the decisionto
useatoll roadcandependnincome;apersomplanningto catchanairplanemay preferto take
aroadwith lower variability; etc.

Finally, ADG producesdemandconsistingof “chains” of severaltrips, madebetweenthe
scheduledctvities. If atravelergetsdelayedon onetrip, this may have impactson trips later
in theday. OD matricesdropstime dependencieBetweerscheduledctiity chainsmakingit
possiblefor a personto completean actiity even beforehe/shehasarrived at the destination
wheretheactivity will beconducted.



2.5.2 Fully Agent-BasedApproach

It makessensethereforeto bypassOD matricescompletelyandto feedthe completeinfor-
mationfrom the actvity-baseddemandgenerationinto the DTA. This meansthatthroughout
the whole processjncludingthe DTA, thetravelersare maintainedasindividual entitieswith
individual attributes,and make individual decisionshasedon theseattributes. In otherwords,
the multi-agentapproach(Ferbey 1999)is appliedto the simulationsystem.In fact, therehas
alreadybeenmuchwork relatedto usingagentsn transport(e.g.,Arentzeet al., 2000; Wahle
etal., 2002).

This may seemlike a small change put in practiceit is not, sincemary implementations
storeinformationthat shouldbelongto the agentin differentways. A typical exampleis how
routeplansareencodedMostimplementation®f DTA let eachindividual travelerknow only
its destination.The pathto thatdestinations thenfound via “signposts”at eachintersection;
thatis, at eachintersection(node)thereis sucha signfor eachpossibledestination.Suchan
encodingmakes,for example,individual routepreferenceslif cult to modelsinceall travelers
of a certainclassto the samedestinatiorhave to take the samesetof paths.

This dissertatiorconcentratesn themulti-agentsimulationapproachasanimprovementof
thecompletefour stepprocessThemaindifferencebetweerthis approactandcouplingADG
to DTA via OD matricesare:

The DTA is madecompletelyagent-basedas discussedabove. In particular it is ca-
pableof feedingback agent-basedi.e. individualized)information, not just link-based
information.

In this work, the ADG is includedinto the feedbackprocess. Historically, systematic
feedbackis mostly betweenthe route generatiorandthe network loading; feedbackto
the demandgeneratiorwas often donemanuallyby the analysts.However, it hasbeen
saidfor alongtime (e.g.,Loudonetal., 1997)thatthis processhouldbe automated.

In particular the mobility simulationassumeshe role of a realisticrepresentatiof the
physicalsystem,including explicit modelingof personswalking to the bus stop, or of a bus
beingstuckin trafc. Also, in termsof analysissucha systemoffersenormousadwantagesit
is, for example,possibleto obtainthe demographicharacteristicef all driversbeingstuckin
aparticulartrafc jam. It is alsopossibleto make eachtravelerreactindividually to exactly the
conditionsthatthis travelerhasexperiencedratherthanto aggreateconditions.

2.5.3 The Resulting Simulation Structure

CombiningADG andDTA in afully agent-baseday leadsto a simulationsystemthatcanbe
split up into thefollowing componentspr modules

1. Populationgenertion. Performsstepl of the ADG. The censuss disaggrgatedinto a
populationof householdsandindividualswith associatedlemographiattributes. This
moduleis not currentlyusedbut is plannedo beincludedat somepoint.

2. Activitygenemtion. Performsstep2 of theADG. Generatedaily actvity plans,including
type,locationandtiming for eachmemberof the population.

3. Modal androutechoice Combinesstep3 of ADG andthe routegenelation component
of DTA. For eachindividual,themodesareselectecndroutesaregeneratedhatconnect
actvities atdifferentlocations(seeSec.3.3.3.2).Theroutingshouldbedynamicin order
to adequatelyepresentime-dependentongestioreffects.
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Figure2.1: Simulationmodules.Basedon TRANSIMS (of the University of California, 1999,
p.9).

4. Mobility simulation Implementsthe networkloading componentof DTA. The daily
plan, madeup of actwvities androutes,of eachtraveleris executedsimultaneously(see
Sec.3.2.2). In particulay the result of interactions betweenthe plans—for example
congestion—isiow obtained.

5. Feedbak. Executesthe loop seenin the relaxationprocedureof Sec.2.4 to make the
resultsof themodulesconsistentith theresultsof the mobility simulation,whichis also
theinput to the modules(seeSec.3.1.3). For example,plansdependon congestionput
congestiordepend®n plans.

This modularizatiorhasin factbeenusedfor along time; this work ensureghateachmodule
maintaingherepresentatioof thetravelersasindividualagents Figure2.1 graphicallydepicts
theconnectiondetweerthesemodules.

Historically, systematicfeedbackhasbeenmostly betweenthe route generationand the
network loading; assuch,the feedbak& moduleasdescribedabore loops betweernthe Modal
androutechoiceandMobility simulationmodulesuntil theroutesareconsistentvith thetraf c
situationin the network. However, it hasbeensaidfor sometime (e.g.,Loudonetal., 1997)
thatfeedbacko thedemandyeneratiorshouldbeincludedin the automategrocedure Given
the modularstructureseenabore, it seemsossibleto executethe Activity generation module
within the feedbackioop, so that individuals could changetheir actvities in responseo the
trafc situation.For example,a traveler might decideto changethe startingtime of anactiity
if thedurationof thetrip he/sheakesto getthereontimeis toolong dueto rush-hourtraf c.

Themodularstructurealsoallows oneto keepthe differenttypesof decisionge.g. actvity
location choice, route choice) separatdrom eachother which makesit easierfor multiple
groupsto maintaindifferentmodulesfor the samesimulationsystem. Accordingto Doherty
and Axhausen(1998), differenttypesof decisionsare performedon time scalesrelatedto the
“magnitudeof the adjustmentrequiredfor them;the feedbak modulecould be implemented
sothatthedifferentmodulesarecalledat differentrates.

2.6 Large-ScaleProblems

Many typical transportatiorplanningproblemscover large metropolitanareaswhich contain
on the orderof 10 million people.This meanghat planningtechnologyshouldsupportlarge-
scalesystemdo be useful. In addition,the feedbackneedso executethe mobility simulation
andothermodulegnary times. Thesewo pointsmeanthesimulationneedgo befastandwork
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for large-scaleproblems. Parallelismanddistributed computingare possiblewaysto achieve
theserequirementsAs it happensmulti-agentsimulationsgenerallyimplement‘rule-based”
behaior for the agents.This type of “rule-based’multi-agentsimulationsrun well on current
workstationsandthey canbe distributed on inexpensve “Beowulf” parallelcomputerspuilt

from commoditypersonalcomputersandfastnetworking hardware. This type of computing
architecturehasmadesuchsimulationseasierto run at high performancen the recentyears.
This malkeslarge-scalgroblemsdo-able.

2.7 Examplesof Simulation in Transportation Planning

2.7.1 DTA / Network Loading Models

Therearemary simulationpackageghat performdynamictraf c assignmentSomeof them
areevenagent-basedyut noneof them,to my knowledge,executeghe multi-agentsimulation
approachn its entirety This approachs challengingto implement,in partbecausét requires
somary modulesandmoduleinterfacesto couplethem. Thesearedif cult to achiee in par
ticular becauseherearefew programmingand/ordataexchangestandardsn the community
Anotherpart of the challengeis that large-scale(i.e. metropolitan-sizecenariomecessitate
parallelcomputingtechniquesyet no establishedechnologyis availableto evende ne a vi-
ablestandardor moduleinteractiononcethe simulationbecomegparallel(NagelandMarchal,
2003).Somepartial packagesirediscussedbelow.
Modelsfor network loadingin DTA aregenerallyclassi ed accordingo thesecriteria:

1. Resolution representationf traf c. Vehiclescanberesohedon theindividual level, or
aggrgatedinto e.g.pacletsor cells.

2. Fidelity: level of realismof the behaior of theindividuals.

3. Modes whichtransportatioomodesarerepresentedl he modelcanimplementonemode
only (suchascars),or cancombineseveralmodesncludingtheirinteraction.

4. Timeresolution thesizeof thetime step.

At oneend of this classi cation,one nds the traditionalassignmenmodel, with resolution
aggreatedon thelink level; delity reducedo volume-cost-functionspnly the carmoderep-
resentedandno time-dependenc

In addition,therearemary categyoriesof modeldynamicshatcanbeimplemented:

In a microscopicsimulation eachparticleis treatedindividually. Examplesfrom the
naturalsciencesare moleculardynamicsmethods(i.e. discretization®f coupleddiffer-
entialequations)cellularautomatgCA), or coupledmaps(i.e. simulationghatexplicitly
assumelongtime step).

In a eld-basedsimulation particlesare aggrgatedinto elds (e.g., of densityor ve-
locity), which are connectedoy partial differentialequations. This methodby itself is
not usefulfor agent-basedimulationssinceone wantsto maintainthe individuality of
the particles. It is possible however, to usehybrid methods suchas smoothedparticle
hydrodynamicgGingold andMonaghan 1977),which maintainindividual particlesbut
move theaccordingo elds.
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Queuingsimulationscomefrom the areaof operationgesearch.They are networks of
gueueswherethedynamicsof eachindividualqueuds givenby standardjueuingtheory
behaior.

For eachtype,thereexist correspondingmplementationsn theareaof traf ¢ simulation.
Examplesof simulation-basedetwork loadingmodelsare:

DYNAMIT (DYNAMIT www pageaccessed005)andDYNASMART (DYNASMART
www page accessed005)combineelementsrom smoothegarticlehydrodynamicsnd
gueuingsimulations"DYNASMART-P” is actvity-basedandmodelstrip chains.

METROPOLIS(de PalmaandMarchal,2002)usesa queuingsimulation,at leastin one
version.

TRANSIMS (TRANSIMS www page,accesse@004)is a CA-based“virtual reality”)
microscopicsimulationthatis agent-based. Section2.7.3talks aboutTRANSIMS in
moredetail.

PAMIN A (Rickert, 1998)is parallel, microscopic,andagent-basedt leastin termsof
routes.

DYNEMO (Nokel and Schmidt,2002) usessmoothparticle hydrodynamics.Ilt hasdy-
namicnetwork loadingsimilarto DYNASMART/DYNAMIT .

VISSIM (VISSIM www page,accesse@004)usesa detailedmicroscopicmodel;it has
no large scaleapplicationsandhasnot gonebeyondroutesfeedback.Thereis a parallel
versionavailable.

Axhauser(1990a)proposesndimplementsaframeavork thatcouplesactiity chainmod-
elingandatrafc o w simulation,with individualagentsvho make activity decisionsand
searchor parkingspacesearactvity locations.

Thesepackagesypically taketime-depender®D matricesasinput,assigroutesaccording
to userequilibrium,andreturntime-dependenink travel timesandotherlink-basedinforma-
tion asoutput. Although mostof thesepackagesave individual travelersinside their model,
oftenthesearenot fully developed. For example,routesare calculatedby the network rather
thanby theagentandagent-basedutputis oftennotavailable.While thelatteris conceptually
easyto x, theformermeanghatmakingroutechoicedependenbn agentattributesis closeto
impossible.

This is relatedto the fact that thosemodelstake OD matricesasinput, which containno
demographiattributes.A directconsequencs thatit will notbepossibleio connectanagents
performancen the DTA to thedemandyenerationsincethe OD matricessever the connection
to theindividual agentsjt is only possibleto feedaggreyatedinformation,suchaslink travel
times,backto the demandyeneratiormodules.In summaryalthoughthe DTA modelshave a
large numberof agent-basedlementsthey arenot fully agent-based.

Thetwo maindifferenceswith otherDTA systemssuchasDYNASMART or DYNAMIT,
arethatthis systemuseandividualrouteplansfor eachagentwhile standardTA systemstore
theroutingdecisiongn the network, andthatthe systemwasrun on very large scalescenarios
with severalmillions of travelers.

A newerversionof DYNASMART, however, now alsousesndividualroutes andothersys-
temsalsomovetowardsincreasinglylargescalesin contrasto TRANSIMS (www.transims.net),
whichhasusedindividualroutesandlarge scaledor mary yearsnow, thiswork usesaso-called
agentdatabasewhich keepsrack of several plansfor eachagent.

13



2.7.2 Land UseSimulations

TherearelandusesimulationssuchasURBANSIM (URBANSIM www pageaccesse@003),
ILUTE (SalviniandMiller, 2003),or thatof Hunt etal. (2001),which aremoreor lessagent-
based.Thatis, they derve demandrom moremicroscopicjndividual properties.Thesesimu-
lationsdo not modelthe transportatiorsystem put conceptuallyintendto coupleto something
thatdoes. However, in practicethis connectionis not well establishedn thosemodelsat this
pointin time. Many of themcoupleto traditionalfour stepmodelsat present.

2.7.3 TRANSIMS

TRANSIMS (TRANSIMS www page,accesse@004)replaceghe completefour stepprocess
by anagent-basedpproachhatinitially disaggrgatescensuslataandthenhandlesndividual
travelersin all modules. TRANSIMS also usesusesparallelcomputingto tackle large-scale
problems.The mainshortcoming®f TRANSIMS are:

Althoughtravelersareindividually identi able throughoutll modulesagentnformation
is spreadhroughouthesimulationsystem For example theactvity le doesnotcontain
demographianformation, andthe route le containsneitherdemographimor actiity
information. This makesit ratherdif cult to usesuch“higher level” informationin the
“lower level” modules. It alsomakesit possible,for example,that an agentleaves a
location beforeit hasarrived (i.e. actvity chainingis not respected)—thiss possible
sincethe agentis notasingularentity in the simulation.

The le formatsareratherin e xible. This makesit dif cult to add/modifyinformation,
for examplewhenaddingnen modulesto the system.

Thefeedbacknechanisniforgets”old plansandtheir performance Althoughit is a bit

dif cult to seeat rst glance thismeanghatTRANSIMS plansgeneratiormodulesneed
toful ll ratherstrongrequirementsFor example theroutingmodule(“router”) doesnot

only have to generateplausibleroutes,but also correctprobabilitiesto choosebetween
differentalternatves.

And nally, it wasimpossibleto obtainanacademidicense,includingsourcecode,out-
side the United States. This madeit impossibleto improve the above aspectanside
TRANSIMS in-house.

The next chapterpresentsa multi-agentsimulation systemframavork that is basedon
TRANSIMS but solvesthe above TRANSIMS shortcomings.The conceptualdeabehindthis
approachs thatthe agentconcepts keptconsisteneverywhere. The maintechnicalimprove-
mentsarein thefollowing areas:

ThedifferentTRANSIMS les arecombinednto asingle,more e xible le formatusing
XML (eXtensibleMarkupLanguage)That le containsagentby agent,all information
relatedto theagentsfrom demographienformationvia actwvities to routes.

An agenttannote“divided” Thismeansn particularthatthetraf c simulation(network
loading)executedaily plans,ratherthanjusttrips.

An agentdatabas&eepdrack of agents'pastplansandperformancef thoseplans.
Thesoftwareis madeavailableontheworld wide webandunderthe GnuPublicLicense

(i.e. madefree/open-sourcsoftware)so everybodycanuseit andmodify it atwill.

14



2.8 Summary

The four stepprocesausedtraditionally for transportatiorplanningdoesnot help with certain
problemsecaus@& doesnotmodelthetravelersonanindividuallevel, norisit time-dependent.
Theformeris necessaryo connectindividual behaior to demographiénformation,while the
latteris necessaryo modelcertaineffectssuchasemissionsor spillback.

Theseshortcomingganbeovercomeby usingagent-basedemandyeneratioranddynamic
trafc assignmentCouplingthesewith OD matricesdoesnot work, so a multi-agentsimula-
tion approachs presentedhatkeepseachtravelerasanindividual throughouthe process.In
addition,this approachdividesthe systeminto modulesandis intendedo work for large-scale
problems.The next chapterdiscusseshe actualframenork details.
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Chapter 3

Learning Framework

The precedingchaptermmotivatesthe useof agent-basedimulationfor socio-economigrob-
lems,transportationn particular This chapterdescribeghe designof the framework for such
a simulation,focusingon the transportatiorapplication. The generalizatiorof this frameavork
to the architectureapplicationwill be presentedn Chapter9. As mentionedn Sec.2.7.3,the
framavork thatis usedfor thetransportatiorapplicationis basedon TRANSIMS.

3.1 Framework Overview

Theframewnork modelsthetravel behaior of apopulationof peopleliving in agivengeograph-
ical region (e.g.town or metropolitanarea)asthey go abouttheir livesduring a certain,often
repeatedperiod. Typically oneusesa 24-hourweekdayasthe period, but one could alsouse
otherdays,suchasSundaysor longerperiods suchascompleteveeks aslongasthereis some
“typical” repetitionfrom oneperiodto the next.

As with ADG (Sec.2.3) the peoplecarry out the activitiesthey have scheduledluringthe
simulatedperiod,andmake trips to move betweeractuvities. An activity is simply sometask
the personwantsto perform,suchassleepingworking, shoppingeating,etc.,at somespeci ¢
locationin theregion. A persorhaving actuvities atdifferentlocationsconnectshemvia atrip ,
which is wherethe personutilizes the transportatiorsystemof the simulatedregion to move
from oneactuvity to the next. A trip cancontainmultiple legs whereeachleg representa
movementutilizing a differentmodeof a giventrip. For example,atrip to the storemight be
composedf onewalking leg from the houseto the car, onedriving leg from the driveway of
the houseto the parkinglot of the store,andone morewalking leg from the car to the store.
To simplify things,within this framevork the assumptioris madethat trips containonly one
leg each,makingthemuni-modal. Futureversionswill likely addmulti-leg trips. In addition,
it is assumedhatan agents caris alwaysavailableimmediatelyoutsidethe actwity location,
meaningthe agentnever needsto executea “walk” modeleg in betweenlocationsand cars.
This assumptions not requiredin principle by the simulationsystembut is usedto simplify
somealgorithms.AppendixA.3 describesiow additionaltravel modescouldbeincorporated.

Thus, eachtrip is uni-modal,and containsexactly oneleg; in the plan descriptionformat
describedn Chap.6, only legsarerepresentediseachleg impliesonetrip. Thismeangeople
alternateébetweercarryingout actvities at x edlocationsandexecutinglegsto travel between
them. In short,travelers’ actiities motivatetheir travel choices. Also, the limited resources
availablein the transportatiorsystem,suchaslimited accessibilityor congestionaffect their
actiity andleg choices.
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Agent | Plan Num. | In-Use Score Plan

1 1 false 462.2 sleep until 7:00 AM; take the
car to work at W; by route
R1; stay at work for 8 hours;
drive to store S; by route Ry;
shop for 30 min. ...
1 2 true | unde ned | sleep until 8:00 AM; walk to
bus stop B;; take bus U, to
stop B,; walk to work at W4
stay at work for 7.5 hours;
walk to L4 and drink beer for
1 hour ...
2 1 true 1047.8 | sleep until 6:30 AM; take kid
to kindergarten at K, by car
using route Rj3; drive to work
at W, via route Ry; stay for
6 hours ...

Figure3.1: Exampleof informationcontainedn thetransportatiorframenork. It keepsall in-
formationcontainedvithin theagentsplans,with theadditionof scoresandotherbookkeeping
information.

3.1.1 Agentsand Strategies

The framework representsachpersonin the region as one “agent. An agentis a single,
autonomou®ntity with individual attributes,goalsandbehaior, that makesits own decisions
aboutits actionsbasedon thoseattributesandgoals. In principle, otherkinds of agentscould
representary other behaiorally motivatedentities,suchastrafc signals,variablemessage
signs,or anothercomponentsf thetraf c managemergystem.

An agentrepresentin@travelerin atransportatiorsystenwould typically have the goal of
gettingto its desireddestinationsasquickly aspossible,andcarryingout its actwities, which
aretherealreasonit travels. Eachagentwill have differentdestinationsindactwities, of course.

A traveler agentcan have attributesbasedon demographiadata, suchasincomeor age,
which canaffect the agents decisiongn differentways,suchasanin uence of incomelevel
on decidingto useor avoid a toll road. Eachagentmakesindependentlecisionsaboutwhich
actwities to performduring the day, whereandwhento performthem,andwhattravel modes
androutesto take to travel betweenactuvities. In this system,eachagentis representedsa
simpli ed classi er system(Holland, 1992; Palmeret al., 1994): Eachagenthasa collection
of plans;eachplanhasa scorewhich is updatedafterthe planis used;andthe choicebetween
plansis doneaccordingo their score.Seefor exampleFig. 3.1.

Speci cally, a plan containsgthe agents intendedscheduleof actwities for the day, andthe
trips connectingheactwities. An actvity schedulespeci esthefollowing informationfor each
actity:
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type: what the agentwantsto do (e.g. sleep,stay home,work, shop, performleisure,
changanodes)

location: x/y-coordinateswithin the simulatedregion and/orthe network link id (i.e.
street)

timing information: how muchtime the agentwantsto spendat theactity afterarriving
atits location,and/orabsoluteendingtime of theactiity. More detailof thisis discussed
in AppendixA.2.

A planalsocontainstrip informationfor eachpair of consecutie actiities. Eachtrip is made
up of a seriesof legs, eachof which containghe following information:

mode:whattype of transportatiorio use
travel time: estimateddurationof trip
departurdime: estimateof whattime thetrip will begin

route(certainmodesonly): thelist of network nodesto traverseto getfrom the previous
activity to thenext

(othermode-speci cinformation)

A plancanbe seenasa simple strategy from gametheory For a Nashequilibriumin game
theory anagentattemptdo nd astratey thathe or shecannotunilaterallyimprove.

3.1.2 Two Layers

Conceptuallythe framenork is dividedinto two distinctlayers. The physical layer represents
the“physical” ervironmentof theagentsandwhatthe agentsactuallydo in the physicalworld.
This layer provideswaysfor themto interactwith oneanotherandcorrespondso the agents'
ervironmentshowvn in Fig. 1.1. In trafc, this is normally calledthe network loading, or the
trafc ow (micro-)simulation.As mentionedthis is generallyreferredto in this dissertation
asthemobility simulation asit canin principle move peoplearound notjustcars.

Thestrategic layer (a.k.a.mentallayer) representgheinternal(“mental”) processesf the
agentsandprovidesthe computationalesourceshey needto make their decisions.For each
agent,this layer correspondso thatagents “deliberation” componentasdepictedin Fig. 1.1.
Figure3.2 presents view of thetwo layersfor the transportatiorapplication.

Within the strateic layer, an agentmalkesits decisionsaboutits actionsandrecordsthem
into a stratgy (or plan). The stratgic layer sendsthe stratgy createdoy eachagentto the
physicallayer, which executesall of them simultaneouslyn a representatiof the physical
world. Figure3.3shovs how sendinganagents strateyy from the stratejic layerto the physical
layercorrespondso the“execution”’componenof theagentasseenn Fig. 1.1. It isherewhere
agentsmay, in generalcon ict over, competefor, and/orcooperatdor resourceprovided by
the ervironment,aswell ascommunicatevith oneanother (Thoughin the framewvork agents
do not yet communicatalirectly with otheragents.)The framavork providesthe “perception”
componenbdf theagent(Fig. 1.1) by sending‘events” from the physicallayerto the stratgic
layer. An eventis asimpledatarecorddescribinghetime andlocationwithin theervironment
wherea givenagentperformsa speci ¢ actionor encounterg speci ¢ experience.
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The strategical world:
Concepts which are in
someone's head.

plans per

(acts, for

routes, mance
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ) ___info_ [

The physical world:
limits on accel/brake
excluded volume
veh veh interaction
veh system interaction
ped veh interaction
etc.

Figure3.2: Physicalandstratagic layersof the framework.

P Perception

Deliberation I
Strategic Layer

Physical Layer

Figure3.3: Thestructureof the multi-agentframewnork. Basedon Fig. 1.1.

3.1.3 Coupling the Layers: Feedback

Now thetwo layersareconnectedogether The stratgic layer sendsstratgiesto the physical
layer, andthe physicallayer sendseventsto the strateic layer. This causes problem:Which
happensrst? Thecombinatiorof stratgiessentfrom thestrataic layeraffectwhathappenso
theagentan the physicallayer, andthusaffectthe setof eventssentbackto the stratayic layer.
For example,congestioncan causean traveler to not be ableto executeits plan asintended.
In turn, the eventsfrom the physicallayer affect the stratgiesgeneratedby the stratayic layer,
changingwhathappensn the physicallayer. Thereis, in effect, a feedbacKoop betweerthe
two layers.The systerneedssomeway to make the outcomeconsistentThatis, the stratejies
sentto the physicallayer shouldbe (approximatelyat least)basedon the eventsproducedoy
the physicallayer, whichis basedn thosestratayies.

Inthe eld of transportatiormnalysisacommonlyusedmethodin transportatiorsimulation
is systematicelaxationwhichwasdescribedn Sec.2.4. Thismethodis employedto make the
interactionbetweerthe layersof theframevork consistentThis methodworksasfollows:

1. Createaninitial setof preliminary stratgies. This setcan be either generatedyy the
stratgic layer, or provided externallyaspartof theinitial conditionsof the system.This
is the“initial guess’of thesystem.
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2. Thephysicallayerexecutegheinitial setof stratejies.

3. The strata@ic layer usesthe eventsfrom the physicallayerto adaptthe setof stratgies
basedon the outcomeof their simultaneousexecution. Typically, this meansallowing
somefractionof theagentdo obtaina new stratgy (“replan”) while theremaindeof the
agentgetaintheir previous stratgies. Generallya valueof 10% of the agentpopulation
is used.

4. Thenew setof stratgjiesis executedby the physicallayer.
5. Repeasteps3 and4 until thelayersareconsistent.

It is dif cult to de ne whenthemodulesare“consistent. At presenno rule existsto tell when
thesystems relaxed. Onemustsimplyjudgemanuallybasedn outputfrom thephysicallayer,

stoppingthe cycle oncedifferencedetweersuccessie iterationsappeato be “small enougH.

The numberof iterationsrequiredis usually at least50 (Rickert, 1998). This techniquehas
similaritiesto humanlearningandcanalsobeinterpretedhatway:.

3.1.4 Replanningand Learning

Relaxationjn step5 of theabove feedbacknethod,s notwell de nedin amathematicasense.
The intendedmeaningis that, in the average,a relaxed systemshouldnot showv ary further
developmentor drift. Sincea simulationsystemis stochastiat mary levels, the only way in
which this couldbe mathematicallyachievedis in termsof a steady-statdensity If thesystem
wereMarkovian, thenthe corvergenceto a steady-stateensitywould immediatelyfollow; the
systemis however not Markovian becausét can potentially enlage its phasespaceat each
iterationby nding new stratgies. Alternatively, onecouldincludeall possiblestratgiesinto
the phasespacede nition. This systemwould be Markovian, but 50 iterationswould be by
far too few to explore the phasespace Jet alonegeneratinga steadystatedensity Similarly,
this enlagedsystemis ergodicin the senseof Cantarellaand Cascettg1995),but that notion
is not usefulfor the relatively smallnumberof iterationsthatareused. More precisely:Even
systemghatareformally ergodiccanremainin limited regionsof the phasespaceor verylong
duration,certainlyfor muchlongerthanfor 50 iterations(e.g.,Palmer,1989).

A relatedissueis the selectionof the replanningfraction. A replanningfractionof 10%,as
in step3 of the above feedbackmethod,is a heuristicnumberthatworkswell in practice.The
importantlimiting considerationgre: (i) Adaptationin this systemworks by travelers nding
improved solutionsfor the currentsituation. Thesenew solutionswill only thenwork better
thanpreviousoneswhenthesystembehaessimilarfrom oneiterationto thenext. Thisimplies
that the fraction of the populationchangingits behaior shouldnot be too large. In fact, for
somesimpleranddeterministicsystemsnecanshav thatanin nitesimal bestreply dynamic
leadsthe systemto a NashEquilibrium (HofbauerandSigmund,1998). Onecould expectthat
the situationfor this systemis similar, althoughno formal proofis available. (ii)) On the other
hand,whenthereplanningractionbecomesoo small,thentherelaxationprocesecomesoo
slow. For example,with areplanningfractionof 1%, onewill needat least100iterationsuntil
eachtravelerhasobtaineda new stratgy once,andthatwill probablynotbeenough.

Other methods,in particularthe methodof successie averages(MSA, see,e.g., Shef,
1985)couldbetried, althoughMSA hasareputationjusti ed from atheoreticaperspectie,to
displayratherslow corvergence.In addition,sometranslationof MSA to a stochastiqrocess
would be necessaryfor example,atraveler's potentiallymixed stratgy shouldbe anaverlage
bestresponsegainsthetrafc pattern,andthisis not necessarilfhe sameasa bestresponse

20



againstthe averagetrafc pattern. It is not immediatelyclearhow to achieze an averagebest
responsavithoutalot of averagingover mary iterations(mary morethan50).

In practice,however, Rickert (Rickert, 1998) haslooked at the sumof all travel timesas
anindicatorfor relaxation,andhasfoundthata systemwhich wassimilar to the onedescribed
in this chapterdid not displayary furtherdrift afterabout25 iterations. This obsenationwas
con rmed by visualinspectionof thetrafc patternsBottom (Bottom,2000)hasdonea much
moreexhaustve investigationnto the sametopic, with a similar result.

Notethatall theabore agumentsmply thatstratgiesare x edduringthetraf c simulation
andcanonly bechangedetweenterations.Onlinereplannings discussedn Chap.10.

3.2 The Physical Layer

Thephysicallayerrepresenttheernvironmentof theagentsexecutegheir strateyies,andallows
themto interactwith one another It is composedf the mobility simulation. This section
describedhe speci cationfor the mobility simulation,anddescribesan implementatiorof it

for thetransportatiorapplication.

3.2.1 Speci cation of the Mobility Simulation

Themobility simulationhasthe taskto move the particles;.e. thetravelerswith their vehicles,
in physicallyplausibleways. For example,if neededthenit is thetaskof the mobility simula-
tion to limit vehiclesto theiracceleratiomndbrakingcapabilitiesfo computeexcludedvolume
effects(no two vehiclescanbe atthe sameocation),etc.

The speci cationsof the mobility simulationare perhapsalso alreadyclear at this point.
Theminimumrequirementsire:

1. The mobility simulationreadsa completesetof plans,with oneplan per agent. Plans
shouldbeexecutedaschainsj.e.anagentcanonly departafterit hasarrivedatalocation.

2. Themobility simulationexecutesall thoseplanssimultaneously
3. Themobility simulationoutputseventsinformation

4. As alreadymentionedoneneedsto run mary simulationsof 24-hourdays—usuallyat
least50 for a singlescenario This usagealongwith the goalto run large-scalescenar
ios, meanghatthemobility simulationneeddo runreasonablyastevenwhensimulating
severalmillions of travelerson aroadnetwork with severalthousand®f links (roadsey-
ments).Thegoalis thatrunningthewholescenarimnceshouldnottake morethanabout
onehour.

5. The mobility simulationshouldbe simplein orderto be comparableawvith staticassign-
mentandin orderto allow concentratioron computationaissuesratherthanmodeling
issues.This alsoallows taskparallelizationto be introducedinto the software at a later
time.

6. Themodelusedin themobility simulationshouldbe somevhatrealisticsothatmeaning-
ful comparisonso real-world resultscanbe made.This meanghe modelshouldinclude
sucheffects as congestiorbuild-up (i.e. that congestiomormally startsat bottlenecks)
andqueuespillback(i.e. the physicalspacehatqueuedvehiclesoccupy in thesystem).
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Thesespeci cationsarenot dif cult to ful ll. They are,however, a signi cant departurdrom
theway in whichmostcurrentmobility simulationsarewritten: They readOD matricesnstead
of plans,andwrite link performanceénformationinsteadof events.Writing eventsinsteadof or
in additionto link performancenformationis relatively easyto implement.In contrastmak-
ing the simulationfollow pre-speci edplanssometimesecessitatea major implementation
changeThatchangecorrespondso thefactthatin the agent-basedpproachall informationis
storedn theagentwhereasn mary existing approachemostof theinformation(suchasshort-
estpathtrees)is storedin the network. In addition,conditionalplans les, suchasdiscusseadn
AppendixA.2, may make the simulationlogic moredemandingn thefuture.

3.2.2 Implementation of the Mobility Simulation

Conditions4, 5, and6 above make the useof existing softwarepackagessuchasDYNAMIT,
DYNASMART, or TRANSIMS, dif cult, sincethesesoftwarepackagesrealreadyfairly com-
plicated(seealsoSec.2.7.3). An alternatve is the selectionof a simplemodelfor large-scale
microscopimetwork simulations andto re-implementit.

The conditionsdo not prescribethe dynamicsof the mobility simulationmodel; ary of
the examplesfrom Sec.2.7.1are possible. As the mobility simulation,an improved version
of a so-called“queuesimulation” (Gawron, 1998)is selected.The improvementsinclude an
implementatioron parallelcomputersandanimprovedintersectiondynamicswhich ensures
a fair sharingof the intersectioncapacityamongincomingtrafc streamgCetin and Nagel,
2003,2002). This simulatoronly handleghe carmodeat present AppendixA.3 discussefiow
to handleothermodes.

The queuesimulationrepresentgachstreet(link) asa FIFO ( rst-in  rst-out) queuewith
threerestrictions First, eachagenthasto remainfor acertaintime onthelink, correspondingo
thefreespeedravel time. Secondalink storagecapacityis de ned whichlimits thenumberof
agentonthelink. If this capacityhasbeenreachedno moreagentscanenterthislink. Third,
thereis a o w capacitywhichlimits the numberof vehiclesthatcanleave thelink in ary given
time step.

Eventhoughthis structureis indeedvery simple,it producedrafc asexpectedandit can
rundirectly usingthedatatypically availablefor transportatiomplanningpurposesOntheother
hand,therearesomelimitations comparedo reality, i.e., the numberof lanes,weaving lanes,
turn connectwities acrosdntersection®r signalschedulegannotbeincludedinto this model.

Currently the mobility simulationinputs a plan setstoredin a le readfrom disk. See
Chap.6 for issuegelatedto plan les. Othermethodsof inputting plans,suchasvia software
messageever the computemetwork, arebeingtried (Cetin,2005;Gloor, 2005).

After readingtheplans le, themobility simulationexecuteshoseplans,andreturnsevents
information,suchaswhenagentdeave from or arrive at actvities, or whenagentsenter/leae
links. Eventsinformationis alsowritten to other les asoutput. SeeSec.3.4.1andChap.6
for issuesrelatedto these les. Datafor an eventincludeswhich agentexperiencedt, what
happenedat whattime it happenedandwhere(link/node)the eventoccurred.With this data
it is easyto producedifferentkinds of informationandindicatorssuchaslink travel time, trip
travel time, trip length,percentagef congestionandsoon.

As required,the queuesimulationis fastenoughto run mary iterations,taking aslittle as
two minutesof processingime to run 24 hoursof a simulationwith approximatelyl million
agentg(CetinandNagel,2003). Thatnumberexcludesthe time it takesto write events les,
however.
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Figure3.4: Componentanddata o w in the framenork.

3.3 The Strategic Layer

The framework's strateyic layer maintainsthe mentalstateof the agentsallows themto make
decisionsyrite thosedecisionsnto plans,measurgerformancef thoseplansbasedn events
from the physicallayer, andallows themto learnabouttheir environment.

3.3.1 Agent Databaseand External Modules

The framework dividesthe strateyic layer into a centralagent databaseand several separate,
externalmoduleghatmodelthedifferentkinds of strateyy decisionghataffectanagents plan.
Theseare similar to someof the modulesseenin Sec.2.5.3. The agentdatabaserovides
eachagentwith partof its mentalstate,allowing it to keeptrack of its plansandtheir scores;
andwith ahigh-level decision-makingbility, allowing it to reusethoseplansatwill andupdate
theirscoresafterusingthem. Themodulegrovide therestof thementalstateandmoredetailed
decisionmakingabilities.

Eachmoduleis responsibldor makingdifferenttypesof decisionson behalfof the agents.
An agentcallsupononeor moreof thesemodulesto generatea new stratgy or updatepart of
anexisting (possiblyincomplete)strateyy. Figure 3.4 graphicallydepictstherelationshipsand
interactiondbetweerthesecomponents.

Eachof the detailsdescribedn the plan, suchasactvity duration,is a decisionthat must
be madeby the agent.Thesedecisionsaremutually dependenthut the decisionamadeby one
agentareindependenof thosemadeby another Thetaskof generatinga planis dividedinto
setsof closelyrelateddecisionsandeachsetis assignedo a separatenodule.An agentstrings
togethercallsto variousmodulesin orderto build up a completeplan. Somepossiblemodules
are:

Activity patterngeneitor: Decideswhich actvities anagentactuallywishesto perform
duringthe day, andin whatorder At presentthis moduleis not used;in its placeis a
x ed“home-work-home”patternfor all agents.

Activitylocationgeneamtor: Determinesvheretheagentwill performaparticularactiity.
At presentthis moduleis not used;eachagenthas x ed locationsfor its “home” and
“work” actwities.
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Activity time allocator: Determineghe timing attributesthe agentwill utilize for each
actvity in a plan. Activities have two possibletiming attributes: “activity duration”and
“activity endtime”. After startinganactvity, anagentperformstheactvity eitherfor the
lengthof “duration”, or until the “activity endtime”, whichever comesrst. Activities
cannotoverlapin time.

Router Determineswhich route and which modethe agentchoosedor eachleg (uni-
modaltrip segment)thatconnectsactvities at differentlocations.

A specialfeatureof the presentedpproachs that userscanchoosearny numberandtype of
thesemodulesaslong asthey generatesomeinformationthat contributesto a plan. For that
reasonjt is easyto combinefor exampleactvity andmodechoiceinto a singlemoduleor to
addresidentialor workplacechoice.

3.3.2 Speci cation of the External Strategy Modules

The speci cationsof an external stratgly moduleare perhapsalreadyclearat this point. The
minimumrequirementsre:

1. Theexternalmoduleneeddo “think” in termsof agents.For example,an externalroute
generatiormoduleneedsto generatea pathfor a speci ¢ agentbetweentwo locations,
ratherthan,say ashortespathtree.

2. If theexternalmodulereactso agentor systemperformancethenit readsthe events le
produceddy the mobility simulation.

3. Thegoalsof the externalmoduleneedto be compatiblewith how the scoringis doneby
the agentdatabase.The systemwill work asalongassomeof the plansgeneratedy
externalmodulesare“good” accordingo the scoringfunctionof theagentdatabase.

Thisis aconsiderablyvealer designrequiremenfor externalmoduleshan,for example,
TRANSIMS has,whereall of theplansgeneratetby externalmodulesneedto be“good”
Thisis necessarin somethindike TRANSIMS becauseary previous“good” (or “bad”)
plananagentknows aboutis overwrittenby the new plangeneratedby the module.

4. The external modulereadsa plans le containingone (possiblyincomplete)plan per
agent.This supportghearbitrary“stringing” of multiple modulesby agentshy allowing
multiple modulesto write differentpartsof the sameplanasit is assembletby theagent.

5. Theexternalmodulewrites out anupdatedplans le, whereary invalidatedinformation
hasbeendeleted.(Someor all plansmay still beincomplete however.)

6. Theexternalmoduleneeddso bereasonablyastto supportiterations;runningit on 10%
of all agentsshouldnottake morethanaboutonehour.

Note that this speci cationleavesthe internal functioningcompletelyto the module. In par
ticular, the moduleis free to startanav with eachiteration,or to accumulatenformationover
all iterations. An examplefor the formeris a route generatotthat useslink travel timesfrom
the lastiteration; an examplefor the latteris a mentalmapthatis built successiely over the
iterations.

With thesespeci cationsit shouldbefairly straightforvardto useary agent-baseedxternal
modulethatcanreadplansandeventsandwrite plans. The hopeis thatthis will allow groups
modelingdifferenttravel behaiorsto easily“plug in” their own moduleso the system.
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3.3.2.1 Calling Sequence

The modulesneedto be calledin a certainsequencen orderto make the systemrun. For

example,choosingnew actvity locationswill necessitat@en routesto andfrom the changed
actwvities, so the route planningmoduleshouldbe called sometimeafter the actiity location
moduleis called. But routesand actiity timesdo not (strictly) dependon eachother so it

would be possibleto malke callsto eitherthe activity time choicemoduleor therouteplanning
modulewithout calling the otherone,or call thembothin anarbitraryorder The systemneeds
to know eitherthe dependenciethatexist (or do not exist) betweenmodulesor at leastsome
of cial orderingof modulesto ensurethatthe stratgyy generatiorpartof aniterationdoesnot

resultin incompleteplansbeingsentto the mobility simulation,or modulesbeingcalledin an

“in nite loop”

3.3.3 Implementation of the External Strategy Modules

At presentheframewnork employs two modulesonly: the“activity time allocator’and“router”
(describedn Sec.3.3.1).Othermodulesarethetopic of futurework. However, aswill beseen
in Chapter7, thesetwo modulesare enoughto obtainrealisticand plausibleresultsfrom the
simulationframework.

3.3.3.1 Activity Time Allocator

This moduleis anexampleof onethatgenerategor modi es) agents'activity schedulesywhich
form the basisof their plans(Vaughnetal., 1997;Bowman,1998). Onecandivide the taskof
creatinganactvity schedulento threeparts:patternchoice locationchoice,andtiming choice.
The patternchoice determinesvhich actiities to performduring the day, andin whatorder
For example,an agentmight decidewhetheror not to go shopping,andif so, beforeor after
work. The location choice determinesvherethe agentwill performeachactvity. For some
actwvities, suchashomeandwork, agentsamake this decisionvery infrequently while for other
actwities, suchasshoppingthe agentmight choosea differentlocationeachtime it wantsto
performthe actiity. For example,an agentcould go shoppingat a bakery closeto homeor a
grocerystorenearwork. The time choice determineghe durationof eachactvity, including
whento leave homeat the startof theday A singlemodulecanmake all of thesedecisionsat
thesametime, or separatenodulescanbe usedto handleeachoneindividually.

Sofar, thereis only have a time choicemodule. This moduletakesthe existing times of
the plan and modi es themrandomly Note thatthereis no “goal” with this module,thatis,
the moduledoesnot try to improve ary kind of score. Rathey the modulemakes a random
modi cation, andthe plansselectionrmechanismn conjunctionwith the scoringwill make the
agentamprove towardbetterscores.

The exactdetailsof the time mutatorareasfollows. This modulereadsthe plans le, and
for eachplanaltersthe endtime of the rst actiity by arandomamountr ; uniformly selected
in theranger; 2 [ 30 min; 30 min]. Valuesthat comebefore00:00 (midnight) areresetto
thattime. It thenaltersthedurationof eachactiity exceptthe rst andlastby separateandom
valuesuniformly selectedrom the samerange. The lastactvity doesnot needmaodi cation
sinceit runsfrom wheneer the agentarrivesuntil 24:00 (midnight). The modi ed plansare
written backoutto a le.

Although this approachis not very sophisticatedit is sufcient to obtain useful results.
This is consistentwith the overall assumptiorthat, to a certain extent, simple modulescan
be usedin conjunctionwith a large numberof learningiterations(e.g.,Nagel et al., 2004).
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Sinceeachmoduleis implementedasa “plug-in”, this modulecanbereplacedy anenhanced
implementationf desired.

3.3.3.2 Router

An agents plan must connectsuccessie actwities at differentlocationsby travel trips that
usethe transportatiometwork. Trips aredivided into legs which are are describedby their
modeand mode-speci cinformation. For example,a carmodeleg containsa node-by-node
descriptionof the vehicle's routethroughthe network from thelocationof the previous actiity
to the locationof the next activity. In principlelegscanbe selectedrom differentmodetypes,
but at presenonly car trips aremodeled. As statedabove, at presenta giventrip is assumed
to containonly a singlecarmodeleg. Eachtrip hasan (expected)startingtime, andtherouter
needdo besensitve to congestiorsothatit canavoid usingalreadycongestedinks.

The routeris basedon Dijkstra's shortest-patlalgorithm, but “shortness”is measuredy
thetime it takesanagentto drive therouteratherthandistance Thefastespathdepend®nthe
travel timesof eachindividual link (roadsegment)traversedin theroute. Thesetimesdepend
on how congestedhelinks are,andsothey changehroughoutheday. Thisis implementedn
thefollowing way: Theway a Dijkstra algorithmsearches shortespathcanbeinterpretedas
expanding,from thelocationof the origin actiity, a network-orientedversionof a wave front.
In orderto make thealgorithmtime-dependenthespeedf thiswave front alongalink is made
to dependonwhenthis wave front entersthelink (e.g.,Jacobetal., 1999).

Thatis, for eachlink | therouterneedsafunctionc(t) whichreturnsthelink “cost” (= link
travel time) for avehicleenteringattimet. Thisinformationis calculatedrom pairsof agents’
link entryandlink exit eventstakenfrom arunof themobility simulation.In orderto makethe
look-up of ¢(t) reasonablyast,therouteraggrgatesthe dataover 15 min bins, duringwhich
thecostfunctionis keptconstantThatis, all vehiclesenteringalink betweere.g.9:00AM and
9:15AM will contrituteto theaveragelink travel time duringthattime period. AppendixA.1
describesssueswith the link-basedtravel time calculation. This moduleonly handleshe car
modeat presentwhich is not a problemsincethe mobility simulationhandlesonly this mode
aswell.

For every planof every givenagent the routerrunsthe time-dependenbijkstra algorithm
for eachcarmodeleg to nd thefastestroutefrom the origin link to the destinatiorlink. The
agentdatabaséknows” aboutactiity chains,andpre-calculateshe expecteddeparturdimes
for eachleg. Therouterusesthosetimesto choosethe rst time bin for looking up the travel
times.

It is possibleto include public transportationinto the routing (Barrett et al., 2000); the
presenivork looksatcartrafc only.

3.3.4 Speci cation of the Agent Database

Thespeci cationfor the agentdatabasés thatit allows eachagentin the simulationto:
1. store somenumberof plansplustheir scores
2. selectoneof its plansaccordingto their scores
3. addplansusingthe externalstratgly modules
4

. remwe planswith badscores
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5. updatescoresasedon eventsoutputfrom the mobility simulation

Thismeangheagentdatabasenustcall uponthe externalstratgyy modulesor plangeneration,
providetheselected/updatgalansto themobility simulation,andprovide theresultingeventsto
theagentdor scoring.It appearshattheagentdatabaséhereforealreadyperformshefeedback
betweenthe simulationeventsandthe stratgyies. All thatremainsin theiterationcycle is for
somesystem(eitherbuilt-in or externalto theagentdatabasetp executethemobility simulation
attheappropriatgointin theiterationcycle, andmake sureeachcomponentan nd its input
data.Furtherdiscussiorof theagentdatabasevill continuein the next sectionon feedback.

3.4 FeedbackBetweenLayers

Thefeedbackmechanisnis animportantaspecbf the framewvork, andis the primaryfocusof
thisdissertationln particular theuseof theagentdatabasasthefeedbacknechanismwith its
ability to storemultiple plansperagent;s to my knowledgea uniquefeatureof this framawork.

3.4.1 Events

Performancanformation from the mobility simulationis fed backto the stratgic modules
(Fig. 3.4) via “events” which are output directly whenthey happen. For example,an agent
candepartfrom (i.e. leave) an actvity, enterandexit links, andarrive at a destination. The
informationin an eventis simply the time stampof the occurrencethe link andnodein the
network whereit happenedheagentt happenedo, anda ag identifyingtheeventtype. These
eventsmake up the entire output of the mobility simulation;thatis, the mobility simulation
performsno dataaggrgation. Any dataaggreation necessarys done by the modulethat
requiresghedatain thatform.

The agentdatabasefor example,readsthroughthe eventsinformationand processesor
eachagentgventsthatarenecessaryo computehescore.Sinceatthis pointthescoredepends
on activity arrival anddeparturgimesonly (seeSec.3.4.2),thesearethe only eventsthatthe
agentdatabaseonsiders.In contrast,the router readsthroughthe eventsandlooks for link
entering/leging events.If anagententersalink, therouterstoresthatinformation. If anagent
leavesalink, theroutersearche$or thecorrespondindink enterevent,computeghelink travel
time, andenterghatinto someaveragingmechanisnior thelink.

Theadwantageof eventsis thatthey arevery easyto implementnto the mobility simulation.
In contrastarny dataaggreationinsidethe mobility simulationcaneasilybea sourceof errors.
This hasto do with the fact that the teamthat writes the simulationis not truly interestedn
correctaggreation: Their maintool to checksimulationcorrectnesss the visual impression
(andmaybesometrafc o w considerations)ln contrasttheteamthatis responsibldor, say
therouteror theagentdatabaséasa muchhigherinterestin thecorrectnessf theaggreation,
sincewithout thattheir modulewill notfunction. Seeminglytrivial aspectsuchasthis canbe
ratherimportantfor thelong-termrobustnes®f the system.

3.4.2 Scoring

Agentsgive scoredo their stratgyiesin orderto comparehemandselectbetweenthem. The
agentdatabas@eedsa scoringfunctionin orderto give scoredo stratgiesthatwereexecuted.
Thatscoringfunctionneeddo be entirelybasedon eventsinformationfrom the physicallayer,
andit needgo scorethe completeperiodthatde nesaplan(e.g.day).
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The primary candidatefor the scoringfunction is the traditional utility function, but any
plausiblescoringfunction, for exampleoneusingprospectheory(e.g.,Avineri andPrashler,
2003),canbe used.Without muchmoreimplementatioreffort, conceptsuchasmulticriteria
decisions(De Smetet al., 2002) could also be used. An exampleof a utility-basedscoring
functionwill bepresentedn Chap.6.

As mentionedin Sec.3.3.2,thereneedsto be someoverlap betweenwhat the external
modulescomputeandwhatthe scoringfunction optimizes.An openproblemis how to couple
the scoringfunction usedby the agentdatabasédo the scoringfunctionsusedby the external
strategy generationrmodules. Becauseof stochasticeffects, it is not necessaryhat they are
completelyconsistentput asmentionedbefore,someconceptuabverlapis necessaryAt this
point, this problemis solved by manuallyde ning the goalsof the externalmodules.This is a
subjectof furtherinvestigation.

In addition,it is very importantto notethatthe framavork alwaysusesactualplan perfor
mance(i.e. events)for the score. This is in contrastto all othersimilar approacheshat! am
awareof, which feedbacksomeaggregatedquantitysuchaslink travel timesandreconstruct
performancdasednthose(e.g.,URBANSIM www pageaccesse@003;Ettemaetal.,2003).
Becausef unavoidableaggreationerrors,suchanapproactcanfail ratherbadly, in thesense
that the performancenformationderived from the aggregatedinformation may be ratherdif-
ferentfrom the performancehatthe agentin fact experienced.This effect canbe seenin the
resultsof the GotthardscenariqseeSec.4.4).

3.4.3 Learning

Theiterationcycle of Sec.3.1.3cause®achagentto keepsrepeatinghefollowing steps:
1. Selectanexisting planor createa new one(possiblyreplacinganold one).
2. Executeit (in thephysicallayer)andrecordthe performance.
3. Updatethe scoreof the planbasedn the performance.

This correspond$o theagentadaptingo its environmentandlearninghow to improveits plans
over mary iterations. Sincethe systemexecutesthe plansof multiple agentssimultaneously
all theagentdearnat the sametime, andthusthe ervironmentchangeslueto the effect of the
otheragentsn the system.This meanghata scorefor a planis not necessarilystableover the
iterations;in consequenc@nagentineeddo re-evaluatepreviously badplansfrom time to time
in orderto checkif thescoreshave improved.

The framewnork asdescribedsofar is bestsuitedfor day-to-day(or moregenerallyperiod-
to-period)replanning. It can, however, be extendedto within-day replanning. When doing
this, oneis confrontedwith someconceptuabndsomecomputationaproblems.Thesewill be
discussedn Chap.10.

3.4.4 AgentDatabase

In comparisorio theagentdatabasehe“Iteration Databasetomponenof TRANSIMS stores
information aboutagentsand their experiencedrom previous iterations,and the “Selector”
componentause that information to decidewhich partsof which agents'currentplans get
updatedby the stratgyy modules(TRANSIMS www page,accesse@004). However, to my
knowledge,neithercomponenkeepstrack of or re-usegrevious plans,soagentswvho arese-
lectedto changetheir plansalwaysreceve new onesfrom the modules.As previously stated,
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thisrequiresall of the plansgeneratedby externalmodulesbe“good” plans.| amnot awareof
ary othersimulationsystemthatkeepsseveralplansperagent.

Prototypesf theagentdatabaseanbefoundin (Nagel,1994/95,1996),which describea
systemwhereagentsemembeindividual scoredor differentplans,but the planmemorywas
“global;” i.e. sharedamongdifferentagents,andthe implementationwasspeci ¢ to a simple
network in a singledemonstratiorscenario.Chapterss and6 describenewer, morecomplete
implementationsf thisidea.

The maintaskof this dissertations to explore how the ideaof the agentdatabaseanbe
generalizedo be realistic and operatefor large-scalereal-world problems. | look at issues
relatedto designandperformancef theagentdatabasendthe feedbacksystem.

3.5 Summary

This chapterdescribeghe fundamentatonceptdbehinda framewvork for multi-agentsimula-
tions of transportatiorsystemdor planningpurposes.The framevork hasindivisible andau-
tonomousagentsvho make independendlecisionsabouttheirdaily actvity plans.Thestratagic
“mind” of theagentds containedwithin onelayer of the framavork, andthe physicalinterac-
tion betweeragentds containedn another Eventstransferperformancenformationfrom the
physicallayer to the stratgyic layer, which get convertedinto scoresfor plansstoredin the
agents'memory Theagentdearnandadapttheir plansto the systemasthey experiencaet, uti-
lizing externalstratgy generatiormodulesof theframewnork. Theframewvork's agentdatabase
storesgheagentstheir plans,andtheir plans' scoresandfacilitatesthis learningprocessf the
agents.

An importantcharacteristicof the framewvork is thatit keepsthe agentintact throughout
all partsof the system.In particular the informationrelatedto an agentis alwaysmaintained
togetherwith that agent,andis never divided into separateles. It shouldbe notedthatin
particularthe feedbacksystemis uniquein thatit explicitly keepstrack of mary stratejiesof
eachindividual traveler Most simulationsystemsassumeeitheronly onestratgy pertraveler,
or they group travelerstogetheraccordingto their characteristicsfor example by common
destination.

Thenext chapterslescribehe evolution of implementation®f theagentdatabasandother
partsof theframework.
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Chapter 4

Plans Selectionand Feedback:
TRANSIMS Reimplementation

As describedn the previous chapterthe basicrelaxationmethodalternatebetweernexecuting

a setof stratgies (or plans)in the mobility simulation,and updatingthoseplansusing the

externalmodulesin the stratgic layer This chapterdescribesa simplefeedbackmechanism
thatcoupleshetwo layers,andis basedon TRANSIMS.

4.1 Basedon TRANSIMS

For plansselectionand feedback the rst thing to try is a very simple day-to-dayfeedback
mechanismpasedon that of TRANSIMS. A parallelizedqueue-basettafc o w simulator

describedn Sec.3.2.2,is usedfor the mobility simulationin the physicallayer The plans
andeventsare transferredbetweenthe physicallayer andthe stratgic layer using les. The

le formatsarebasedonthoseof TRANSIMS, asthey arefairly easyto implement,andretain
compatibility with TRANSIMS modules. However, the TRANSIMS moduleshadtoo mary

problems,andendedup not beingused,asdescribedn AppendixA.5. Both le formatsare
“text-based’meaningthey arehuman-readabléasopposedo having someopaquebinary en-

coding),but arejustlists of numberssoarenoteasilyhuman-understandabl€heevents le is

line-basedandhasa x ednumberof columnson eachline to make parsingsimple. The plans
le is more complicatedwith eachplan occupying multiple linesin the le, andwith lines
having variablelengths.This meangheplans le containsonly routes,andonly onerouteper
agent.

As such theonly strateyy moduleusedatthis pointis theroutegeneratgrwhichbehaesas
describedn 3.3.3.2.In summarythis moduleusegheeventsoutputby the mobility simulation
to updatethe travel time (costof utilization) associatedvith eachlink in the network. After
updatingits view of the network, the router generatesiew routesfor a given subsetof the
agentsHow thesubseis selecteds describedelow.

4.2 Simple Feedback

The subsetof agentschosento obtainnew routesis simply a randomlyselectedl0% of the
total population. From an agent-baseg@oint of view, this canbe consideredhe sameaseach
agentdecidingto obtaina new route with a 10% probability. It was not implementedthis
way, however. The new routesaremergedwith thoseof the previous plan-setby replacingthe
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previousroutesof there-routedagentsjeaving eachagentwith only its mostrecentlygenerated
plan. Thisis aversionof the systematigelaxationmethodfor DTA (Sec.2.4).

4.2.1 lteration Sequence

A simpleprogram writtenin the Perlscriptinglanguagecontrolstheiterationsequenceyhich
proceedsasfollows:

1. Startwith initial conditions:

Files describingthe nodeandlink structure(intersectionsandroads,respectiely)
of thetransportatiometwork.

An actvities le (in TRANSIMS format) containingthe startinglocation, ending
location,andstarttime of eachagentstrip (onetrip peragent).

An initial routes le (in TRANSIMS format) containingroutesbetweenthe loca-
tions speci ed in the initial actwvities le (alsoone per agent). Theseroutesare
basedn anemptynetwork, usingthe free speedravel timesof thelinks.

Theinitial routesle becomeshe“currentroutes” le.

2. Runthe parallelmobility simulation. This readsthe network les andpartitionsthe net-
work acrossseveral instancesof the mobility simulationprogramrunning on different
computingnodes.Eachinstancereadsthe “currentroutes” le, determinesvhich agents
begin their trips onits portionof the network, andsetsup the vehiclesof thoseagentshe
their startinglocations.All instanceshenexecutethe routessimultaneouslyexchanging
vehicleswhenthey crossthe network partition boundaries.This is describedn detail
in (Cetin, 2005;CetinandNagel,2003). Eachparallelinstanceof the simulationwrites
eventsto its own events le, andattheendtheevents les aremeigedtogetherinto one

le, sortedaccordingto thetimestampsof theevents.

3. Two helperprograms(calledread-eents parse-link-time} written in the AWK script-
ing languagereadthe eventsandcorverttheminto a le containingtravel timesstored
in 15-minutetime-binsfor eachlink usedduring the mobility simulationrun. (Please
seeAppendixA.1 for a more detaileddescriptionof thesescripts.) This le is in the
TRANSIMS travel timesformat,whichis alsoa line-orientedcolumn-basedext format.
Notethattherouterdoesnotreadtheeventsandcalculatethetravel timesby itself at this
stagefor reasonf compatibility with the TRANSIMS routing module,which expects
aggreatedtravel timesinformationto comefrom the TRANSIMStraf ¢ simulatorin the
travel times le.

4. The*currentroutes” le is preseredasthe“old routes” le, andtherouteris executed.
The routerreadsthe network les, theinitial actities (for the entire population),and
the calculatedravel timesfrom the travel times le. Previously unusedinks (thosenot
reportedin the travel times le), areassumedo have travel times basedon their free
speedandlength. Therouterthencreatesiew routesfor a randomlyselectedl0% of the
population.Thesearestoredin the“new routes” le.

5. The*old routes”and“new routes” les arememgedtogetherinto the“currentroutes” le,
suchthateachagenthasonly oneroute,andanew routecalculatedy therouterin step4
replacegheold routestoredfor anagent.
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6. Returnto step2, until the systemis relaxed. This takesabout50 iterations;earlierinves-
tigationshave shavn thatthis is morethanenoughto reachrelaxation(Rickert, 1998).

4.3 Gotthard TestingScenario

4.3.1 The Setup

In orderto testthe modulesand feedbacksystemof the framework, the so-calledGotthad
scenariois used. This scenariosimulatesthe trafc resultingfrom 50,000travelersdriving
from variouslocationsall over Switzerlandto a commondestinationin Lugano,which is in
the Ticino, the Italian-speakingpart of Switzerlandsouthof the Alps. This scenarioutilizes
the Switzerlandtraf ¢ network describedn Sec.7.1.1. The demandis madeup of a setof
50,000trips with origin links selectedandomlyfrom available links throughoutSwitzerland
(including the Ticino area),and startingtimes selectedusing a uniform randomdistribution
betweer6:00AM and7:00AM. All trips have the samedestinationink.

In orderfor the travelersto getthere,mostof themhave to crossthe Alps. Therearenot
mary waysto dothis, resultingin traf c jams,mostnotablyin thecorridorleadingtowardsthe
Gotthardpass. Although this scenarichassomeresemblanceo real-world vacationtrafc in
Switzerlandjts mainpurposas to testthe congestiordynamicsof the mobility simulation,and
its interactionwith thefeedbackramework. Thiswill becomeclearlaterin thetext. Having all
trips goingto the samedestinatiorallows oneto checkthe plausibility of the feedbacksinceall
traf c jamson all usedroutesto the destinatiorshoulddissohe in parallel.

4.3.2 Resultswith BasicFeedback

Figure4.lillustratestheimprovementin the systemdueto theiterative feedbackschemeThe
gure shavstwo shapshotsf vehiclepositionsin the Gotthardscenariodescribedaborve. The
left sideof the gure shownsasnapshoturingtheinitial (Oth) iterationat 9:00AM, 2—-3hours
after all vehicleshave left their startinglocations,for their commondestination. Congestion
is not known to the travelersin this iteration,so eachtravelerassumes$ree speedravel times,
andchooses routeasif it is theonly driverin thenetwork. They all choosethe freeways,due
to their higherfree speedsanddo not explore alternatve routes. The right side of the gure
shows the samesituation,but 49 iterationslater Here,the drivershave takeninto accounthe

congestiorcausedy othervehiclesontheroadways,sothey usemary moreroutes.

4.4 Problemswith This FeedbackSystem

When the above setupwith the Gotthardscenariowas run, insteadof obtainingthe desired
resultof Fig. 4.1(b), the simulationdisplayedsomeimplausibleartifacts. For the following,
| concentraten a sectionof freeway andassociatesgideroadsin anabout50 km 100 km
sectionnorth of Lugano. For betterexposition, the orientationof the plots will be rotatedby
90 degrees,so that Luganonow is to the right andthe Alps areto the left. Fig. 4.2 shavs
snapshot®f the situationat 7:00 PM andat 8:00 PM. Theseandall othersnapshotsireafter
49 feedbackiterations. In general,the vehiclesare jammedup becausdhereare bottlenecks
insideLuganolimiting therateatwhich vehiclesreachtheir destination.

The implausiblefeatureof theseplotsis thattherearetrafc jamson the sideroadswhile
thefreawayis empty This meanghatdriversseemo be contentto sitin atrafc jamonaside
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09:00

(a) Iteration0 at 9:00AM. All travelersassumehe network is empty

09:00

(b) lteration49at9:00AM. Travelerstake morevariedroutesto try to avoid
oneanother

Figure4.1: Gotthard: Exampleof relaxationdueto feedback.Redindicatesjams,greenindi-
catedree- owing trafc, andgrayindicatesemptyroads.

roadwhile the parallelfreevay is empty Thisis clearlyanundesiredartifactof the simulation
thatneedgo beremoved. Note thatthereis no en-routereplanningandsothe plan-following
travelersarestuckwith their plansfor thewhole durationof their trips.

It was found that the problemwas causedby the fact that the routerwill not react“fast
enough”if trafc is moving well at the beginning of a time bin, but not at its end. Carsthat
enteralink atthe beginning of thetime bin will leave soonerthantherouterexpects,but those
placedattheendof thetime bin will leave laterthanexpected.
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(a) At 7:00PM. (b) At 8:00PM.

Figure4.2: Gotthard: Freavay and sideroadswith the original travel time feedbackstratagyy.
Thesideroadscontainmary vehicleswhile thefreevay containsvery few or none.

As anexample,suppose link L hasa free speedravel time of 3 minutes,andthe router
is consideringoutingtwo agentsA andB on thatlink duringthetime bin from 7:00to 7:15.
SupposdurtherthatL is closeto free- owing at 7:00, but is congestedy 7:15. Its average
travel time during this time bin is calculatedo be 5 minutes.|If agentA startsout on the link
nearthe beginningof thetime bin, sayat 7:03,it hasa clearride andwill beoff thelink in, say
4 minutes.If agentB startsoutonthelink closerto theendof thetime bin, sayat7:10,it gets
into that congestiorandhasa longertravel time, say9 minutes. The resultis thatagentA is
oneminuteaheadf therouter's scheduldor it, while B is 4 minutesbehindschedule.

Overall,therearefour cases:

1. Congestiorbuilding up,andvehicleearlyin time bin. Thenthevehiclewill befasterthan
therouterthinks. Sincecongestions just building up, it will alsobefasterin otherparts
of the systemthusamplifying theinitial error.

2. Congestiorbuilding up,andvehiclelatein time bin. Thenthevehiclewill beslowerthan
therouterthinks. Thevehiclewill fall behind,andsincecongestions building up, it will
fall behindfurtherin otherpartsof the systemthusamplifying theinitial error.

3. Congestiorgoing away, andvehicleearly in time bin. Thenthe vehiclewill be slower
thanthe routerthinks. By falling behindit will encountelesscongestionwhich will
limit how muchit falls behind.

4. Congestiorgoingaway, andvehiclelatein time bin. Thenthevehiclewill befasterthan
therouterthinks. By beingfasterit will encountemorecongestionywhichwill limit how
faraheadf schedulet is.

From this descriptionit is clearthatin particularthe rst two casesare a problemsincethe
dynamicstendsto amplify the errors. In orderto testthis hypothesistfwo modi cationsto the
routerwereattemptedThesearedescribedn the next section.
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(a) At 7:00PM.
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Figure4.3: Gotthard:Freavay andsideroadswith the“offsettime bins” feedbackstratgy. No
effect; the sideroadsstill containsmary vehicleswhile the freewvay containsvery few or none.

4.5 Link Travel Time Feedback

4.5.1 Offsetting the Time Bins

How canthis problembe x ed? The problemseemsto be the router's reactionto a link's
transitionfrom free- owing to congestionOnesolutionis to give therouteran“early warning”
aboutimpendingcongestiorbuild up. Thisis implementedy simply offsettingall thetime bin
datasothatit is aheadof reality by onebin. This causeghe routerto usethe 7:15-7:30time
bin informationwhenit entersalink between7:00and7:15. Thatway, it will instructagentdo
avoid congestedinks befole thoselinks actuallygetcongestedit will alsoplacemorevehicles
on links undegoingtransitionsfrom congestedo free- owing atanearliertime. Basedon the
reasoningabove, however, this situationshouldnot causetoo muchof a problem. Figure4.3
shaws the outcomeof this stratey. Onecanseethatthe freeway is still emptyingearlierthan
thesideroads.This stratgy, by itself, doesnot seento helpin this case.

4.5.2 Maximum VersusAverageTravel Time

Anotherissuewith the datausedby therouteris thatit is anaverage of thetravel timesexperi-
encedby thevehicles.As statedabove, if therouterunderpredictsthetravel time for anagent
onalink duringatime bin, thatagentwill be behindschedule Insteadof giving therouteran
earlywarning,onecanaltertherouter's view of thelinks sothatit paysmoreattentionto the
travel timesof thosevehicleswho experienceadtongestioron thelinks. In otherwords,thelink
selectionis biasedagainsicongestedinks. The simplestway to do thisis to take the maximum
travel time experiencedn eachlink during eachtime bin, ratherthanthe average.Figure4.4
showvstheresultof this strateyy. This stratgy alsodoesnot x theproblembecause¢hefreevay
still emptiesearlierthanthe sideroads. In this case however, onenoticesthata few vehicles
usethe freeway afterthe sideroadsareclear But the numberof vehicleson thefreeway is too
smallcomparedo thesideroad.
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Figure4.4: Gotthard:Freavay andsideroadswith the “maximumtravel time” feedbackstrat-
egy. At 7:00 PM the sideroadscontainsomevehicleswhile the freewvay is mostly empty At
8:00PM thesideroadsarenow emptywhile thefreevay s still mostlyempty
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(a) At 7:00PM.

(b) At 8:00PM.

Figure4.5: Gotthard:Freavay andsideroadswith the combined‘offsettime bins” and“max-
imum travel time” feedbackstratey. Thesideroadsare nally empty while the freewvay now
containsvehicles.This is whatis expectedrom the scenario.

4.5.3 Combining Maximum and Offset

Neither offsetting the travel times data, nor biasingit toward the maximum reportedtravel
time seemedo completely x the problemof theimplausibleresults.Now, asa new stratey,
the two previous stratgjiesare combined. The maximumtravel times are usedinsteadof the
average,plus the resultingtravel times dataare offset by onebin. This shouldimprove the
“early warning”to theroutergivenby the offsetmethod sinceonly the experienceof the most
delayeddriverswill be consideredy therouter Figure4.5 shows the outputfrom this result.
As one cansee,the sideroads nally empty beforethe freeway does,as expectedfrom the
beginning.
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4.5.4 Conclusion

Theabore modi cationsshaw thatthe“freeway problem”canbesolvedby modifyingtherouter
to exaggeratéts view of thelinks undegoingtransitionfrom free- owing to congestedegimes,
sothatit canreactin time to move travelersaway from thoselinks to avoid thecongestionThis

solutionwastailoredfor this speci ¢ problem,however. If thereare otherrouting problems
that arediscoveredat a later time, the travel time reportingstratggy may have to be adjusted
again. Suchadjustmentgouldcon ict with the currentmethod,bringing backthe problemof

emptyfreewvayswith congestedideroads.For example,vehicleswhich areearlywithin atime

bin—the rst of the four abore cases—hae not beenlooked at yet. One would like a more
robustsolution,which canwork evenif awsexistin therouteror thefeedbacksystem.Sucha

methodwill be presentedn the next chapter

4.6 Summary

This chapterpresentghe mostbasicversionof feedbackbetweenthe physicaland strateic
layers. It usesthe routing moduleandthe mobility simulationmoduledescribedearlier with
simpletext-basedles usedto connectthe modules. Testingresultsshav thattherearesome
problemswith the feedbacksystemwherethe dynamicscanamplify the router's view of con-
gestion.Theseerrorsin theroutersview canbereducedatthe probablesxpenseof addingnew

ones.Thesearchor arobustfeedbacksolutionthatcandealwith imperfectmodulescontinues
in the next chapter
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Chapter 5

Plans Selectionand Feedback: MySQL
Implementation

5.1 Motivation

Thepreviouschaptershavedthe problemsthatcanoccurwith the basicfeedbacksystemwhen
an external stratey generatiormoduledoesnot always producegood stratgies. Above, the
routersometimesnakeserrorsin the routesit generatesTheseerrorscanbe avoidedby mod-
ifying how the routeroperatesbut suchsolutionsarelik ely to be speci ¢ to particularerrors,
anddonot x theoverall problemof occasionabadstratgiesin arobustway. Whatonewants
is agenerakolutionthatworksevenif aws existin the modulesor thefeedbacksystemitself.
This chaptempresents possiblesolution.

5.2 Theldea

5.2.1 Multiple Plansper Agent

In the TRANSIMS-basedeedbacknethodof thelastchapterall agentsforgot” (i.e.replaced)
their previousrouteswhennew oneswerecreatedon the assumptiorthatthe nev oneswere
alwaysbetterthantheold ones.But, if therouterthatgeneratethemis awed,or notobtaining
the properinformation, this might not alwaysbe true. So, nhow eachagentis givena memory
of its pastroutes(plans),andthe outcomeof thosedecisions(performanceof plans). Nagel
(1994/95,1996)presente@arlyversionsf thisidea.An agentmaychoosets routefrom those
availablein its memorybasedon the memorizedperformanceof thoseroutes. New, untested
routesfrom therouteriterationaregiventop priority, but if anagenthastriedall of his/herplans
before,thenhe/shechoosesneby comparingtheir performanceralues. This stratgly means
that morethanthe original 10% replanningfraction of the agentswill changetheir plansat a
giveniteration. Thesechangewill be*“informed” decisionsthough—notandomexploration.

5.2.2 Scorels Travel Time

Giving the agentsa memory meansthey mustbe given a way to selectbetweenthe remem-
beredroutes. This shouldbe donebasedon someevaluationof thatroutethatis basedon the
outcomeof thesimulation,andshouldbedonein away thatmakesmultiple routescomparable.
Herethe travel time of the routeis usedasa measureof the performance(i.e. score)of that
route. Routeswith highertravel timesareconsideredvorseplans,andthosewith lower times
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consideredetter Agentscancomparehe scoref rememberedoutes,andchooseonebased
on performancanformation(i.e. lowesttravel time), without knowing anything elseaboutthe
routes.

For agivenplan,thesystemcan nd its scoreby measuringhetotal time takento traverse
the route. This is accomplishedby modifying the read-ezentsevent-parsingscript so that it
createsa second le that lists the arrival times of eachvehicle at its destination. Coupled
with the (known) startingtimes of the travelers' routes(in the “start.time” eld of the Plans
table—sedrig. 5.1), this information enableghe systemto calculatethe total travel time of
eachtraveler's plan.

Theideahereis thatonedoesnotneedto x therouterto be perfect,aslongasit generates
reasonableoutesmostof thetime. Onecanusethe original routerandtravel time reporting
stratgjies (averagedtravel times and non-ofset time bins), and still get behaior that makes
sense.

5.2.3 MySQL Data Storage

Now the agentdatabasds introducednto the iterationframework to give the agentamemory
of their plans. This versionis an actualrelationaldatabasémplementedn MySQL, anopen-
sourcedatabasenanagemenrgystem.

Agent's routesarestoredin the databasastext strings,alongwith theidentifying number
of their correspondin@gent,andthe givenstartingtime of the plan. The databasalsostores,
for eachplan, the mostrecentlymeasuredravel time (score)madeby the agentfor thatplan;
anda ag that,whentrue, marksthe planasbeingthe oneusedby its agentin the mostrecent
micro-simulation. Thatis, the ag marksthe planthatshouldbe updatedwith the new score.
For new, untriedplansgeneratedby therouter thetravel time is consideredo be zero(the best
possibletravel time), sothatthe agentis forcedto alwayschoosethat plan next. SeeFig. 5.1
for anexampleof how the databasstoresnformation.

5.2.4 Probabillistic Plan SelectionBasedon Score

The only detail left out of the above explanationis how the performance(total travel time)
informationis usedby theagentdo chooseheir planfor the next iteration. Eachagentuseshe
following probabilisticmodelto selectfrom its plans: Therelative probability, P, of choosing
agivenplani (outof p plans)for anagenta is:

P(tta;) == exp( tta;i) (5.1)

where is anempiricalconstantandtt ,; is thetotal travel time known by agenta for its plan
i. Thisis equalto a standardnultinomiallogit modelfrom discretechoicetheory(Ben-Akiva
andLerman,1985)andresembles Boltzmanndistributionin physics.

Eq. (5.1) is only arelative probability; in orderto have the probabilitiesfor all p plansof
agenta sumto 1, the probabilitiesmustbe normalized Let P bethe normalizedprobability:

xXP
P(tta;i) = P(tta;i): P(tta;i) .

i=1
Next, the cumulative probability sumsarecalculated:

Xi
SCa;i = p(ta;j) .

j=1
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agent | plan.num | is_.new | starttime plan
1 1 0 25200 | <textstring1>
1 2 1 25200 | <textstring2>
2 1 0 25380 | <text string3>
(a) Planstable.
agent | plan.num| travel_time agent | plannum| ag
1 1 462 1 1 1
1 2 0 1 2 0
2 1 1047 2 1 1
(b) Travel timestable. (c) Flagstable.

Figure5.1: Exampleof tablesusedin the MySQL agentdatabaseThe“agent”and“plan_.num”
elds arecombinednto theprimarykey for all threetables.ThePlanstablerecordsall theplans
in theagents'memory The“plan” eld containsatext stringconsistingof link identi ers and
otherinformationthatthe routeroutputs. The “start time” eld indicatesthetime (in seconds
sincemidnight)theagentbeginsits trip; thisis usedlaterto calculatethetrip’'stravel time. The
“is_new” eld is usedinternallyto updatethe othertwo tableswhennew plansareloadedinto
thedatabaseThe Travel Timestablestoreshe mostrecenttravel time (performancescore)for
eachplan. TheFlagstablerecordswhich plans(“ ag” = 1) have beenselectedor executionin
themobility simulation,andthereforewhich plansto updatewith new performancenformation
afterexecution.

Agenta now draws arandomnumberr 2 [0; 1). It thenchooseglani suchthatSC,; is as
largeaspossible put is lessthanr :

SCa;i <r SCa;i+l .

The endresultof thesecalculationss that agentsare mostlikely to choosethe plan with
the highestperformancesecond-moslik ely to choosethe plan with the secondhighestper
formance etc. Sincea plan's performances overwrittenby new tries of thatplan, if the plan
improvesits performanceijt is morelikely to be chosenin the future. If its performancede-
gradesuponreusejt will betried lessoftenin thefuture.

Thevalueof determinesow likely it is thata “non-best”plan will be chosen.Higher
valuesof leadtowardthe bestplanbeingchosermoreoften, while smallervaluesprovide a
morerandomizecthoice.

For the Gotthardscenariothevalueof is chosensothatabout90% of the agentsjn the
initial iterationsat least,would choosetheir bestpossibleplan. In otherwords,only 10% (of
the 90%who werenot replannedn the currentiteration)areallowedto retry “non-best’plans.
Speci cally, is setto 3—éo (basedon averagetravel timesaround30,000sec. in the Gotthard
scenario) Thisallowstherelaxationto progressapidly in the earlyiterations,andgivesagents
theability to occasionallygive “non-best”plansthe chanceo improve.
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5.3 lteration Sequence

Otherthanthe additionof thedatabasetherestof the framavork remainghe sameasin Chap-
ter 4. The physicallayeris the parallelizedqueue-basedhobility simulation;the sameroute
generationrmoduleis usedasthe only modulein the strateic layer; les aretransferredin
TRANSIMS formats;only day-to-dayreplannings performed;anda Perlscriptis usedto con-
trol the iterationsequencewith AWK helperscripts. In addition,SQL scriptsarenow usedto
import/exportdatainto/outof theMySQL database.

Thenew iterationsequences asfollows:

1. The systemstartswith initial conditions,including the network, actwvities, and initial
routesbasecdn freespeedravel times. Theinitial routesarestoredin theagentdatabase
usingtheload-plansSQL script. Theusageag is setto truefor eachinitial plansothat
its agentmay laterassociatéhe performancef thatrouteto it.

2. The databasevrites the setof agged plans(one per agent)and the parallel mobility
simulationis run with thatsetof routes.It writesevents les thataremeigedtogether

3. In preparatiorfor the executionof the router the AWK helperscriptsread-eentsand
parse-link-timesare executedto translatethe eventsinto travel times. (PleaseseeAp-
pendixA.1 for amoredetaileddescriptionof thesescripts.) This is the modi ed version
of read-eventsmentionedn Sec.5.2.2.1t writesthe“endtimes” le, whichindicateshe
arrival time of eachagentatits destinationlink. At this point, the new “end times” le
is readinto the databas€usingupdate-t}, which subtractdhe starttime of eachagents

agged planfrom thatagents arrival time, andreplaceghe scoreof the agents agged
planwith theresult. Notethatthis only occursoneplanperagent—theone* agged” as
having beenusedin thelastiteration.

4. Therouteris executed;it readsthe network les, theinitial actwvities le, andthetravel
times le, andcreatemew routesfor a randomlyselectedl0% of the population. The
new routesarethenaddedo the agentdatabasevith theload-plansscript.

5. Now agentshooseheir plansfor the next iteration. Thosewho receved new routesau-
tomaticallychoosehose.Therestchoosea previouslytried routefrom theagentdatabase
by comparingperformancevaluesfor the differentroutes. This is donewith the output-
travel-timesscriptinstructingthe databas¢o performajoin operationonthetravel times
tableandthe ags tableandoutputthe resultingtable. This table containsthe agentiD,
theplanID, thetravel time andthe ag for eachplanin thedatabaseThis le isreadby a
script(pick-plans.ap-Bf) which usesthe travel timesinformationof eachagentto make
thechoiceof routethatagentwill usein thenext iteration. The choiceis madeaccording
to the logit modeldescribedn Sec.5.2.4. The scriptwritesa new le with updateso
the ags table,whichindicateswhich planswerechosen.Theread- agshasthedatabase
readthis le toupdatetheactual ags. Thesystemis now readyfor the next iteration.

6. Returnto step2, until the systemis relaxed. This takesabout50 iterations,aswith the
previousfeedbacksystem.

The resultis similar to a StochastidJser Equilibrium (SUE), but it is not the same. The
maindifferences thatin a SUE,theagentausealogit modelwith anexternallyspeci ed noise
parameteto selectbetweeroptionsof differentperformancewhile hereadditionalnoisecomes
from the simulation,i.e. from the uctuationsbetweenterations.
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Figure5.2: Gotthard: Freavay and side roadswith the agentdatabasenanagingfeedback.
As with the combined‘offsettime bins” and “maximum travel time” strateyy, the sideroads
areemptying,while the freeway containsvenhicles. This shawvs the agentdatabases a robust
solutionto thefreeway problem.

5.4 Gotthard ScenarioResultswith the Agent Database

Figure5.2 shaws the resultsof usingthe original routerand mobility simulationtogetherwith
the agentdatabase.As one can see,the freeway problemis avoided when the agentshave
memoryof their plans.If therouterstartsputtingtoo mary agentson the sideroads,someuwill
eventuallytry out anold planthat usedthe freewvay and nd thatit hasa goodperformance,
sowill likely usethatplanagain. As long asthey remembeioneor moreplansthatutilize the
freaway, the agentscandecidefor themselesto useit, bypassinghe sideroadchoiceof the
router

This statementanbe generalized:The agentdatabasés ableto compensatéor a router
thatgeneratesome“bad” routes.Assumethattherouterproduces fractionf g Of badroutes.
In thebasicimplementatiorof Sec.4.2,thefractionof badroutesin thesystemwill bethesame
numbey f 9. With the agentdatabasesuchbadroutesareonly usedwhena traveler obtains
themfor the rst time. Thereforethefractionof badrouteswill bef pagfepian, Wheref gpjan is
thereplanningfraction,usually10%. Clearly, in this casebadroutesaresuppresseby afactor
of ten. Thus, the agentdatabaseyivesan added e xibility androbustnesdo the system,so
thatevenwith a awedrouteror feedbackmechanismtheresultscomeout satisactorily. The
chosernvalueof seemedo work well, but futurework will likely needto exploretheoutcome
of othervaluesfor this constant.

5.5 Discussion

In this chaptey the “freeway problem” discoveredin the previous chapterhasbeensolved by
addingthe agentdatabaseo the framewvork, which givesthe agentsa memoryof their plans,
andallows themto scorethoseplansbasedn their performancen the mobility simulation.
The “freeway problem”in the previous chapteris at leastpartially dueto the factthatthe
routeraggrgatesperformancef all theagentdnto its view of the network. Individual agents'
plansmay encountedifferentresultsthanwhat the router“thinks” will happento them. By
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allowing theagentgo havetheirown view of the performancef theirown plans,andamemory
of thoseplansto recall pastattemptsthey canwork aroundthe differencesn the view of the
systembetweerthemselesandthe externalmodules.

Chapter7 presentsomereal-world results aswell assomeperformancenformationfor this
feedbacksystem.Onecanseetherethatthe systemtakesmoretime to performeachiteration
thanthe last, dueto the increasingnumberof plansstoredin the databaset eachstep. Data
for every plan mustbe processedby the scriptsin the plan selectionstep(output-travel-times
andpick-plans.&p-B1), eventhoughonly oneplanperagents of interest.This problemlimits
the scalabilityof this solutionto highernumberof agents However, if theagents'memorywas
limited to amaximumnumberof plans,theexecutiontimeswould have anupperboundandnot
continueincreasinguntil in nity . Evenso,thereis still alarge overheadassociateavith writing
out database¢ablesinto les for scriptsto read. This could bereducedy having a moredirect
interfaceto thedatabasepr examplea connectiorto a C++ or Javaprogramthatdoesthework
theindividual scriptsdo now.

However, thefeedbacksystemdepictedhereis notreally suitedto anagent-basegroblem,
becausat dividesthe agentup amongdifferentplacesin the system. For example, activity
replanningstill needso be addedto the system but with TRANSIMS les, the actwity infor-
mationis storedseparatelyfrom route information. This meansthe databasevould have to
have separateablesfor the actiities andthe routes,andtherewould be dif culties in assign-
ing scoresto separateoutesandactuities thataresupposedo be part of the sameplan. One
would like to have all the datadescribingcompleteplansfor eachagentin oneplace,for eas-
ier delugging,andbettersupportof activity chaining,andto achieve the stateof being“truly
agent-basell wherethe agentis in chage of itself and maintainsits own perceptionsplans,
etc.

Unfortunately with a relationaldatabasestoringall the datafor a given agenttogetheris
dif cult todoefciently duetothevariable-lengtmatureof plans.In thecaseof thisframawork,
thereis a large numberof agents.eachof which hasa variablenumberof plans,andeachof
thosehasa variablenumberof actvities andtrips, eachof which hasa route descriptionof
variablelength. Sinceplansfor a particularagentare added/remweed one by one, this means
thatthe plansof anagentarespreadutin memorywithin the databaseagainresultingin slow
performance.

The next chapterproposessolutionsto improve the “agent-orientationof the framework,
andgetpastthe awkwardrelationaldatabase.
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Chapter 6

Plans Selectionand Feedback: C++/XML
Implementation

The previous chapterintroducedthe agent databasanto the feedbacksystemto give agentsa
memoryof their pastplans. The agentdatabasealsoallows agentsto recordscoresfor plans
basedn their performancen the physicallayer, selectamongmemorizedplansbasedn their
scoresandobtainnew plansfrom the externalstratgy modules.

6.1 Motivation

Up to now only the routermodulehasbeenusedin the feedbacksequenceandagents'plans
containednly asingleroute.Now, however, actvity replanningmodulesneedo beintroduced
into thestratgy layer Thismeangeplanningcanalterboththeactivitiesandtheroutes.Using
actiity replanningdoesnot make muchsensevhenall the agentsmake only onetrip perday;

sincetherearenotmary decisiondo make, otherthandeparturéime,anddeparturg¢ime choice
is not new. So,the systemnow needgo be ableto handlemorethanonetrip peragent.Some
peopleconductmorethantwo actwvities perday, andeven peoplewith justtwo actwities (e.g.
“home” and“work”) tendto returnhomeafter work is over. This changecreatesmary new

requirementgor theframework:

1. Thephysicallayermustsupporiactvity chainingfor feedbacko make sensevith actvity
planning. Otherwise the actiity replanningmoduleswill not noticewhenagentshave
problemsperformingactwvities dueto delaysfrom thetransportatiorsystem.

Achieving this requirements outsidethe scopeof this dissertationbut (Cetin, 2005)
describesiow the mobility simulationsupportschaining.

2. Similarly, thefeedbacksystemneeddo supportactvity replanningoy includingthe per
formanceof actwvities into the scoreof theplan.

3. Onemustbe ableto add(possiblyexperimental)actiity replanningmodulesto the sys-
temwithouttoo muchdif culty .

4. Theagentdatabasenustnow keeptrackof agents'actwities,includingmultiple actwities
androutesperagent.

Requiremen® above meansagentsanno longersimply usetravel timesof singleroutesas
planscores.Scoringa planbasedonly onits trips ignoresthe purposeof the trips, which is to
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performactiities at variouslocationsthroughouthetransportatiorsystem.Sec.6.2.3presents
anew way to scoreactvity-basedplans.

RequiremenB is madesomaeavhat dif cult by the fact that the TRANSIMS le formats
usedup to this pointspreaduttheinformationaboutanagentover several les: demographic,
actwities androuteinformationareall storedseparately This meansthat moduleswhich use
morethanonetypeof informationmustlook in differentplaceso nd it, andmustsupporteach
le format.In addition,theTRANSIMS le formatsareratherin e xible. Shouldamodulewish
to storeinformationaboutan agentthatis not storedin one of the TRANSIMS le formats,
eitheranew typeof le would have to be createdo storethe information,or the formatof an
existing le would have to be “broken” to addthe informationto it. Theformeroptionwould
spreadout agentinformation even further; the latter would meanthat even existing programs
that do not requirethe new informationwould not be ableto readthe les unlessthey were
updatedo handlethe new informationaswell. Sec.6.2.1presentsa differentsolutionto this
problem.

Requiremend is themostdif cult changeo make. TheMySQL databasevill haveto store
avariablenumberof actiity androutestrings. This will make the databaséayoutmuchmore
complicatedthanwas presentedn Chap.5, andthus more awkward to use. In addition,the
databasevould becomeslower sincemoredatawould have to bewrittento les in orderfor the
scripts(e.g.planselection}o accesst. Section6.2.2presenta solutionto this problem.

6.2 Theldea

This sectiondescribeshe solutionsto theabove problemswith the previousagentdatabasand
framavork design.

6.2.1 XML PlansFormat

Sofar, informationhasbeenexchangedoetweendifferentpartsof the framavork using les

basedon TRANSIMS formats. Thesewere chosenprimarily for compatibility with TRAN-
SIMS modules,which were originally going to be includedin the framevork. However, as
mentionedabove, these les causeagentinformationto be spreadaroundthe system,andthe
formatsthemselesaresomeavhatin e xible. Sincethe TRANSIMS modulesdid notendup be-
ing used(seeAppendixA.5), thereis no reasorto continueto usethe TRANSIMS le formats
if they nolongermeettherequirementsf the framework.

So,now anew le formatis createdwhichkeepsall theinformationfor anagenttogetheiin
oneplace,includinginformationabouttheagenttself, suchasdemographienfo (age,income,
etc.), and the actwities and routesinformation that describethe agents plans. This format
shouldbe e xible, so addingnew informationfor one moduledoesnot interferewith parsing
doneby othermodules.

XML (eXtensibleMarkupLanguage)s atechnologythathasseenincreasingpopularityin
recentyearsfor mary tasks,including dataexchange.lt is a “metalanguageWwhich is usedto
describeotherlanguages XML is usedto describethe “language”of agentsplans,actiities,
androutes—allthe informationthatneedso be availableto the modulesin the stratgjic layer
of theframework. Figure6.1shovs anexampleof anagentanda planin this new dataformat.

As onecanseefrom the gure, theformatis ratherintuitive, unlike the long lists of num-
bersthat make up TRANSIMS les. The format combinesall demographicdataaboutthe

thttp://www.ucc.ie/xml/
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<person id="393241" income="50000">
<plan>
<act type="h" end_time="07:00" x100="697150" y100="232790" link="5834" />
<leg mode="car" dept_time="07:00" trav_time="00:25">
<route>1932 1933 1934 1947</route>
</leg>
<act type="w" dur="09:00" x100="700650" y100="233980" link="5844" />
<leg mode="car" dept_time="16:25" trav_time="00:14">
<route>1934 1933</route>
</leg>
<act type="h" x100="697150" y100="232790" link="5834" />
</plan>
</person>

Figure 6.1: A typical planin XML. This agent,id 393241,leaves home (on link 5834) at
7:00AM, anddrivesto work via afour-noderoute( ve links) which it expectsto take 25 min-
utesto traverse. The agentstaysat work for 9 hours,thendriveshomeagainvia a two-node
route.(The“100” onthex andy coordinatdabelsreferto the 100x100meterblocksof census
information. Coordinatesrenotknown moreaccuratelythanthatresolution.)

personwith the planinformationlistedin Sec.3.1.1into oneplace,alsounlike TRANSIMS.
With this format, moduleshave accesgso the entireagentwhengeneratingolans,meaningthe
framework cansendplansto the mobility simulationin this formataswell. However, the main
advantageof XML is its extensibility (the “X” in its name). One can add additionalinfor-
mationto the format without breakingexisting parsers. For example,one could add a new

attribute to an object, suchas addingchildren="2" inside of <person ...> ; addleg
modessuchasmode="walk" ; or evenwrapthe <person>...</person> seggmentwith
<household>...</household> to grouppeopletogether In particular onecanaddin-

formationto only a subsetof agentsfor examplea formatto describea conditionalstratey
(AppendixA.2). Suchextensionsvould bevery dif cult to dowith TRANSIMS les.

It is importantto notethatthe principalunitsof descriptionarethe“person”(i.e. agent)and
the “plan” Any externalmoduleusingthe sameprincipal units will be ableto communicate
with the restof the system.This meansaddingnewv modulesto the systembecomesa simple
task,sinceall moduleswill readandwrite theexactsamele format.

Notethatthisformatsupportsany numberof actvities(<act ...> ), with theirassociated
legs(<leg ...> ),inaplan,aslongasthereis exactly oneleg betweereachconsecutie pair
of actwities within aplan.

Eventsin XML

At this point, it is not clearif events,transferreetweerthe mobility simulationandthe com-
ponentsof the stratgy layer, shouldremainin the TRANSIMS-basedormator be corverted
into an XML format. Thereare someperformanceadvantagedo the former, but in the long
runthiswill probablybe outweighedy the e xibility advantage®f thelatter An XML events
formatroughlylooksasfollows:

<event time ="."  type= "leave_activity " agent_id ="." location ="." />
Notethatsuchaline is generategdeparatelyor eachevent.
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6.2.2 In-Memory Databasewith C++
6.2.2.1 Problemswith MySQL

Moving to actuities replanningmeanghe agentdatabasenustkeeptrack of agents'actwities,
includingvariablenumbersof activities androutesperagent.Thesechangesrelik ely to make
theMySQL databasenoreawkwardandslow to use.

However, the XML dataformat describedabose would seemto take careof someof the
compleity problemsby remaoving the needfor the agentdatabaseo storeactiity androute
informationseparatelywhichis requiredwhenwriting to TRANSIMS-format les.

In addition, the speedof the agentdatabaseould be increasedoy having a more direct
interfaceto the MySQL databasesatherthanwriting datato les at every step. For example,
onecouldalterthePerlcontrolscriptto extractinformationdirectly via aMySQL programming
interface,but this new scriptwould alsohave to performthe work of the otherhelperscripts.
Onecoulduseother more“high level” languagesor this, aswell, suchasC++ or Java.

Sucha systemwould still divide theagent:the behaior (i.e. planselectionscoring)would
be separatdrom the data, which would be storedin the relationaldatabase.A truly agent-
basedsystemshouldgrantevery agentcontrolover itself andits data(i.e. its perception®f the
ernvironmentandits decisionson how to actuponthatenvironment).

6.2.2.2 A More Agent-Oriented Approach

Object-orientedlatabasgechnologyis onepossiblesolutionto this problem,asit storesdata
andthe procedureshatacton thatdata(i.e. behaior) groupedtogetheras“objects, andpro-
videswaysfor programgo accesshoseobjectsandcall upontheirbehaior. However, available
object-orientedlatabasenanagemergystemsarenotknown for beingsimultaneouslyastand
large-scale.In addition,for the purposesof this work, mary propertiesof databasessuchas
guaranteein@ consistenstateof the datastoreaftera crash,arenotrequired.

So, now the agentdatabases mademore agent/object-orientedyut no longer storesthe
datain any externaldatabasenanager Instead,it storeseverything(the agentobjectsalong
with their plan objects,etc.) “online” within the computers RAM (randomaccessnemory),
not botheringto storedataon disk unlessnecessary This way, accesdo the objectsshould
be fasterthanextractingthemfrom an externaldatabasérelationalor object-oriented) Since
the agentdatabaséasthe only accesdo the datain its own memory the operationgormerly
performedby helperscriptsmustbe meigedinto the agentdatabase.

This idearequiresa completelynew implementatiorof the agentdatabaseC++ wascho-
senfor the implementationasit supportsobject-orientedorogramming,alongwith the STL
(StandardTemplateLibrary) for maintainingthe datastructures.This allows the programto
implementa“Person”classwhich containsoneor moreinstance®f a“Plan” class.EachPlan
containsa sequencef “Activity” andand“Leg” classinstancegobjects),andeachLeg con-
tainsa “Route” object.In short,theinternalrepresentatioof the datais structuredn thesame
way asthe XML plansformat(Sec.6.2.1). Sincethe STL is used.,it is straightforvardto, say
addor remove a Planto or from a Person.Also, sincethe whole agentdatabaseés written in
C++, it is straightforvard (andfast)to do computationsuchasplansselectiorbasedn alogit
model.

Sincethe agentdatabas&eepsall datain volatile computermemory the programmust
continuerunningduringall cyclesof theiterationsequencédescribedn Sec.6.3)in orderto
maintainthe data. Becauseof this, it makessensedo let the C++ agentdatabaseake over the
control of the iteration sequence.This meansthe agentdatabasenow executesthe mobility
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simulationandthe externalmodulesy itself.

The ideal complementto this new agentdatabasemplementatiorwould be to have the
externalmodules andeventhe mobility simulation,exchangeplansandeventswith the agent
databaselirectly, i.e. via the networking capabilitiesof the computer(s) Thisideawould avoid
the slow bandwidthconnectiorto disk storageall togetherexceptfor nal results,checkpoint
data,etc.). SeeSec.10.2.4for further discussionof this idea. At presentmodulesare still
coupledwith les.

6.2.2.3 NewFeatures

The new implementatiorof the agentdatabasdéasseveral new featuresabsentin the MySQL
version.Someof thesefeaturesaredescribedn thefollowing.

6.2.2.3.1 PlanPruning ComputeRAM is morelimited thandisk spacesoagentsaregiven
the ability to remove plansfrom memory andthe (systems) userhasthe optionto de ne a
maximumnumberof plansagentsareallowedto store.Limiting the numberof plansperagent
hastheaddedadvantageof makingcertainoperation®nthedatabaséave constantime rather
thanlineartime. SeeChap.7 for moreinformationaboutthesesteps.

6.2.2.3.2 RandomizedPlan Selection During planselectionagentsnow have the opportu-
nity to occasionallychooseheir planat random without regardto planscores.Thisis doneto
forceagentdo re-evaluateexisting plansfrom time to time, evenplanswith badscores.

6.2.2.3.3 Score Averaging Whenanagentreusesanexisting plan,theplan'spreviousscore
is no longerforgotten,but is now averagedwith its new score. This allows the agentto base
plan selectionon the plan’s history andnot only on the lastiteration. The agentaverageshe
scoresaccordingo:

S=@1 ) S+ S (6.1)
whereS; is the storedscorefor planp, Sg is the newly calculatedscore,and (2 [0;1])isa
blendingfactor With = 0thenew scoreis ignoredandtheagentdoesnotlearn.With =1

theplan's historyis neglectedithisis the sameasthebehaior asin the previousagentdatabase
implementation.

Notethata planfrom theinitial plansethasno history, soits S, is unde ned. In this case,
theagentsimply assignghenew scoreto the plan:

Sp = S (6.2)

This scoreaveragingtechniqueis a simple mechanismto permit agentsto learn about
their plans' performanceover time. Timmermanset al. (2003) discussesnore sophisticated
approacheto agentlearning.

6.2.3 Scoringis Basedon Utility Function

In orderfor agentsto comparetheir plans,they mustassigna quantitatve scoreto the actual
performanceof eachplan. In the previous chapter agentsusedthe travel time of their trip as
the performancaneasuref thattrip. Thisworkedwell for plansthatcontainedonly onetrip,
but with the additionof multiple actwvities andtrips, somethingmoreis neededo re ect the
performancef theentireplan,andnotjustthetravel componenbf it.
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In principle, nearlyary arbitrary scoringschemecanbe used,suchasprospectheoryby
Avineri and Prashler (2003). The approachusedhereis a utility function basedon the Vick-
rey bottleneckmodel (Arnott et al., 1993), but modi ed to be consistenwith completedaily
plans(CharyparandNagel,in press).

Theutility functionuseds describedn detailin CharypamandNagel(in press).For thecon-
venienceof thereaderit is summarizedhere thoughit is sufcient to recognizehatperforming
actvitiesis rewarded andtravel, earlyarrival, andlatearrival arepunished Theutility function
essentiallftranslateshelayoutof the planinto a numericalvalue,which canbethoughtof asa
scoreor anactualvaluein monetaryterms.As such,utilities aremeasuredh euros(EUR or o )
in orderto work in “real-world” units. In theformulasbelow, timesanddurationsaremeasured
in hours.

An agentcalculateghe utility of a plan basedon the eventsproducedrom the execution
of thatplanin the mobility simulation. Thereareseveraltypesof events;the typesthatare of
interestwhenscoringplansare“leg departure’and“leg arrival,” which indicatewhenanagent
startsand endstravel, respectrely, and whenan agentleavesfrom and arrives at an actiity
location, respectirely. If anactvity locationis “alwaysopen; i.e. an agentmay performthe
actwity thereatary time of day(suchasthe“home” actwity), thentheagentbeginsperforming
theactiity immediatelyuponarriving there,andstopsperformingit attheinstantof departure.

However, if anactvity hasopeningandclosingtimes, suchasa shopor certainwork lo-
cations,thenthe agentcanonly performthe actiity while the locationis open. For example,
an agentcannotperformthe “shopping” actvity the shopis closed. If anagentarrivesat the
locationbeforeit openstheagentsimply waitsfor it to open,andstartsperformingthe activity
then. In this case the agents “activity start” time is differentfrom its “leg arrival” time; the
differencds thedurationof time spentwaiting. Similarly, anagentthatdepartdrom anactity
locationafterit closesmustwait therefrom thetimeit closesuntil theagenteaves.In thiscase,
the agents “activity endtime” is differentfrom its “leg departure’time; the differenceis the
durationof time spentwaiting.

In principal, the actvity generatiormodulesshouldnot allow agentsto wastemuchtime
waiting atactuity locationswhenthey couldbe performingsomeotheractvity, but the scoring
mechanisnmusttake the possibilityinto accouninonetheless.

Theutility of anagents planis the sumof the utilities for eachactvity andeachleg in that

plan:
x x
Uplan = Uacta (tstar tas lend:as dwait;a) + UIeg;l (ty avel;l) ; (6.3)
a=1 1=1

where
Upian is theutility of agivenplan;

n is the numberof actwvities in the plan, which is equalto the numberof legs (i.e. uni-
modaltrips betweeractvities);

Uacta IS theutility of actwity a;
tstar ta IS thetime theagentbegins performingactvity a;
tend:a IS thetime theagentstopsperformingactiity a;

dwaita IS the durationof time the agentspendswaiting at the location of actvity a (as
opposedo performingit—seebelow);
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Uieg is theutility of leg|; and
tir aver IS thetravel time of leg .
Theutility of anactwity is composeaf severalcomponents:
Uacta(tstartas tend:as Owaita) =  Uperf:a(tenda  tstarta)
Uwait;a (Qwait;a )

UI ate;a (tstar ta )
Uearly;a(tend;a)

Ushort;a (tend;a tstar t;a) ; (6-4)

+ + + +

where
Uperf :a IS theutility earnedor performingactiity a;

Uwaita IS the (dis)utility earnedfor waiting at the location of actiity a insteadof per
forming the actiity;

Uiate:a 1S the (dis)utility earnedor arriving late at actwvity a;
Uearly:a IS the (dis)utility earnedor departingearlyfrom actwity a; and
Ushort:a IS the (dis)utility earnedor performingactiity a for too shortatime.

Theutility earnedor performinganactuity is alogarithmicfunctionof thedurationof time
spentperformingtheactvity (e.g.,Axhausen1990b):

Joers -
Uperf;a(dperf;a): perf da In %f,a ; (6-5)
a

where
doeri:a  Ois thedurationof time the agentspendsactuallyperformingactvity a;

d, Oisthe“typical” durationof actvity a;

vert  Oisthemaminal utility of performingactvity a for adurationequalto d,; and

do.a 0 is the value of dyer.a WhereUpei.a Crosseshe @ 0 axis. Longer durations
producepositive utilities while shorterdurationgproducenegative utilities.

With a daily actvity plan,agentanayallocatetheir time throughouthe dayto performing
whichever actvities they wish. With the above logarithmicform for Uyt .2, the agentseems
to earnmoreutility thelongerit performsactvity a, with no limit, althoughthe maginal util-
ity (slopeof Uyert.a) decreasewvith longerd,ei.a. However, a typical actiity plan contains
multiple actwvities, andis limited in time to the repetitionperiodof the simulationsystem,as
mentionedin Sec.3.1. Theseconstraintan factdo limit the time an agentmay spendat an
actwity (for example,nolongerthan24 hours,minusthetime it takesto travel to the otherac-
tivitiesin the plan). As such,the optimal utility for a plan(assumingio othertime constraints,
suchas openingand closing times for shops)is found whenthe U5 for all the actiities
(a = 1;:::;n) have thesamemaginal utility; i.e. whenthey arein equilibrium To illustrate,
supposehereexists a plan containingtwo actwvities, A andB, whereactiity A hasa higher
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mauiginal utility thandoesactvity B, andwhereall the availabletime for the plan hasbeen
distributedamongthesetwo actvities, leaving no freetime. This planis notin equilibriumbe-
causdoy thede nition of mamginal utility, theagentcanincreasats total performancautility by
allocatingmoretime to actvity A, deallocatinghe sametime from B to staywithin theplan's
constraintsOnly whenthe maginal utilities areequalwill thisnotbepossible.

Thevalueof e isthesamefor all actvities; this providesthepropertythatin equilibrium
the performancelurationsfor the variousactvities have the sameratiosasthed,:

d

dperf;i =3 I,j 2 [1; n]: (66)

Opertj G

Thescalingparametedy, is relatedbothto theminimumdurationandto theimportanceof
anactvity. If theactualdurationfalls below do.5, thentheutility contribution of performingthe
actvity becomesegative,implying thatthe agentshouldcompletelydropthatactivity. A do.a
only slightly lessthand, meanshatthe utility of actiity a rapidly decreasewith decreasing
dperf .2, IMplying thatthe agentshouldrathercut shortotheractvities wherethe utility doesnot
decreasasquickly whenreducingtheir duration. Theformulafor dg.4 IS:

d();a = da e =(da pa) , (67)

where is a scalingconstantetto 10 hours,andp;, is a priority indicator heresetuniformly
to one. Note that with this speci ¢ form, Uperr.a(dy) = pert , independentf the activ-
ity type. This “consequencefs actuallythe motivationfor the speci ¢ mathematicaform of
the activity performancautility contribution, which wasusedbecauseno betteragumentwas
available(CharyparandNagel,in press)futureresearctshouldleadto betterversions.

* % % * %

An agentthat waits at an actvity location (eitherfor it to open,or to leave it afterit has
closed)earnsa (dis)utility de ned by:

Uwait;a (dwait;a) =  wait dwait;a ; (6-8)

where ..t  0isthemaminal utility of waiting, anddyaita O is the combinednumberof
hourstheagentwaitsatthelocationof actuvity a.

An agentalsohasthe option of waiting at the actvity locationinsteadof performingit, if
theperformancautility becomesery low. To preventnegative valuesfor Upes -a, thefollowing
correctionis madeto the performancautility:

Uperf a maX(Uperf;a; wait dperf;a); (6-9)

which meansthe agentwaits at the actity locationfor the entiretime it is there,ratherthan
performingthe actity.

* % % * %

Someactvities (suchaswork or amovie) have alimit onhow lateonecanbegin performing
them, and penalizeagentswho begin after that limit. For example,somejobs requiretheir
emplogyeesto begin work by 8:00 AM. Any agentwho startsperformingactiity a afterthe
lateststarttime for thatactwity, taesta (if it is de ned), earnsa (dis)utility de ned by:

Ulate;a(tstart;a) = late (tstart;a tIatest;a); (6-10)
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where 4 0 is the mamginal utility of arriving late andtg,, 4 IS the time the agentstarts
performingactuvity a.

* % % * %

Similarly, anactiity a canhave anearliestdeparturdime teariesta de ned, which causes
theagentto suffer a penaltyfor departingthe activity locationbeforethattime. An agentwho
stopsperformingactivity a beforeteariiesta €arnsa (dis)utility de ned by:

Uearly;a(tend;a) = early (tearliest;a 1:end;a); (6-11)

where ¢y 0is the maginal utility of leaving early andtenq.a is thetime the agentstops
performingactuity a.

* % % * %

In addition,an actvity a canhave a minimum durationdnn.a 0 de ned, which causes
theagentto suffer a penaltyfor not spendingenoughtime performingthe actiity; thisis inde-
pendenbf theutility of performingtheactvity Uyer . An agentwhosedurationfor performing
actvity ais lessthandy,n., earnsa (dis)utility de ned by:

Ushort;a(dperf ;a) = short (dmin;a dperf ;a) ; (6-12)

where sport  Oisthemanminal utility of shortperformancelurationanddyerr.a O, asabove,
is theamountof time the agentspendgerformingactuvity a.

* % % * %

The nal componentf theutility is the (dis)utility of traveling, de ned as:

Uleg;l(ttravel;l) = travel ttravel;l; (6.13)

where  avel 0 is the maminal utility of traveling, andty v iS the numberof hoursthe
agentspendgravelingduringleg .

6.3 lIteration Sequence

The iteration sequenceas similar to that usedin the previous implementation but with the
modi cations mentionedabove. The framework still treatsonly period-to-periodeplanning,
with eachperiod correspondingo a 24-hourday During the sequenceall plansarewritten
andreadby all modulesusingthe XML plansformat; the agentdatabasestoresthe plansin
memory with a limit on the numberof planseachagentmay store;andscoringis performed
usingtheutility functionalreadydescribed.

Themaindifferenceto the previoussequencés thatnow theactuity time allocatormodule
is addedto the feedbaclkcycle, which allows agentso modify their activity timing (but not yet
the“pattern” of actwities or their locations).

Thenew iterationsequenceés asfollows:

1. Initialize: Startwith initial conditions:

A network le (in theXML network format),describinghe nodeandlink structure
of thetransportatiometwork.
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An initial plans le (in the XML plansformat),containingeachagentin the popu-
lation, with exactly onecompletelyspeci edplanperagent.

Theagentdatabaseeadstheinitial plans le, creatingtheagentsandloadingtheir plans
into their memoryasspeci ed by the le. Sinceeachagenthasonly oneplan,it marks
that one as “selected, indicating it haschosenthat plan for executionin the mobility
simulation.

. Simulate The agentdatabasenvrites the setof agentsandtheir selectedpblans(one per
agent)to a le. Theparallelmobility simulationis run with this le asinput. It executes
all theplanssimultaneouslyandwritesevents les thatarememgedtogetherinto one le.

. Calculatescoresfromevents Theagentdatabaseeadsheresultingevents le andsends
eacheventto the agentidenti ed within it. Eachagentusesits eventsto calculatethe
new scoreof its “selected’plan—theoneit mostrecentlysentto the mobility simulation.
New planscoresarecalculatecasdescribedn Sec.6.2.3,andareaveragedwith old plan
scoresasdescribedn Sec.6.2.2.3.3.

. Plan pruning As describedn Sec.6.2.2.3above, the agentdatabasenaylimit the num-
ber of plansagentscanstorein memory If the maximumnumberof plansper agent,
Nyians, is de ned, thenary agenthaving a numberof plansP > Nyans in its memory
deleteshe(P  Npans) planswith thelowestscoresn this step. Note thatin the steps
following this one,anagentmay obtaina new plan. Whenthis happendo anagentthat
alreadyhasNpjans plans,it temporarilykeepsNans + 1 plansin memoryuntil the new
planhasbeenscored.Then,in this step,it deletegheworstplan (evenif it is the newest
one).Thus,theagentwill have only Nans to choosdrom whenselectingrom old plans.

. Seleciplans Eachagentdecidesvhich planto selectfor executionby the next mobility
simulation. It choosedrom the following selectionoptions,accordingto the indicated
probabilities:

() (pimes ) Timesand routesreplanning The agentsendsa random“template” plan
(choserwith uniform probabilityfrom amongits existing plans)to the actiity time
allocatormodule. This module“mutates”the durationsand/orendtimesof all ac-
tivitiesin theplanasdescribedn Sec.3.3.3.1andreturnstheupdatedplan. Sec.6.4
explainshow the agentdatabasésends”plansto a module. The new actiity times
mayin uence the (time-dependentputesin theplan,sothe planreturnedrom the
actwity time allocatoris thensentto the routerfor route replanning,asdescribed
in the next step. Whenit comesbackfrom the routet it is placedinto the agents
memoryandthe agentmarksit as“selected. For purpose®f scoreaveragingthe
agentestimateghe scoreof this plan (asit will be changedandhave an unknovn
score). This estimatecanbe calculatedn mary ways; at presenit is taken asthe
scoreof the bestplanin theagents memory

(b) (proutes) Routesreplanning The agentsendsa random*“template” plan (chosen
with uniform probability from amongits existing plans)to the routermodule. The
routerreplacegheroutesin thatplanwith nev onesbasedon thelink travel times
calculatedrom theeventsdataoutputby themostrecentmobility simulationrun(as
describedn Sec.3.3.3.2),andreturnsthe updatedplan. Sec.6.4 explainshow the
agentdatabasésends”plansto a module. The new planis placedinto the agents
memory the agentmarksit as“selected, andgivesit a scoreestimatebasedn the
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bestscoreknown so far. Note that now a total fraction of Pgmes + Proutes Of the
agentswill have planswith new routes,while only psimes Of themwill have plans
with new times.

(c) (prng) Randonselection Theagenpicksaplanwithoutregardtoits score choosing
onewith uniform probability from amongits existing plans. The agentmarksthis
planas“selected.

(d) (Rest)Probabilisticselection Theagentpicksanexistingplanfrom memory choos-
ing accordingto probabilitiesbasedon the scoresof the plans,in the sameway as
describedn Sec.5.2.4,thoughthe scorevaluesareno longertravel times.In short,
theprobabilitiesarecalculatedik e in amultinomiallogit model,andareof theform

pl/ e,
wherep; is theprobabilityof choosingplani, S; is thescoreof theplan,and isan
empiricalconstant.

6. Repeat Returnto step2, until the systemhasreacheda relaxed state. The numberof
iterationds abouts0for routereplanningonly, but asis shavnin Sec.6.5,moreiterations
arenecessarywhenactvity time allocationis replanned.

6.4 Interface to External Modules

Now the agentan theagentdatabaseancall uponmorethanoneexternalmodulefor replan-
ning. The XML plansformat providesa commonstandardior communicatiorbetweenthe
modulesandthe agentdatabaseThe actualmechanisnwherebythe agentdatabassendsand
recevesplansis describedhere.

The modulesneedto be calledin a certainsequencén orderto make the systemrun. For
example,choosingnew actuity locationswill necessitat@ew routesto andfrom the changed
actwvities, so the route planningmoduleshouldbe called sometimeafter the actiity location
moduleis called. But routesand activity timesdo not (strictly) dependon eachother so it
would be possibleto make callsto eitherthe actwvity time choicemoduleor therouteplanning
modulewithout calling the otherone,or call thembothin anarbitraryorder

Thelist of availablemodulesis assumedo be known to the agentdatabaseaswell asthe
dependencielsetweerthem,andthatthedependenciesanbeful lled withoutcallingmodules
in a“circular” order

How the agentdatabasénterfaceswith anexternalmodule:

1. The agentdatabasebasedon somebehaioral model, andthe information aboutwhat
dependenciesxist betweermodules selectsagentsvhich areup for replanningon some
level Eachagentthat undegoesreplanningat this level selectsan existing plan from
memorywith uniform probability (not basedon score)to useasa templatefor the new
plan. This templateis duplicatedwithin the agents memory with the copy servingas
a placeholdeffor the eventualnew plan. Onceall the agentshave decidedwhetheror
not to performreplanning the templateplansselectedy the agentswho decidedto use
this modulearecopiedto atemporaryle. Thelevel of replanningneedso be matched
to an existing externalmodule,and ary other modulesthat this moduledependsupon
for planinformationmusthave beenexecutedpreviously in thisiteration. The plans le
written by the agentdatabaseancontainplansof arbitrarycompletenessolong asall
theinformationrequiredby the moduleis available.
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2. The external moduleis started,it readsthe eventsinformation and the plans le, and
updateghe informationthatit cangenerateby eitheroverwriting existing information,
or lling in blanks.Informationnot lled in by the moduleis left alone,or destryed if
it is invalidatedby the new informationprovided by the module. For example,a route
planning module may overwrite existing routes,but must not touch actwvity locations.
On the other hand, an actvity location planningmodule may updateactiity starting
and/orendinglocations,andmustalsodeletethoseroutesnolongerconnectedo thenew
locations.

3. The agentdatabaseeadsthe new plans le, andfor eachreplannedagent,replacegshe
templateplanin the agents memorywith the correspondingnew planfrom the le. The
agentthenmarksit asthe“selected’planfor the next mobility simulationexecutionstep.
The agentdatabase¢henselectsagentswhich areup for replanningon someotherlevel,
and the whole processwith an external moduleis repeated. Within this processthe
moduledependenciedescribeckarlierneedto be satis ed.

6.5 Verication and Validation: Equilibration Testing Sce-
narios

In orderto testtheimplementationseveral veri cation scenariosverecreatedo testthe most
importantfeaturesof theframeavork. Thesescenariogestthe capabilityof the framework to:

1. relaxto anapproximatesquilibriumsolution;
2. cooperatevith morethanoneexternalmodule;and

3. generatea meaningfulsolution even with an external modulethat just performssmall
randomchangeg“mutations”) of existing plans.

A scenariocconsistsof: (i) the network; (ii) theinitial plans le; (iii) feedbackandscoring
parametersThesewill betreatedoneby onein thenext threesubsections.

6.5.1 The Network

The network usedfor the equilibrationtesting(equil-test)scenarioxanbe seenin Fig. 6.2. It
consistsof a circulararrangementvith a “Home” anda “Work” locationon oppositesidesof
thecircle. All roadsareuni-directional;travelersneedto follow the roadsclockwise.For trips
from hometo work, travelershave nineidenticalrouteoptions.Thereis only oneroutefor trips
from work to home. Althoughit maynot appearsofrom the gure, internallyto the modules,
all therouteshave thesamdengthsandthesame o w andstoragecapacitiessothatthereis no
biastoward onerouteor another The expectationis thatin the relaxed statesall thoseroutes
areusedequally

6.5.2 The lnitial PlansFile

All scenarioseedto startwith aninitial condition. In this case,nitial conditionsarea plans
le which contains2,000agentswith onefully speci ed plan peragent. Thoseplansarethe
samefor all agents:They specifythatthe agentdeave the “Home” locationat 6:00 AM, take
themiddleroad(throughnode7) to the “Work” location,andwork for eighthours. Thenthey
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Figure6.2: Diagramof the equil-testnetwork overlaid onto examplesnapshot®f the Routes
Only scenariqSec.6.5.5)at06:08AM, (a) beforeand(b) aftermary iterationsof routereplan-
ning. After replanningtheagentshave spreadntothedifferentavailableroutesbetweerhome
andwork. Link capacitiesare36,000veh/hexceptwhereindicated(the ninerouteoptionsare
identical).

take thelower partof the“circle,” throughnodesl4, 15, and1, to returnhome. Thetotal free
speedravel timeis about54 min, with 15 min for thetrip from “Home” to “Work,” and39 min
for thereturntrip.

6.5.3 Simulation Parameters

The utility function parametersire setto the following values: et = +6 EUR=N;  ait =
OEUR=N; |ae = 18EURAN; cariy = 0EUR=N; ghort =0EUR=h; (ave = 6 EUR=.
Thevaluesof d for work andhomeactuvities aresetto 8 hoursand16 hours,respectiely.
The usefulhoursfor performingthe work actwity aresetto between7:00AM (openingtime)
and 24:00 (midnight; closingtime), with the desiredstartingtime (t;aestw ) t0 be exactly the
openingtime of 7:00AM. Forwork, theearliesdeparturdime (teariiestw ) @Ndshortestluration
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(dmin:w ) @renotset. Thehomeactity hasnotime constraints.

CharyparandNagel(in press)originally set pert to +20 EUR=h, thoughfor this studyit is
setto +6 EUR=h. Thereasorfor thischangas: Givenafull dayplan,theagentprefersto spend
all 24 hoursin the day performingsomeactvity. Any time spentby the agentnot performing
anactiity causest to incur opportunitycost. Theagentwould obtaina perfectscoreif it spent
exactly 8 hoursatwork and16 hoursathome allowing it to earnutility every minuteof theday.
Thiswould earntheagente 60for eachactiity, for atotal scoreof @ 120 In anactualday, the
agentmustspendsomeof its time traveling. While traveling, theagentdoesnot earnary utility
for beingat work or at home,andis simultaneouslyosing utility for beingon theroad. This
meanghe agentincursa doublepenalty:the actualnegative utility for thetravel itself, andthe
opportunitycostfor not performinganactvity. Similarly, if theagentarrivesearlyto work, it is
alsonot spendingime working (or beingat home)soit incursopportunitycostfor performing
anactuity. Notethatbeinglatehasarealpenalty but doesnot causearny opportunitycost,since
theagentbeginsperformingthe activity immediatelyuponarrival.

Thereforethereis anopportunitycostassociateavith arriving earlyto alocation(waiting)
andtraveling. If theagents actvity durationsarenearthe respectie valuesof d , this costis
approx. et timesthe numberof hoursspentwaiting and/ortraveling. Sinceagentswill
do their bestto allocatetime to the actwities, one can assumehat the durationsare as near
to thed valuesaspossible. Given thatthe total travel time is on the orderof 1 h, thisis a
reasonablassumption.Thus,the effectivevaluesof the above parametersre approximately:

wait = O EUR=N, yae = 12EUR=; 4 = 18 EUR=h. Theseeffective valuesare
selectedsuchthat, in roughterms,they modelthe Vickrey modelof time choice(e.g.,Arnott
etal.,1993).Thedesireto matchtheVickrey modelexplainsthechoiceof +6 EUR=hfor e ;
if it was+20 EUR=h, theeffective penaltyfor arriving earlywould beof greatemagnitudehan
the penaltyfor arriving late.

As mentionedearlief the value usedby the agentdatabase¢o multiply agents'scores
affectstheir selectionof thoseplans. This value canbe consideredo be a scalingfunction,
which mapsutility in eurosto unit-lessvaluesfor thelogit selection.In real-world applications,

will beestimatedogethemwith ait, 1ate, @Nd ¢ aver. Thispaperusesavalueof =2=EUR
asa baselinevalue,andthenlooks at deviations from that valuein Sec.6.5.8. In estimated
multinomiallogit models,it seemghatvaluesbetweenl=EUR and10=EUR arenormal.

6.5.4 Agent Database

For thesescenariosthe agentdatabas@arametersresetto thefollowing values:
The maximumnumberof plansperagentN pjans, iS 6.

The probability of an agentto perform time replanning,psmes , and route replanning,
Proutes, areboth0.1.

The probability of choosingarandomplan,p; g, is 0.1.

The plan selectionconstant, , is 2=EUR. Section6.5.8describesvhat happensvhen
differentvaluesof aretried.

Thescoreblendingfactor ,is0.1.
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Figure6.3: Equil-test: Scoresandtravel timesfor all threescenario®f thebaselinecase. These
plots display the averagevaluesof the (a) scoreand (b) travel time collectedover the entire
populationof agentsduringeachiteration.

6.5.5 RoutesOnly Scenario

In the RoutesOnly scenariothe framawork is run with the timesreplanningdisabled,so that
only routereplanningmayoccur(i.e. pimes = 0). All agentsareforcedto foreverusetheinitial
actiity time values,departinghomeat 6:00 AM and stayingat work exactly 8 hours. This
scenariadlemonstratebow well the agentdistributethemselesamongthe availableroutes.

Figure6.3 shaws the relaxation/learnindgehaior of the agentswithin this scenariousing
two global performanceneasuresoverall averagescore andoverall averagetravel time. One
seesherethatthe averagescorerelaxesto abouta 1035 within 100-150iterations,while av-
eragetravel time relaxesto about61 min within 20-30iterations.Comparedo the free speed
travel time of 54 min, theagentdoseabout7 min dueto congestiorin this scenario.

Figure6.4 shavs the departureandarrival time distributionsfor this scenarioatiterationO
(Fig. 6.4(a))anditeration250 (Fig. 6.4(b)). Onecanseefrom this gure thatthe work arrival
time distribution (WATD) startsout atiterationO with anaverageof about80—-85vehper5 min
time-bin, correspondingo roughly 1,000 veh/h, and lasting for about2 hours. This makes
senseasthecapacityof thebottleneckior asinglehome-to-vork routeis 1,000veh/handthere
are2,000vehthatwantto traversethatroute. After 250iterations,the arrival rateincreaseso
about750 veh/(5min), or 9,000veh/h,which correspondso the total capacityof nine routes
of 1,000veh/heach. After 15 minutes,over 90% of the agentshave arrived at work, with
the remainingarriving in the next 10 minutes. This extra 10 min comesfrom the incomplete
equilibriumin the route distribution causedoy the 10% route replanning,which is explained
furtherbelow.

Sinceagentscannotchangetheir work durationin this scenariothe work departureime
distribution (WDTD) is thesameasthe WATD shiftedby 8 hours,andsincethereareno bottle-
neckson the routehome,the homearrival time distribution (HATD) is the sameasthe WDTD
shiftedby 39 minutes.

The only degreeof freedomin this scenarias theroutechoice. Figure6.5(a)displaysthe
usageof the differentroutesasafunctionof iteration. This gure hasseveralfeaturesFirst,as
expectedall agentsstartout usingtheinitial route (number7, “middle”), while the othereight
routes(represented the gure by routenumberss and9) startoutwith noagents Secondthe
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Figure 6.4: Equil-test: Departureand arrival time histogramsfor all three scenariosof the
baselinecase.Thesehistogramstakenover 5 minutetime-bins,shav thehomedeparturgime
distribution (HDTD), work arrival time distribution (WATD), work departurdime distribution
(WDTD), andhomearrival time distribution (HATD) of the threescenariospeforeand after
relaxation(250iterations).For clarity therangestopsat 900vehicles thoughsomeof theinitial
departurepeaksareabove this value;thesepeaksarelabeledwith their actualvalues.

percentag®f agentausingthe middle routedecreaseat approximatelya negative exponential
rate. This makessensesincel0%of all agentgperformreplanningeachiteration. Someagents
returnto the middle routedueto randomplan selection but mostwill stayon theotherroutes,
loweringthe percentagef agentausingthe middle routeby roughly 10% of its previousvalue
eachiteration,until the agentsareusingall routesequally It takesabout40 iterationsfor the
middlerouteto have aboutthe sameusagepercentagasthe otherroutes.

The third featureof this gure is that after equilibrium mostroutesappearo be usedon
averageby 10% of the agentsat a time, ratherthanthe 11:1% expectedwhennine equivalent
routesareavailable. In addition, someroutesappearto be usedby 20% of the agentsduring
certainiterations. Thesephenomenare explainedby the factthat 10% of the agentsperform
replanningin eachiteration,leaving the other90% to choosefreely which routethey wantto
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Figure6.5: Equil-test:Routedistributionsfor (a) the RoutesOnly and(b) theRoutesandTimes
scenariof the baselinecase. The middle route hasa distinctive curve sinceit is the one
initially usedby all agents.The othereightrouteshave qualitatively similar curvesasroutesb
and9, only the“spikes” occurin differentiterations.

use. These90% split up approximatelyevenly amongthe nine available routes,giving each
a usageof about10%, and the 10% who replantendto choosethe sameroute. This route
will then have a total usageof about20%. Only threeroutesare displayedhere;if all nine
weredisplayedtherewould be a“spike” of 20% routeusageoccurringfor someroutein each
iteration. This extra group of agentsusingone particularroute causeghat routeto emptyout
later thanthe rest, extendingthe length of time agentsarrive at work, asseenin Fig. 6.4(b).
Agentswho replantendto choosethe sameroutebecausef the uctuationsin the usageof a
route. During a giveniteration,someroutewill happerto be usedleast,andthushave the best
travel time, sotherouterwill useit for all (or most)of thereplannedoutesin thenext iteration.
These uctuations arealsodriven by the factthatslightly moreor lessthan10% of the agents
may be replannedn eachiteration,dueto the probabilisticselectionof agentdor replanning.
Notethatit is notuntil neariteration100thatthe spikesappeato bein equilibrium.

Thegeneralnterpretatiorof theabove resultsfor the RouteOnly scenarias thattheagents
equilibrateto thedifferentroutesasbestasthey can,andonceequilibratedstayin avery stable
arrangement.

6.5.6 TimesOnly Scenario

In thesecondscenarioTimesOnly, theroutereplanningdisabled sothatonly timesreplanning
may occur(i.e. proutes = 0). Hereall agentanustforever usethe middle routefor their trips
from hometo work. This scenariodemonstratefiow well the agentsdistribute themseles
throughtime;i.e. how they handlepeak-houispreading.

Figure 6.3 includesthe averagescoresandtravel timesfor this scenario.Onecanseethat
thesemeasuresontaina considerabl@amountof oscillationin comparisorio thoseof theother
two scenariosthoughthe oscillationappeardo diminish asthe iterationscontinue. More in-
vestigationis necessaryo learnthe exact causeof theseoscillations. For now | only obsere
thatthey exist.

The averagescoreoscillatesaroundabouta 1007, moving betweena 1005 and= 1012,
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Figure 6.6: Equil-test: Departureandarrival time histogramdor the Times Only scenarioof
the baselinecasemorningonly. Theseareonly theHDTD andWATD histogramstaken over
5 minutetime-bins,afterrelaxation(250iterations).

takingatleast200iterationsto reachthis state.The averagetravel time centersaround72 min,

oscillatingbetween68 min and 75 min, againtaking about200 iterationsto getto that state.
This scenaricseemdo nd theworstscoresandtravel timesof the three. It makessensethat
the averagetravel times comeout worse,sincethe agentscannotget aroundthe 1,000veh/h
bottleneckof themiddleroute,while agentsn the otherscenariog€anuseninetimesthe capac-
ity of this routefor their hometo work trips. Thisin turn explainswhy the averagescoreis the
lowest,becauseavith moretime beingspentby theagentsn travel, they have lesstime to spend
working or at home,so they incur more opportunitycost, which lowerstheir bestachiezable
score.

Figure 6.4 shows the departureandarrival time distributionsfor this scenarioat iteration
0 (Fig. 6.4(a))anditeration250(Fig. 6.4(c)). Onecanseethatafter 250iterations,the WATD
is still spreadout to 2 hoursandis still limited to 1,000veh/h. This is as muchas canbe
expectedvhenall agentsusethe sameroute. The main peakof the homedeparturdime distri-
bution (HDTD) is shiftedto about5:30AM, anearliertime comparedo the Oth iteration,with
asecondarypeakaround7:00 AM. Figure6.6 shaws a close-upof the distributionsduringthe
morningrush-hour In this gure onecanseethatabout3/4 of the agentsarrive in the 90 min
before7:00 AM, andaboutl/4 arrive in the half hour after This makessensebecauseagents
arriving to work early areeffectively penalized 6 EUR=h while thosearriving late arepenal-
izedatthreetimesthisamount.So,anagentarriving 30 min lateincursthe samepenaltyasone
arriving 90 min early  Backto Fig. 6.4(c),oneseeghattheWDTD andHATD aremuchmore
spreadutthanthe WATD, lastingabout3 hours.

Thegeneralnterpretatiorof theresultsfor the TimesOnly scenarias thatevenwith atime
choicemodulethatsimply mutatesexisting plans,thefeedbacknechanisnandthe agentdata-
baseallow agentdo learnenoughaboutthe systemto nd a plausibledistribution of departure
times.
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6.5.7 Routesand TimesScenario

In the Routesand Timesscenarioagentsare nally allowedto utilize both the routing mod-
ule andtime choicemoduleto develop new plans. Agentswho performtime replanningalso
performroutesreplanningontheresultingplan,asdiscussedn Sec.6.3. This scenariademon-
strateshe completerelaxationbehaior of the agentswherethey may spreadout over space
andtime.

Figure6.3includestherelaxationof scoresandtravel timesfor this scenarioOneseeshere
that the averagescoreis never perfectly relaxed, with what appeardo be a slight oscillation
with a period of about800 iterations. However, after about300 iterationsthe scoreseemso
beratherstable,oscillatingarounda 108 Theaveragetravel timeinitially nds thefreespeed
travel timewithin 100iterations thendeviatesfrom thisvalue,eventually attening outatabout
55min. Thetravel timesmayalsohave aoscillation,thoughit mightalsobeaone-time*bump’”
More iterationswould berequiredto nd thisout. It seemgeasonabl¢hatthis occursbecause
the agentsareableto compensatéor slightly varying travel times, meaningthe travel time is
not asimportantto themwhenthey have moredegreesof freedomto explore. In ary casethis
scenarionds abetteraveragescoreandbetteraveragetravel time thanthe othertwo scenarios,
asexpectedgiventhelargernumberof degreesof freedomgivento theagents.

Figure 6.4 shovs the departureandarrival time distributionsfor this scenarioat iteration
0 (Fig. 6.4(a))anditeration 250 (Fig. 6.4(d)). In iteration 250, the HDTD peakhasshifted
to about6:45 AM, a later time thanthat at iteration O, or that at iteration 250 for the other
scenarioslt makessenseahatthe peakis at a latertime thanthat of the TimesOnly scenario,
asthe averagetravel timesin this scenaricareshorter Thetime of 6:45 AM makessenseas
well, becausanostagentsonly need15 min for the hometo work trip. This is supportedoy
thenarrov WATD peak,which indicateshatmostagentsarrive to work betweer6:50AM and
7:00 AM. The peakis nearlythe sameasthe HDTD peak,only shiftedby 15 min. Seealso
Fig. 6.7 for acloseupof thosepeaks. Naturally, boththeHDTD andWATD peaksarewiderin
this scenariahanin RoutesOnly, sincethe agentscanexplore alternatedeparturgimesfrom
home.They arenotaswide asthosein TimesOnly, sinceagentsanalsotake alternateroutes
to avoid congestionanddo not have to spreadoutin time asmuch.

Figure 6.5(b) displaysthe usageof the differentroutesasa function of iteration. As with
theRoutesOnly scenarioall agentsstartoutusingthemiddleroute,while representatie routes
numberss and9 startwith no agents Also like in the RoutesOnly scenariothe percentagef
agentsusingthe middle route decreasesapidly while percentagef agentausingthe alternate
route(s)increasesHowever, since20%of theagentsaregiventhechancdo changeheirroutes
eachiteration(pgmes * Proutes), theexchangeof agentdrom themiddlerouteto theotherroutes
occursmorerapidly.

This gure shaws higheroscillationsin routeusagecomparedo the RoutesOnly scenario.
In that scenario,route equilibrationis the only option for agentstrying to avoid congestion.
Agentsusingsomeroutetendto “notice” otheragentsusingthe sameroute,in the sensehat
theirtrip wasmadelongerby the presencef the otheragentsin this scenariohowever, agents
canalsoavoid congestiorby choosingdifferentdeparturetimes. So, agentsusingthe same
routemay do so at totally differenttimes,any may not noticeeachotherat all, sincethey did
notencountelany congestiorfrom otheragentsalongthatroute. Thus,they do not have much
reasorto try to switchroutes causingessof anequalizatioramongtheroutechoices. Another
wayto putit is thatthetemporalspreadingllows theroutesto remainequialentto eachothet
evenif thenumberof agentsusingeachroutediffersgreatly

The generalinterpretationof the resultsfor the Routesand Times scenariois that both
moduleswork togethemwell to allow the agentdo explore both spatialandtemporaldegreesof
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Figure6.7: Equil-test:Departureandarrival time histogramgor the RoutesandTimesscenario
of the baselinecase, morningonly. Theseareonly the HDTD andWATD histogramstaken
over 5 minutetime-bins,afterrelaxation(250iterations).

freedomto obtainbetterplansthanpossiblewith just onedegreeof freedom.

6.5.8 Varying

Herethe planselectiorparameters variedto higherandlowervaluesfrom thebaselinevalue
of 2=EUR, to seehow selectinghebestplanmoreor lessoftenaffectsthescoreandtravel time
relaxationrates.Thefollowing valuesareusedfor , in unitsof 1=EUR: 0.01,0.1,1, 2,4, 10,
andl . A valueof 1 =EUR meansagentsaalwayschoosehe planwith thebestscore.

Figures6.8(a)and 6.8(b) shav the effect of  on the RoutesOnly scenario. The relaxed
scoreandtravel time averagesarethe same;only the rate of approacho thosevaluesdiffers.
With alower valueof , agentsareallowed morerandomselectionamongtheir plans,sothe
systemapproachethe steady-statat a slower rate,which makessense.Thein nite , which
causesgentgo alwayschoosehe bestplanthey have, allows for the fastestelaxationof both
scoresandtravel times.

Figures6.8(c) and 6.8(d) shav the effect of on the TimesOnly scenario.One cansee
thatthe oscillationshave a higheramplitudeandlower frequeng for lowervaluesof . Forthe
scoresall the curvesseento have roughlythe sameworstscore(lower bound)of about100.5.
However, with lower thesystemis ableto nd better(higher)scoresthoughit cannotstayat
thosevalues.Similarly, onthetravel time plots, onecanseethatthe worsepossibletravel time
(upperbound)doesnot changemuch, but better(lower) travel times are reachedwith lower
valuesof

Figures6.8(e)and6.8(f) shav theeffectof onthe RoutesandTimesscenario.Like with
the RoutesOnly scenariothe relaxed valueof the scoreseemdo remainessentiallythe same,
but thedifferent valuesapproacht differently

Overall, it appearghatvalueof doesnot mattervery muchfor the scenarioswith the
routingmoduleenabled Perhapshisis dueto thefactthatthe routingmodulemake decisions
with some“intelligence” behindthem, allowing for an additionallearningmechanisnfor the
agentsPossiblythe TimesOnly scenarids affectedmoreby thevalueof beta,asthedecisions
madeby theagentdatabasarethe only onesthathave ary effectonthelearningbehaior.
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Figure 6.8: Equil-test: Scoresandtravel timesfor all threescenarioswith varying values.
Theseplots displaythe averagevaluesof the score(left) andtravel time (right) collectedover
theentirepopulationof agentsduringeachiteration.
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6.5.9 Varying i avel

Herethe maiginal utility of travel time, i aver, IS Variedfrom its baselinevalueof 6 EUR=h,
to seehow makingtravel time moreor lessimportantin the scorecalculationaffectsthe score
andtravel time relaxationrates. The following valuesareused: ¢ avel, in Units of EUR=h:
-0.06,-0.6,-6,-60,and-600.

Figures6.9(a)and 6.9(b) shav the effect of ¢ ave1 ON the RoutesOnly scenario. As ex-
pectedhighermagnitude®f e Causeéheaveragescoreto relaxedto alowervalue,sinceall
elsebeingequal thesameravel time costamoreto theagent.For all valuesabove  600EUR=h,
the curves seemto have the samerelaxationbehaior as seenin Fig. 6.3. FOr awe =

600 EUR=h, the scoretakesabout200 moreiterationsto relax, while the travel time takes
only 10—20moreiterationsto relax.

Figures6.9(c)and6.9(d)shav the effect of ¢ avei ON the TimesOnly scenario.Hereone
canseethatdifferentvaluesof e Canalsochangethe oscillationamplitudeandfrequeng
for the scoresandthe travel times. For a6 = 60 EUR=h, the oscillationfrequeng is
higher andthe amplitudeis smaller andfor a6 = 600EUR=h, the oscillationis nearly
non«istent. For the smallertwo magnitudesof the maginal utility of travel, the scoreand
travel timescurveslook qualitatvely like thoseof the Routesand Timesscenarian Fig. 6.3.
They improve at rst, thenslightly deviatefrom the bestvalueobtained.This supportgheidea
thatthe behaior of the Routesand Timesscenariccomesfrom thefactthattravel time is less
importantto the agentswhenthey are ableto adjusttheir routesandtheir actiity schedules
simultaneouslyln addition,aswith the RouteOnly scenarioTimesOnly takeslongerto relax
whenthe  ave Valueis highet

Figures6.9(e)and6.9(f) shawv theeffect of  ave) ONthe RoutesandTimesscenarioHere
one can seeonce againbasically the samerelaxationbehaior, offset only by the different
strengthsof the travel time in the overall score. The scoresfor  avei= 600 EUR=h takes
longerto relax, but all scoresfor the Routesand Times scenariorelax to highervaluesthan
thoseof the othertwo scenariosFurthermorepnecanseethatfor thelower mamginal utility of
travel, the travel timesstay at at closeto the free speedtravel time. The deviation from this
level occursmorefor highervaluesof i ave, With ¢ avei= 6 EUR=h beingthe only onethat
deviatesandappearso returnto thelower value.

Overall,it appearshatreasonablealuesof 4.1, ascomparedo theothermarginal utility
parameterdeadto the samerelaxationbehaior (if notthe samescores)n the scenariowith
the routing moduleenabled. The TimesOnly scenarics relaxationbehaior is more affected
by thevalueof  4vel, andit appearshatavalueof 6 EUR=h mayrepresenanunstablecase
atthe borderbetweentwo morestableregimes: onewheretravel time dominateghe decision
making,andonewhereit is not veryimportantat all.

6.6 Summary

This chapterdescribeghe new implementatiorof the agentdatabaseén C++, with the agent
datakeptin memoryinsteadof beingstoredin an externaldatabase.lt alsodescribesother
changego the framework, suchasthe XML plansformat andutility-basedscoring,meantto
facilitateaddingactvities replanningto the system.Veri cation andvalidationtestsshav that
the feedbacksystemdoesrespondto the updatesin the actvities madeby the actvity time
allocationmodule,andthatevenwhenthat moduleis very simple,the adaptatiorandlearning
abilities of the agentsprovided by the feedbacksystemallow the agentsto utilize it to nd
plausibleactvity times.

65



120 110

e e e Dirave/=-0.06 EUR/M - - - ---
100 ~ 100 Dyrave=-0-6 EUR/M |
80 € Byave=-6 EUR/M - - - -
~ IS —
%: £ Dirave=-60 EUR/N oo
m 60 g 9 Biiave=-600 EUR/ - - -
o =
g 40
) T
8 20 E 80 ]
) ; [
=) T T & Semae b
g 0¢ P Birave=-0.06 EUR/MN -~~~ 1¢ 70kh
Z 20 /- Byrave=-0.6 EUR/M oo . g i\
: Pyave=-6 EUR/M - - - - 2 60 [ v N o
-40 i irave=-60 EUR/D oo 1
60 b\ biraye=-600 EUR/ (+ EUR 500) - - - 5
0 200 400 600 800 1000 0 200 400 600 800 1000
Iteration Iteration
(a) Scoredor RoutesOnly scenario. (b) Travel timesfor RoutesOnly scenario.
120 110 — :
S SN S S S— Byayve=-0-06 EUR/N ------
100 (%~ ~ 100 Byrave=-0-6 EUR/M |
. 80 = Pyave=-6 EUR/M - - - -
x R R = Birayer=-60 EUR/N -
o 60 T R - Biiaye=-600 EUR/ - - -
§ 40 < 80 ‘:’W{*ff\‘@‘?“‘wé s AT TR ARRTN
ﬁ 20 :I E RA‘, l‘n'rlH \
o ) = b W nh . |‘.|,‘".lll (R n‘.“f.‘iy,_ i VJWIM‘
e 0y i Dyyavei=-0-06 EUR/ -~ - I A PG WP AR NP WY TV R
- Yo »
3: -20 " travel=-0-6 EUR/D oo . g H Y
| Byave=-6 EUR/M - - - - Z 60 Lt , o
-40 . byrave=-60 EUR/ oo 1 ; L ; ARAR A
_60 'l btrave|=-609 EUR/h (4‘_ EUR 500? - - - ] 50 ‘ A = ad AL sw N A e R )
0 200 400 600 800 1000 0 200 400 600 800 1000
Iteration Iteration
(c) Scoredor TimesOnly scenario. (d) Travel timesfor TimesOnly scenario.
120 110 ‘ ;
e foupaniiee) Sl S R byrave=-0.06 EUR/N ------
100 ~ 100 Dirave=-0.6 EUR/M oo |
80 € Byave=-6 EUR/M - - - -
~ IS —
x B e EIEII ----] £ Byrave=-60 EUR/D v
o 60 4 2 90 Biiaye=-600 EUR/MN - - -
o [
g 40
o it ©
@ 20 k! E 80
o . =
=y 1
g 0 byaye=-0-06 EUR/N ------ 19 70
Iz -20 | Byrave=-0.6 EUR/M oo . g
: Pyave=-6 EUR/M - - - - Z eoh
-40 b irave=-60 EUR/ oo 1 ‘N o o
60 L Diravei=-600 EUR/h (+ EUR 500) - - - 5 e =
0 200 400 600 800 1000 0 200 400 600 800 1000
Iteration Iteration
(e) Scoredor RoutesandTimesscenario. (f) Travel timesfor Routesand Timesscenario.

Figure6.9: Equil-test:Scoresandtravel timesfor all threescenarioswith varying  ave Values.
Theseplots displaythe averagevaluesof the score(left) andtravel time (right) collectedover
the entire populationof agentsduring eachiteration. For bettercomparisorof the relaxation
rate,theaveragescorecurvefor a6 = 600EUR=hIs shiftedupby = 500
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Chapter 7

Real-World Transportation Results

Oneof the maingoalsof this work is to be ableto solve large-scalaeal-world planningprob-
lems. Therearemary challengesssociateavith suchproblemsjncluding datacollectionand
quality, realism,computationakf ciency (i.e. keepingthe execution-timef theiteratedsim-
ulationrelatively short),andof courseproducingusefulresults.

To demonstratehat large-scaleproblemsare workable, the ultimate goal of this work is
to run a full 24-hoursimulationof all of Switzerland,including transittrafc, freighttrafc,
andall modesof transportation.This is an ambitiousgoal, sincegiven a nationalpopulation
of 7.2 million people(Bundesamfir Statistik,2001) and an averageof 3.6 trips taken per
persorperday (Bundesamtir RaumentwicklungindBundesamtir Statistik,2001),thereare
26 million trips of all typestakenperdayin Switzerland(includingshortpedestriaririps, etc.).

A moreshort-termgoalis a full 24-hoursimulationof just the cartrafc in Switzerland.
Bundesamtir Raumentwicklungund Bundesamtur Statistik(2001)shaws that 39.5%o0f all
“stages”in Switzerlandaremadeby car. In the censusa “stage”seemdo represent single-
modecomponenbf a trip; correspondindo theterm“leg” usedin the framavork's plan de-
scriptionusedthroughoutthis dissertation.Giventhat valueandan averagecar occupang of
1.59 people(Bundesamtir Raumentwicklungund Bundesamftir Statistik,2001), thereare
atotal of 6.4 million carmodelegstaking placein Switzerlandper day (including very short
ones).

Currentreal-world testsaredonewith two scenarioghat are somavhat smallerthaneven
this goal, but arebasedon the actualcartraf ¢ in Switzerland. Thesescenariosaredescribed
below.

7.1 Data

Thedatarequiredto run arealisticsimulationaretheinitial conditionsneededy theiteration
sequencethe transportatiometwork andthe initial plans(actvities androutes). Field data
collectedthroughoutSwitzerlands alsousedto comparehe simulationresultsto reality.

7.1.1 The Switzerland Network

Thenetwork of streetsandintersectionsisedin the Switzerlandscenariosvasoriginally devel-

opedfor the FederalOf ce for SpatialDevelopmeni{ARE), andcoveredonly Switzerland put
hasbeenextendedwith the major Europeartransitcorridorsfor a railway-relatedstudy (Vrtic

etal.,1999).SeeFig. 7.1(a)for the completenetwork andFig. 7.1(b)for the higherresolution
Switzerlandportion.
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(b) Switzerlandarea. (c) Zurich area.

Figure7.1: The network usedfor the Switzerland-basesgcenariosat variousscales.Theentire
network (a) includesmajor Europeartransitcorridors. Theboxin (a) indicateshe Switzerland
area,seenin (b). Theboxin (b) indicatesthe Zurich area,seenin (c). The circle in (c), with

aradiusof 26 km, indicatesthe areathroughwhich agentsmusttravel to be includedin the
Zurichdemand.

A nodein the network is a point with speci ¢ geographicatoordinateswhich generally
representgn intersectionof at leasttwo roads. A link is a unidirectionalline connectingone
nodeto another Eachlink representa segmentof road and hasattributesfor type, length,
speedandcapacity Sincethe mobility simulationis basedn a queuingmodel,no otherinfor-
mation(suchasturning lanesin intersections)s needed.This network contains10,564nodes
and28,624links.

Appendix.A.6 describesomeproblemsfoundwith the network andcorrectiondor those.
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7.1.2 Demand
7.1.2.1 Switzerland Mor ning Rush Hour (CH6-9) Scenario

Given the numbersabove and a 66% shareof car trips over 3 km (Bundesamfir Raumen-
twicklung und Bundesamfir Statistik,2001), thereare a total of 4.2 million car trips over
3 km perdayin Switzerland.Thatnumberis reducedo aboutl million cartrips by modeling
thetraf c demandthroughoutSwitzerlandduring the morning peakhoursbetween6:00 AM
and9:00AM. Thisis known asthe CH6—9demandscenaridor short.

The TransportPlanningGroup,in the Institutefor TransportPlanningand SystemgIVT)
at ETH, underthe directionof Prof. Kay Axhausenjs currentlyworking on the problemof
converting Swisscensusand surwey datainto a syntheticpopulationwith an initial actiity-
baseddemandor Switzerlandbasedn actualSwissactvity patterns.

In the absencef this data,however, traditional OD matricesare obtainednsteadandcon-
vertedinto theinitial individualizeddemandor thesimulations ARE providedasingle24-hour
OD matrix, which dividesSwitzerlandinto 3,066traf ¢ analysiszonegTAZs), andeachentry
in the matrix speci esthe numberof trips from one zoneto anotherduring a typical 24-hour
workday As by tradition,intra-zonatrips arenotincludedin thematrix. This staticmatrix was
madedynamicby corverting it into 24 one-hoummatriceseachspanningonehour of the day.
Thiswasdoneaccordingto the following heuristicmethod(Vrtic andAxhausen2002):

1. Divide the 24-hourmatrix into 24 piecesbasedon departurdime probabilitiesby popu-
lation size of origin zone,populationsize of destinatioreoneandnetwork distance cal-
culatedfrom the 1994 SwissNationalTravel Surwey (Bundesamfur Statistikund Dienst
fur Gesamterkehrsfragen1996).

2. Calibratetheresultingmatricesagainstourly traf c countdatatakenfrom countingsta-
tions on the nationalmotorway system. The calibrationwas performedusing the OD
matrix estimationmoduleof the VISUM trafc planningsoftware packagegPTV www
pageaccesse@004).

3. Rescalethe hourly matricesso that the totals over 24 hours matchthe original single
matrix.

A runof theassignmentodelof VISUM onthematricesshavedthatthepatternf congestion
overtime arerealisticandconsistentvith theknown patternsn Switzerland.

The initial conditionsnecessaryor the multi-agentsimulationare individual agentsand
plans. Theseareobtainedfrom the one-houmatricesby rst disaggrgatingthe matricesinto
individualtrips. Thatis, anumberof individualtrips is generatedrom eachorigin to eachdes-
tinationasspeci edby a givenmatrix, suchthatsummingup thetrips would againresultin the
sameOD matrix. Eachtrip is givenanindividual startingtime by draving onefrom a uniform
randomdistribution of timeswithin thehourde ned by the matrix responsibldor thattrip. An
origin or destinationn anOD matrixis givenasa TAZ, notaspeci c link in thenetwork. The
TAZs mustbe disaggrgatedinto links in orderto obtaincompletelyindividualizedtrips. This
is doneby assigningo eachtrip whoseorigin (destination)ies within agivenTAZ to arandom
starting(ending)link drawvn from the setof links thathasatleastoneof its nodedocatedwithin
acircle of radius3 km centerecat the centroidof that TAZ. The geographicatoordinatef
the TAZ centroidsareidenti ed from the dataaccompaying the OD matrices.

The morning rush-hourdemandis obtainedby taking only the trips producedfrom the
threematricesspanningthe hoursbetween6:00 AM and9:00 AM, which producesa total of
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1,000,28Zrips re ecting thedynamicsof traf ¢ within Switzerlandduringthosehours.These
trips arecornvertedto agentsandplansaccordingto the following method:

1. Assignoneuniqueagentto eachtrip. As the OD matricesprovide no demographidata,
all agentsareidenticalin termsof demographics.

2. The startinglink of the trip becomeghe agents homelocation. A “home” actvity is
createdfor that agentat this location, which begins at 0:00 (midnight) and hasan end
time equalto thetrip's assignedtartingtime.

3. Theendinglink of thetrip becomesheagentswork location.A “work” actwvity is created
for the agentat this location. In the “home-work” demandscenariosthe work actity
lastsuntil the endof the day (24:00). In the “home-work-home”demandscenariosthe
work actiity is givenaninitial durationof 8 hours,with no x edendtime.

4. Thetrip itselfis corvertedto auni-modalleg betweerthetwo actvities,andgivenaroute
basedon free speedravel timesin the network.

5. For “home-work-home”demandscenariosa secondrip is createdhatreturnsthe agent
homeafter nishing work, which is also given a route generatedasedon free speed
travel times. A second’home” actwity is addedto the planthatlastsuntil theendof the
day(24:00).

Notethatwhencalculatingutilities, a planwith the sameactvity locationfor its rst and
lastactiity (i.e. “home”) is consideredo have only oneactuity at this location,which
“wrapsaround’from thetime theagentarrivestherein the eveninguntil theagentieaves
therein the morning. Thus, the two actvity durationsare combinedto getthe dperf 1
valuefor thatactity.

This corversionprocesswhich skipstrips whoseendpointsare too closetogethey resultsin
988,666agentswith onecompleteplanperagent.lt is veryimportantto notethatafterdecom-
posingthe OD matricesinto individual agentsand plansfor the initial demand,OD matrices
are notusedanywhee in the simulation

7.1.2.2 Zurich Mor ning RushHour (ZRH6-9)

A smallerdemandscenarids alsoused,basedn the“home-work-home”agents/plang only

the Zurich area. Theseare extractedfrom the CH6—-9 demandby rst de ning the areaof

interestasa circle with a radiusof 26 km aroundthe centerof Zurich City (“Bellevue”). See
Fig. 7.1(c). Accordingto theinitial routes—basedn free speedravel times—eaclagent/plan
with a morningtrip thatusesat leastonelink within the circle is kept. Therestareremoved,

resultingin 260,275agentsyith oneplanperagent.Notethattheagentsandplansareidentical

to thosein the CH6—9 demandscenario;only a subsetof thoseagentsare usedhere. Thisis

calledthe ZRH6—-9demandscenario.

7.1.3 Field Data: Hourly Traf ¢ Counts

Obtainingreal-world simulationresultswithout comparingthemto reality is not very useful.
To achieve this comparison hourly trafc count data, measuredhroughoutSwitzerland,is
obtainedandcomparedo theassociatetiourly link volumesfoundin thesimulation. TheSwiss
FederalRoadsAuthority (Bundesamfir Strassen)naintainsabout230 automaticcounting
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stationsthroughoutthe country Hourly trafc countdatahasbeenobtainedfor 75 of those
stations. Out of thosestationswith data,33 were matchedunambiguouslyto links on the
Switzerlandnetwork. Of these33, threeweretoo closeto the Swissborderto provide useful
comparisonsTheseareignoredbecause&ross-bordetraf ¢ is not modeled sothe simulation
doesnot comecloseto matchingthe countsat theselocations. The countsaretakenfrom both
directionsof a givenroadsegment,sofor the CH6—-9scenarios60 links in the network canbe
comparedo real-world roads. For comparisongo the ZRH6—-9scenarioonly a subsebf the
countingstationscanbe used. With only 6 useful countingstationsin the Zurich area,only
12links canbecomparedo reality.

7.2 First Agent Database:CH6+9

Here, the rst versionof the agentdatabas€MySQL implementation;seeChap.5) is used
to executethe CH6—9 demandscenario,usingthe “home-work” plans. In otherwords, only
onetrip (route)is executedper agentper iterationAs in Chapter5, only route replanning
is performedfor the agentsin this simulationrun. Agentsare given new routeswith 10%
probability, androutesarechoserusingmultinomiallogit, with  setto 1=(360seq.

Figure7.2shavsaresultof theCH6—9scenarioafter50iterationsof theiterationsequence.
As onewould expect,thereis moretraf c nearthe citiesthanin the country Jamsarenearly
exclusively foundin or nearZurich (nearthetop; seeFig. 7.3for a“zoom-in” of thisarea). It
appearshisis aconsequencef a higherimbalancebetweersupplyanddemandn Zurichthan
in otherSwisscities; seeAppendixA.6 for moreinformation.

Figure 7.4 shovs a comparisonbetweenthe simulationoutput of Fig. 7.2 and eld data
takenat countingstationsthroughoutSwitzerland(seeSec.7.1.3andBundesamtir Strassen,
2000)? Thedottedlinesoutline aregion wherethe simulationdatafalls within 50%and200%
of the eld data. This region seemsto acceptablet this stagesinceresultsfrom traditional
assignmentnodelsthat| am aware of are no betterthanthis (Fig. 7.4(b); seealsoEsserand
Nagel,2001).

Figure7.4(b) shavs a comparisorbetweenthetraf c volumesobtainedby IVT usingVI-
SUM assignmenagainsthe sameeld data.Visually onewould concludethatthe simulation
resultsareatleastasgoodasthe VISUM assignmentesults.Table7.1 con rms this quantita-
tively. In thetable,Meanabsolutebiasis Wim G iergi » Meanabsoluteerroris fosim ~ Gieldji
mearrelatvebiasis N(Gim  Gield) =G ie1qi , Mearrelativeerroris osim G ieldj=G ieral » Where
hi meanghatthevaluesareaveragedverall links where eld resultsareavailable.

For example,the “meanrelative bias” numbersmeanthat the simulationunderestimates

0 ws by about5%, whereaghe VISUM assignmenbverestimateshemby 16%. The average
relative error betweerthe eld measuremerdndthe simulationis 25%, betweernthe VISUM

assignmenandreality 30%. Thesenumbersstatethat the simulationresultis betterthanthe
VISUM assignmentesult;also,the simulationresultsarebetterthanwhatwereobtainedwith

arecent(someavhatsimilar) simulationstudyin Portland/Orgon(EsserandNagel,2001);con-
versely theassignmentaluesin Portlandwerebetterthanthe onesobtainecdhere.

LIn this versionof the CH6+9scenariotherewere2,805additionalagentswhosethome&nd®work®locations
happenedo be onthesamdink. Theseweremistalenly included,andtheroutergave themroutesgoingbetween
the actwities madeup of U-turnsat the two nodesof thatlink. Theseagentsvereremovedin subsequemntunsof
this scenario.

2This comparisorexcludesonecountingstationthatis presenin othercomparisonsgueto thefactthatit was
notlocatedon the network at thetime theseresultswereobtained.
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Figure7.2: CH6—-9with rst agentdatabaseSnapshobf Switzerlandjteration50,at8:00AM.

Bias/ Error Simulation| VISUM
MeanAbs. Bias: 64.60 +99.02
MeanRel. Bias: 5.26% | +16.26%

MeanAbs. Error; | 26321 308.83
MeanRel. Error: 2538% 30.42%

Table7.1: CH6-9with rst agentdatabaseBiasanderrorof trafc countdatacomparedo
simulationresultsandVISUM assignmentDatais takenfrom the 7:00-8:00AM hour.

Whatmakesthis resulteven strongeris the following aspect:As explainedin Sec.7.1.2.1,
the OD matriceswere actually modi ed by a VISUM moduleto make the assignmentesult
matchthe countsdataaswell aspossible.TheseOD matriceswerethendisaggrgatedandfed
into thesimulation without furtheradaptationlt is surprisingthatevenundertheseconditions,
which seemvery advantageousor the VISUM assignmentthe simulationgenerates smaller
meanerror.

7.3 SecondAgent Database:ZRH6+9

Here, the secondversionof the agentdatabas€C++/XML implementation;seeChap.6) is
usedto executethe ZRH6-9 demandscenario,which uses*home-work-home” plans. This
scenario,smallerthan CH6-9, is necessarypecauseof computermemorylimitations. With
this agentdatabaseagentskeepseveral plansin the programs memoryspace. Theseobject-
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Events-based Throughput

Figure7.3: CH6—9with rst agentdatabaseZoom-inof Zurich,iteration50at8:00 AM.
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Figure7.4: CH6-9with rst agentdatabaseGraphicalcomparisorof traf c countdatato (a)
simulationresultsand (b) VISUM assignment.In both gures, the x-axis shavs the hourly
countsbetween7 AM and8 AM from the eld data.In (a) they-axisshaws throughputonthe
correspondindink from the lastiterationof the simulationbetween7 AM and8 AM; in (b) it
shaws the volume obtainedon the correspondindink from the assignmenmodelduring that

samehour.
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orientedplansaresomeavhatlargerthan TRANSIMS's routes,and standard32-bit computing
architecturdimits theamountof memorya singleprogramcanaccessTheonemillion agents
of the CH6—9scenariaxceedghesememoryconstraintssothenumberof agentsstoredby the
agentdatabasenustbereducedandthenumberof plansagentanstoremustbelimited sothe
programdoesnot run out of memory Theseissuesareexplainedfurtherbelow, in Sec.7.5.3.2.

7.3.1 Simulation Parameters

The maximumnumberof plansthatagentsareallowedto keepin the agentdatabase pjans,

is de ned as5 plans. This numberresultsfrom the scenaricsizein conjunctionwith computer

memory limitations. The value of the empirical constant , usedto corvert plan scoresto

selectionprobabilities,is 2:0=EUR. For the maginal utilities in the utility function,the same

valuesareusedasthosein the equilibrationtestingscenario®f Sec.6.5: pef = +6 EUR=h;
wait = 0 EUR=N, 3¢ = 18 EUR=N; early = 0 EUR=N, short = 0 EUR=N; and y avel =
6 EUR=h.

Other utility parametersncludethe “typical” durationsof homeandwork, which are set
tot, = 16 hoursandt, = 8 hours,respectiely. Giventhesevalues,anda 24-hourday,
the expectedmaximumscorefor a planis & 120 (= 60 per activity). Agentsmay departor
arrive homeat ary time, without penalties.The “work” locationsopenat 7:08 AM andclose
at midnight, allowing agentgo leave work at ary time. The lateststartingtime for work is set
to 8:52 AM, which, with the openingtime of the work location,de nesagents'desiredarrival
time window for work.

It is calculatedoy assuminga normaldistribution of the desiredarrival time at work, with
anaveragearrival time () of 8:00AM andstandardderiation( ) of 0.5hours,thenderiving
from this a uniform distribution with the samestatistics,andsettingthe startandendtimesof
the arrival time window equalto the endpointsof the uniform distribution. The meanof the
uniformdistributionis setto , andits endpoirgs_aresetto a. Thestandardieviation gf a
uniform distribution with theseendpointsis a= 3, whichis setequalto . Thus,a = P 3,
which causeghe endpointsof the distribution, andof the time window, to equal 3.
Thesevaluesweresetto correspondvith thoseusedin a similar studyby Marchal(2003).

For scoreaveragingtheblendingfactor issetto0:1. Thisis ausefulcompromisédetween
zerolearningandoverreaction.Oneexpectsthatchangesn  will mostly affect the speedof
relaxation;this maybeatopic of futureresearch.

7.3.2 Overview of Runs and Measurements

The resultsof four versionsof this demandscenarioare presentedelov. Theseare created
usingtwo differentsetsof initial conditionsandtwo differentreplanningsettings.Thetwo sets
of initial conditionsare:

Externally de ned initial times The endtimesfor the agents' rst homeactvities are
generatedsdescribedabovein Sec.7.1.2.0nceanagents homeactvity ends,t imme-
diatelydepartdrom homeanddrivesto work, whereit staysfor 8 hours,andthenreturns
home.

Initial departue timesat 6:00 AM: The departuretime structureof the initial plansis
destredin orderto startthesimulationin animplausiblesituation,andto testtheagents'
ability to nd a plausibletime structureon their own. The sameinitial plan setis used
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asabove, but the endtime for the rst homeactvity of every agentis setto 6:00 AM,
meaningall leave homefor work atthe exactsametime.

Thetwo replanningsettingsare:

Timesandroutes Agentsperformactiity androutereplanningasdescribedn theitera-
tion sequencéor this agentdatabasén Sec.6.3. 1.e., Ptimes = Proutes = Prnd = 10% In
this caseatotal of 20% of the agentsobtainnew plansperiteration.

Routesonly. Activity time replanningis switchedoff: pimes = 0%;Proutes = Prnd =
10% In this caseatotal of 10% of theagentobtainnew plansperiteration.

Theresultsof thesefour versionsof this scenaricarecomparedisingthefollowing indica-
tors:

1. Averagetraveltime Thetotaltravel time of bothtripsin theexecutedolan,averagedver
all agentdor eachiteration;

2. Average scoe: Theblendedplanscore averagedver all agentdor eachiteration;

3. Departue andarrival timehistograms Thenumberof agentghatarrive anddepartirom
anactvity duringa particulariteration,summedover 5 minutetime bins;

4. Traf c countdatacomparison As in Sec.7.2 above, the meanabsolutebias, meanab-
solute bias, meanrelative bias, meanabsoluteerror, and meanrelative error of some
iterationof the simulationscomparedo the countingdatadescribedn Sec.7.1.3.

7.3.3 Externally De ned Initial Times

This version of the ZRH6-9 scenariotestsif the agentlearning, when time replanningis
switchedon, remainscloseto the time structuregiven by the externaldata. Sincethe initial
plansarebasedon realistictime distributions,onewould assumehatthe time replanningwill
not affect the resultvery much. In addition, one expectsthat with timesreplanningswitched
off, theaveragetravel time andcongestiorshoulddecreasérom thosefoundin theinitial state
(freespeedoutes).

Figure 7.5 displaysthe averagetravel times, and Figure 7.6 displaysthe averagescores,
for eachiteration of both runswith externally de ned initial times. In the routesonly run
(Figs. 7.5(a)and 7.6(a)),the averagetravel time quickly reachesa relaxed state,as expected
from previous experience where about50 iterationswere neededfor route relaxation. The
scoregake longerto relax,comparedwith the travel times, sincethe scoresare blendedwith
pastscores. The small uctuations in both plots are due to the stochasticityof the mobility
simulationandthereplanning.

For thetimesandroutesrun (Figs.7.5(b)and7.6(b)),theaverageravel time quickly reaches
a minimal value comparableo the relaxed value in Fig. 7.5(a), but thenincreasegoward a
higherrelaxedvalue. Theaveragescorebehaesmuchthesameway asfor theroutesonly run,
thoughit seemdo relaxallittle slower, andto a slightly lower value. Both plotsalsoappeato
uctuate more. The slower relaxationandthe higher uctuations canboth be attributedto the
factthatthereare now twice the numberof agentsperformingreplanning,anda given agent
must optimize both actvity times and routesbefore nding its bestscore. The fact that the
averagetravel timesincreasewhile the averagescoresalsocontinueto increasandicatesthat
agentsareableto compensatéor alongertravel time by arriving to work atamoresuitabletime;
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Figure 7.5: ZRH6-9with secondagentdatabase Travel timesfor the runsusing externally
de nedinitial times. Theseplotsdisplaythe averagevaluesof thetravel time collectedoverthe
entirepopulationof agentsduringeachiteration.
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Figure7.6: ZRH6-9with secondagentdatabaseScoredor the runsusingexternally de ned
initial times. Theseplots displaythe averagevaluesof the planscorecollectedover the entire
populationof agentduringeachiteration.

I.e. agentghatwereformerly early or late cannow arrive within thework arrival time window.
Longertravel timesarenecessargincemoreagentsaretrying to usethe network atthe same
time. Thisis supportedy the arrival time histogramsgdescribechext. Thelongertravel times
addpenaltiedor traveling more,andreducerewardfor performingactwities, causinghelower
total score.

Thedepartureandarrival time histogramgFigure7.7) shav how thereplanningaffectsthe
time structureof theagents'trips. Both theroutesonly andthetimesandroutesrunsstartfrom
the sametime structurein iterationO (Figure7.7(a)). Sincethe routesonly run doesnot allow
replanningof actvity times, the homedepartureime distribution (HDTD) staysthe samein
later iterationsasin the initial iteration(seedottedline on left sideof Figure7.7(b)). In this
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Figure7.7: ZRH6—-9with secondagentdatabaseDepartureandarrival time histogramdor the
runswith externallyde ned initial times. Takenover5 minutetime bins.

run agentscanonly changetheir travel times (by changingroutes),so the work arrival time

distribution (WATD; solid line onleft sideof Figure7.7(b))changedo morecloselymatchthe

shapeof theHDTD, causingmoreagentdo arrive earlierthanin theinitial iteration.All agents
continueto usean8 hourwork duration,sothework departurdime distribution (WDTD; dotted
line onright sideof Figure7.7(b))is identicalin shapeto the WATD.

In the timesandroutesrun, agentsmay changetheir departuretime from home(HDTD;
dottedline on left sideof Figure7.7(c)). They do soin orderto arrive within the work arrival
time window, which is clearly visible betweenthe two peaksin the WATD (solid line on left
sideof Figure7.7(c)). Thetwo peaksof the WATD histogramare at the 7:10-7:15AM time
bin andthe 8:45-8:50AM time bin, just “inside” the bordersof the time window de ned for
theseruns. The peaksexist becausenary agentan theinitial time structurearrive too early or
too lateto work, andthey must“squeeze’into thetime window to attainbetterscoresOncean
agenthasoneor moregoodplansthatarrive within thatwindow, it no longerneedgo “push”
its plansto arrive furtherinsidethewindow, sincethereis no differencen utility for ary arrival
time thatis within the window. This probablyindicatesthatthe arrival time window for work
needdo becalibratedcloserto reality, but atthe momentno suchcalibrationdatais available.

77



10000 T - 10000 T
7-8AM @ 7-8AM @

1000

1000 -

100

100

Events-based Throughput
Events-based Throughput

10 a 10
10 100 1000 10000 10 100 1000 10000

Traffic Count Data Traffic Count Data

(a) Traf®c count data vs. RoutesOnly, iteration (b) Traf®c countdatavs. Timesand Routes,jtera-
262. tion 200.

Figure7.8: ZRH6-9with secondagentdatabase Graphicalcomparisorof trafc countdata
to simulationresultsfor the runswith externally de ned initial times. Datais takenfrom the
7:00-8:00AM hour.

Bias/ Error Routesonly | Timesandroutes
MeanAbs. Bias: | +33140 + 30632
MeanRel. Bias: +19.62% +2527%
MeanAbs. Error: 533.55 50377
MeanRel. Error: 37.50% 3538%

Table7.2: ZRH6-9with secondagentdatabaseBiasanderrorof traf c countdatacompared
to simulationresultsfor the runswith externally de ned initial times. Datais takenfrom the
7:00-8:00AM hour.

Figure 7.8 shavs the comparisorbetweentheseresultsandthe traf c countdatafor the
12 links aroundZurich, asdescribedn Sec.7.1.3,above. Thetwo runsdo not seemto differ
from eachothervery much with respectto actualtrafc counts,and mostof the points lie
within the “acceptablerange. The quantitatve measure®f biasanderrorsareagainsimilar,
comparingoothcolumnsof Table7.2. Thetableappeardo showv, however, anover-estimateof
o w betweer7—8AM. This makessensegiventhe“squeezing’of agentstripsto arrive within
the work arrival time window. This is anotherindicationthat the arrival time window needs
bettercalibration.

7.3.4 Initial Departure Timesat 6:00 AM

The previous sectiondemonstratedhat the resultsboth with respecto the time structureand
with respecto validationdo not (at least)becomewvorsewhentime replannings switchedon.
However, theinitial conditionswerestill basedn the externally giventime structure.

This versionof the ZRH6—9scenaridestshow well theagentangenerata realistictime
structureevenwhenstartingfrom a clearlyimplausiblesetof initial conditions.To do this, the
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Figure7.9: ZRH6—-9with secondhgentdatabaseTravel timesfor therunswith initial departure
timesat 6:00 AM. Theseplotsdisplaythe averagevaluesof the travel time collectedover the
entirepopulationof agentsduringeachiteration.

endtime of thehomeactwity for every agentis resetto 6:00AM in theinitial planset,without
alteringary of the otherplanattributes.

Figure 7.9 displaysthe averagetravel times,andFigure 7.10 displaysthe averagescores,
for eachiterationof both runswith initial departurgimesat 6:00 AM. In the routesonly run
(Figs.7.9(a)and7.10(a)),the averagetravel time andaveragescoretake longerto achieve an
approximatelyrelaxedstate with the nal travel time muchhigherthanthatseenn Fig. 7.5(a),
andthe scoreendingup signi cantly lower thanin Fig. 7.6(a). Thesetrendsmake sensesince
it shouldtake longerto relaxto alesscongestedtatewhenmore(in fact,all) agentsareusing
theroadwaysat the sametime in theinitial iterations.Also, sinceagentscannotavoid starting
their trips at the sametime with only routereplanningenabledthey will not be ableto avoid
eachotheraswell asin arny of the runswith moredistributedtime structuresThis leadsto the
highertravel times,andthesehighertimescoupledwith the factthatmary moreagentsarrive
earlyto work (seearrival time histogramsn Figure7.11(b),describedelon) meanghescores
arelowerthanin otherruns.

For thetimesandroutesrun (Figs.7.9(b)and7.10(b)) theaverageravel time dropsquickly
asagentsstartusingemptyroutes thenslowsits descenasmoreagentgyetout of eachothers'
way. It takesmary iterations,but eventuallythe valuerelaxesto aboutthe samevalueseenin
Fig. 7.5(b). Theaveragescoreclimbsvery slowly overtheiterations,but alsoendsup at about
thesamedevel asthescoresn Fig. 7.6(b). These nal valuesindicatethattheagentsareableto

nd plansthathave aboutthe sametravel timesasin the timesandroutesrun with externally
de nedinitial times,andallowsthe agentdo arrive at work within thede ned time window.

The departureandarrival time histogramgFigure 7.11) shov how the agentsadaptfrom
having implausiblestartingconditions. Both the routesonly andtimes and routesruns start
from the sametime structurein iteration 0, as depictedin Figure 7.11(a),which shaws the
HDTD with alarge spike at 6:00AM, andagentsarriving to work for nearly5 hoursafterthat.
In theroutesonly run (Fig. 7.11(b)),all of the agentanustcontinueto departat 6:00 AM, but
they improve their routesand most of themare ableto arrive at work by 9:00 AM (seethe
WATD; solidline onleft). Naturally, becaus®f the constraintsn the plans,moreagentsarrive
to work between6:00 AM and7:00 AM thanin otherhistogramsjncludingin the timesand
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Figure 7.10: ZRH6-9with secondagentdatabaseScoresfor the runswith initial departure
timesat 6:00 AM. Theseplots displaythe averagevaluesof the plan scorecollectedover the
entirepopulationof agentsduringeachiteration.

Bias/ Error Routesonly | Timesandroutes
MeanAbs. Bias: 34476 +9924
MeanRel. Bias: 31.28% +1242%
MeanAbs. Error: 64411 52026
MeanRel. Error: 4384% 36.09%

Table7.3: ZRH6-9with secondagentdatabaseBiasanderrorof traf c countdatacompared
to simulationresultsfor therunswith initial departurdimesat 6:00AM. Datais takenfrom the
7:00-8:00AM hour.

routesrun (Fig. 7.11(c)).In thetimesandroutesrun, the peaksof the HDTD andWATD occur
in the sametime bins asthe correspondingpeaksin Fig. 7.7(c), which arethe 7:05—-7:10AM
and7:10-7:15AM bins, respectrely. However, the peaksare higher and moreagentdeave
homeandarrive atwork earlier thanin therun with externallyde ned initial times.

Figure7.12andTable 7.3 showv the qualitatve and quantitatve comparisonstespecitiely,
betweertheserunsandthetraf c countdatatakenfrom the Zuricharea.Onecanseethatin the
routesonly run (Fig. 7.12(a)),thattoo few agentsareusingthe links between7:00-8:00AM.
Thisis con rmed by theleft columnof thetable,which shovs alarge negative bias,andmakes
sensebecause¢herearemoreagentson theroadbetweer6:00-7:00AM thanthereshouldbe,
loweringthe numberof agentsriving after7:00 AM.

With thetimesandroutesrun, the graphin Fig. 7.12(b)appeargjualitatvely similar to the
previous comparisonse.g. Fig. 7.8(b). The quantitatve comparisonof the right column of
Table7.3shawvs signi cantly lessbias,but slightly moreerrorthanseenin Table7.2.

7.4 SecondAgent Database:CH6x9

The above resultsfocus only on the Zurich areadue to the memorylimitation imposedby
32-bit computergpractically about2 GB) andthe useof a single agentdatabase.A 64-bit
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Figure7.11: ZRH6-9with secondagentdatabaseDepartureandarrival time histogramsor
therunswith initial departurgimesat 6:00AM. Takenover5 minutetime bins.

dual-processoDpteronmachinewith 10 GB of memoryhasbeenobtainedwhich breaksthis
memorybarrierfor runninglargersimulationswith a singleagentdatabase.

This sectionpresentgesultsfrom a run of the secondagentdatabas¢seeChap.6) on the
64-bit machine executingthe CH6-9“home-work-home” scenariodescribedn Sec.7.1.2.1.
Onceagain,thisis a setof 988,666agentavhoseinitial planshave themleave homebetween
6:00AM and9:00AM, drive to work, stayfor 8 hours,andreturnhome.

While Sec.7.2 usedmore-orlessthis sameinitial demandthatrun wasdonewithout full
day plansandwithout theability to addmodulessuchasthe activity time allocationmodule.

The setupof the agentdatabaseuytility function, and initial demandis the sameas the
externallyde ned initial timessetupfor the ZRH6-9scenariq Sec.7.3.3),only thegeographic
areaandthe numberof agentsis changed.In addition, with the extra memoryavailable, the
numberof planseachagentmay storecanbe expandedrom Nyjans = 510 Npans = 6. The
simulationis runusingroutesonly (no actvity time replanningyandtimesandroutes(with both
actvity time replanningandroutereplanning)scenarios.

Figure 7.13 shaws the averagetravel times, and Fig. 7.14 shows the averagescores,per
iterationfor bothsetups Onecanseesimilarbehaior to theZurich-onlycasgFigs.7.5and7.6)
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Figure7.12: ZRH6-9with secondagentdatabaseGraphicalcomparisorof traf ¢ countdata
to simulationresultsfor therunswith initial departurdimesat6:00AM. Datais takenfrom the
7:00-8:00AM hour.
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Figure 7.13: CH6—9with secondagentdatabaseTravel timesfor the runsusingexternally
de nedinitial times. Theseplotsdisplaythe averagevaluesof thetravel time collectedoverthe
entirepopulationof agentduring eachiteration.

exceptthetravel timesarelower overall, andthe scoresrelax faster andto highervaluesthan
thoseseenearlier Presumablythis is due to the large numberof trips taking placein less
crovdedareasof Switzerlandwhereagentscan nd optimalplansfasterthanin Zurich.

The histogramsof Fig. 7.15 have similar shapedo the Zurich-only histogramgFig. 7.7),
but with moreagentsnvolved. This makessensesincethe sameinitial time distribution was
used,andthe sametime mutationwasusedin the actvity time allocatormodule. Onecansee
thatin iteration0 a higherpercentagef agentsareableto arrive between7:00-8:00AM than
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Figure7.14: CH6—-9with secondagentdatabaseScoredor the runsusingexternally de ned
initial times. Theseplots displaythe averagevaluesof the plan scorecollectedover the entire
populationof agentduringeachiteration.

Bias/ Error Routesonly | Timesandroutes
MeanAbs. Bias: | +2634 +25732
MeanRel. Bias: +3.26% +3447%
MeanAbs. Error: | 29425 36325
MeanRel. Error: 27.75% 4158%

Table7.4: CH6—-9with secondagentdatabaseBias anderror of traf c countdatacompared
to simulationresultsfor the runswith externally de ned initial times. Datais takenfrom the
7:00-8:00AM hour.

in just Zurich, sinceSwitzerlands lesscongesteaverallthanZurich.

Figure7.16 and Table 7.4 shav the comparisorof the CH6-9runsto the countsdatabe-
tween7:00and8:00AM. Thistime,thecomparisons madeusing30countingstationghrough-
out Switzerlandwith datathatcould be matchedo the network.

Onecanseein these gures thatthe run with time mutationenablechasmary morepoints
above the centerline thanbelow it, indicatingan over-predictionof volumesduring the hour
betweer7:00and8:00AM. Table7.4 con rms this quantitatvely.

The table shows that the routes-onlyscenariodoesa much betterjob of matchingto the
countsdatathanthetimesandroutesrun. ThesenumbersarebetterthantheVISUM assignment
(seeTable 7.1). Thetimesandroutesresultsshav a high biascomparedo VISUM or the
Zurich-only results. This indicatesan over-predictionof travel duringthe 7:00-8:00AM hour
throughSwitzerland.

While theseresultsstill seento besomeavhatplausibleand/orrealistic,it is obviousthatthe
ad-hoautility functionmaynotbecorrectlycalibratedo matchreality. Onecanseein Fig. 7.15
thatafter230iterations therunwith timesreplanningenablechasmoreagentdeaving between
7:00and8:00AM thanthe initial time distribution does. Although the samething happensn
theZRH6-9scenariothereappearso bealargerdiscrepang betweerthetwo with the CH6-9
run.

While it is possibleto “tweak” the parameterdo correctthis over-predictionwithin the
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Figure7.15: CH6—-9with secondagentdatabaseDepartureandarrival time histogramdor the
runswith externallyde ned initial times. Takenover5 minutetime bins.

currentframework, it seemshatthe bestcourseof actionwouldbeto nd empiricallyjusti ed
modelsfor time allocation.This falls underfuturework.

7.5 Computational Performanceof the Framework

Computationabpeeds animportantaspecbf the simulationframenork becauséehe iteration
sequenceseedto be executedmary timesper scenario.In orderto give plannersthe ability
to try out asmary situations,options,and/orparameterssthey wish, the executiontime of
thefeedbackecycle shouldbe minimizedin orderto performasmary iterationsaspossiblein a
smallamountof time (e.g.over night).

7.5.1 Execution Timesfor the First Agent Database(MySQL)

Figure7.17shavs severalgraphgelatingto theexecutiontime asafunctionof iterationnumber
for theimportantstepsin the rst agentdatabaséeedbackapproach Most of the graphsrefer
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Figure7.16: CH6—9with secondagentdatabase Graphicalcomparisorof trafc countdata
to simulationresultsfor the runswith externally de ned initial times. Datais takenfrom the
7:00-8:00AM hour. Comparewith Figure7.4(b).

to the CH6—9scenariowhich is the morerealisticoneof thetwo.
Figure7.17(a)shavstheexecutiontimefor thosefeedbaclkstepgshatarelinearin timebased
ontheirinputsize(O(n)). Thenumberof plansin the databasgoesup by 10% eachiteration,
andthe executiontime of theseoperationsancreasedinearly with the iteration number(and
thusthenumberof plans).So, mostof the databaseperationscaleup (essentially)inearly in
the numberof plansit contains. This graphalsoallows oneto comparethe resultsof the two
test-casedhasedon their problemsize. The Gotthardscenaridbeganwith 50,000planswhile
the CH6—9scenaridoeganwith about1,000,000 By multiplying the Gotthardexecutiontimes
by 20, onecanseethoselines matchwith the CH6-9lines, furthersupportinginearscale-up.
Figure 7.17(b) shavs someotheroperationgsuchas parsingthe events les) thatdo not
havelinearexecutiontime, but mostlyconstanexecutiontime (O(1)). Theseely ontheamount
of dataproducedby the simulator suchasthe numberof events. In theseplots, the mobility
simulationtakesmoretime to run in the earlyiterationsbecaus¢he more“na’ve” plansof the
agentausanorecongestionywhich takeslonger(i.e. moresimulatedtiime) to dissipate.
Figure 7.17(c)shows the executiontime—for the CH6—9 scenariconly—of differentver
sionsof the output-travel-timesoperationwhich requestshejoined outputof anagents'travel
time scoreswith the used-planags. In the“old” method,output-travel-timesasked the data-
basesenerto sorttheinformationby the agentandplannumber This took along time within
the databasé€“output-tt w/DB sort”). This wasimproved signi cantly by askingthe database
for unsorteddataandthensorting it externally (via the Unix “sort” command). The corre-
spondingexecutiontimesfor databas@utputandfor externalsortingare“output-tt unsorted”
and“sort-tt”. Evenwhenaddingup thosetwo time contributions (“output-tt + sort”), they are
still signi cantly lessthanwith the original approach.
Figure 7.17(d) summarizeghe other three graphsby depictingthe contrikution of each
operationto the total executiontime of eachiteration. This graphshaws the “old” method,
wherethe databasés aslkedto sortthe output-travel-timegesults.Onecanseethatthe output-
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Figure 7.17: Gotthardand CH6—-9 with the rst agentdatabaseExecutiontimes of various
contritutionsto oneiteration,asa functionof theiterationnumber “G” refersto the Gotthard

scenario’6-9” to the CH6-9scenario.

travel-timesoperationtakesa moreand moresigni cant fraction of the executiontime asthe

iterationsprogress.
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7.5.2 Execution Timesfor the SecondAgent Database(C++)

For the ZRH6-9scenariopneiterationwith the secondagentdatabase¢akeson averageabout
102minutes.Theapproximateaveragedurationof sub-step®f aniterationis listed below:

18 secfor theactiity time allocationmodule
23 min for theroutereplanningnoduleof whichabout1l9 minis spentreadingtheevents

39 min for the mobility simulation,including le input and output(seealso Cetinand
Nagel,2003)

11 min for meging theevents les from themobility simulation

16 min for readingmergedeventsandprocessingheminto scores

105secfor writing the selecteglans

12 min for otherl/O processes/bottlenecksgmmunicatioranddatapreparations

Thesetimesallow the calculationof 15—20iterationsperday

Figure7.18shawvs graphsof theexecutiontimesfor variousstepsn the CH6—9scenaridor
the secondagentdatabaseNote thatabout14 minutesof the routereplanningis spentby the
routerreadingandprocessingvents.Onecanseethattheseexecutiontimesarevery similar to
theonesabove, for theZRH6—9scenariogventhoughthereareaboutfour timesasmary agents
in the CH6—-9scenario.This similarity canbe explainedby the factthatthe agentdatabaséor
the CH6-9scenariais run on the 64-bit machine ,which hasa newer, fasterCPU, andfaster
a memoryarchitecture. In addition,the mobility simulation,for the ZRH6-9 scenarioruns
inef ciently dueto thefactthattheentireSwitzerlandhetwork is simulatedput agentsonly use
theZurich part,soevenwhenrunningin parallelon several CPUs,only afew CPUsareactually
doingary work. For CH6—9aboutl0 iterationscanberun perday.

7.5.3 Other Performancelndicators
7.5.3.1 Disk Usage

The MySQL databaséor the Gotthardscenaridakesa total 159 MB of disk spaceafter50 it-
erations(0—49). The MySQL databasdor the CH6—9scenariaakesa total of 1.3 GB of disk
spaceafter51 iterations(0-50).

A typical TRANSIMS-baseglans le for the Gotthardscenaridakesabout22 MB of disk
spacg(1.3-2.1MB whencompressed)A typical TRANSIMS-baseglans le for the CH6-9
scenaridakesaboutl27MB (25-28MB whencompressed).

A typical XML-format plans le for the CH6—9 scenario(which hasadditional“work to
home”trips) takesabout571 MB of disk space(36 MB whencompressed)For the ZRH6-9
scenario,@ompletedatasetgeneratedy oneiterationof the secondagentdatabasgroduces
about280 MB of data(whencompressed)Theseare generallykeptfor the rst andlastfew
iterations,andalsofor every 10" iterationin between.For eachof the otheriterations,only
about8 MB of (compressedanalysisinformationis kept. For CH6—9with the secondagent
databasehesenumbergyo up to aboutl GB perentirecompressederation,andabout33 MB
of (compresseddnalysisnformationfor otheriterations.
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Figure7.18: CH6—9with secondhgentdatabasetndividualandcumulatve executiontimesper
iterationfor majorstepsin theiterationsequence.

7.5.3.2 Memory Usage

The numberof plansthata memory-basedgentdatabaseanhold is limited by the memory
thatasingleprocessanaddressin a 32-bitarchitecturethis limit is 2 GB of memory

A single “home-work-home” plan in the memoryof the secondagentdatabaseakes up
500-700Bytesof memory Agentstypically keep5—6 plansin memory which for the ZRH6-9
scenarioresultsin aboutl GB of memory(including someoverhead). The CH6—-9 scenario
is aboutfour timesthis size,whichis why it cannotrun on the 32-bit architecturewith all the
agentson onecomputer

The replanningmodulesalso needmemoryto function. The routermodule,for example,
needsabout200MB of memory whichis feasible.Higherresolutionnetworkswill needmore
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memorywhich mightbecomea problemin thefuture.

7.5.4 XML PlansReading/Writing Speed

The parserthat translategshe XML formatplans le into agentandplan objectstakesa long
timeto parsethe plansin comparisorto parsingTRANSIMS-baseglans.

XML PlansParsing:about45 secondgo readabout98,867plans,or about0.046msecper
plan.

XML PlansWriting: about2 minutesto write 988,666plans,or about0.012msecperplan.

Thiswill bediscussedurtherin Chap.10.

7.5.5 Execution Speedof the Mobility Simulation

Computationaissuedor thetrafc o w simulationarediscussedh detailelsavhere(Cetinand
Nagel,2003;Cetin,2005). The main resultfrom thoseinvestigationss that, usinga Pentium
clusterwith 64 CPUsandMyrinet communicationthe queuesimulationcanrun morethan500
timesfasterthanrealtime (excludinginput andoutput), meaningthat 24 hoursof traf ¢ of all

of Switzerlandcanbe simulatedin lessthan3 minutes. Actual performancejncluding input
andoutput,canbeseenn thegraphsandnumbergresentedbore.

7.5.6 Summary and ConclusionsRegarding TheseResults

This chapterpresentgesultsof large-scalerunsof the multi-agenttransportatiorsimulation,
includingcomparisonso realdata,andcomputationaperformanceneasurement©nelearns
from theseresultsthatthesystemis ableto reproducedraf ¢ throughoutSwitzerlandandZurich
thatis atleastasrealisticasa standardassignmenmodel(i.e. the VISUM assignmentesults).
Thisis trueevenwith anactiity timesreplanningmodulethatignoressimulationperformance,
andproducegandomizedutput. The agentsarestill ableto learnwhich plansarebetter and
are ableto guidetheir own learningto nd plansthat perform betterthanwhat they started
with. Computationaperformancaloesnot yet meetthe goal of performingan entireiteration
sequencever night; techniquego improve performancevill bediscussedan Chap.10.
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Chapter 8

Technicallssues

The previous two chaptershave shavn the basicimplementationtwo versionsof the agent
database.This chapterpresentanore detailsaboutthe implementationand points out some
technicalissuegelatedto implementatiordecisions.

8.1 MySQL Agent Database

Figure 8.1 shaws the iteration control script, in pseudocode.This hides somenonessential
technicaldetails,suchasexact lenames,somecommand-lineagumentsanderror checking.
Thescriptscalledby this scriptarepresentedh later gures:

create _db.sgl ,in Fig.8.2,initializesthe MySQL databaséor useby the system;
load _plans.sql ,in Fig.8.3,loadsasetof plansfrom aplans le into thedatabase;

output _travel _times.sql , in Fig. 8.4, writes a le containingthe travel time
(score)for eachplanof eachagentcontainedn theagentdatabase;

pick _plans.awk ,inFig.8.5readghetraveltimeoutputof output _travel _times.sql
andchoosegsheplanto executein the next run of the mobility simulation;

read _flags.sql ,in Fig. 8.6,readghe outputof pick _plans.awk andupdateghe
ags tablein thedatabasewriting thechoserplansto a le;

read _events.awk ,in Fig.8.7,processetheeventsfrom the simulationinto aninter-
mediatele of link entries/eits for eachvehicle,andwritesa le (ENDTIMES) contain-
ing thearrival time of eachvehicleatits destination;

update _tt.sql ,in Fig.8.8,updateghetravel times(scores)f theplansin theagent
databasbasednthe ENDTIMES le; and nally

parse _link _times.awk ,inFig.8.9,corvertstheintermediatele fromread _events.awk
into aggregatedlink travel timesfor therouter
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copy initial _acts le toacts le

copy initial _plans. le to plans. le

runcreate _db.sgl in MySQL

corvertplans le to databaséormat;sase asplans.for.db
runload _plans.sgl  in MySQL

if iter > Othen
runrouterf readsacts le andtraveltimes le ; writesplans. le for 10%of theagentg
corvertplans le to databaséormat;sase asplans.for.db
runload _plans.sgql  in MySQL
endif
runoutput _travel _times.sgql in MySQL
if usingexternalsortingfor travel timesthen
sorttravel _times.out by agentiD andplannumber
endif
pick _plans.awk -v seed=iter travel _times.out > flag _update.in
runread _flags.sql in MySQL
run paralleltrafc o w simulation
meigeevents les into events le

read _events.awk eventsle > events.start _end

runupdate _tt.sgql  in MySQL

parse _link _times.awk events.start _end > traveltimes le
endfor

Figure 8.1: Pseudocodéor the iteration control script in the MySQL versionof the agent
databaseVariablesarein italics; scriptnamesspeci ¢ lenamesandcommandine sequences
arewrittenin monospace .

8.2 C++ AgentDatabase

Figure8.10shaws the pseudocodef theiterationcontrolalgorithmbuilt into the C++ version
of the agentdatabase.The selectPlans() function referencedn this pseudocodés ex-
pandedn Fig. 8.11. The subroutinementionedthere,selectPlanExpBeta() , IS shawn
in Fig. 8.12. As would be expectedthe codefor selectPlanExpBeta() is quite similar
to thechoose _plan _num() functionin Fig. 8.5. The major differencebetweerthemis the
subtractiorof the maximumscorefrom the scoresduringthe probability calculation.

8.3 XML PlansParsing

Figure 6.1 shavs anexampleof the XML-basedplansformat. Onecanseethatthe datahasa
hierarchicalstructureof “tags” (thewordsin <>'s), with attributes(key/valuepairs)associated
with eachtag. For example,the“act” and“leg” tagsarecontainedwithin a“plan” tag, but not
directly within a“person”tagor within other“act” tags.The“act” taghasattributeslik e “type”
and“link”, while the“person”taghasits own attributes,suchas*id.”

In orderto maintainthehierarchicaktructureof thedatawithin the (secondjgentdatabase,
| createda collectionof connectectlassesn C++ thatrepreseneachtag of the plansformat,
alongwith their associatedattributesandrelationships.Table 8.1 shows the attributesof each
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DROPDATABASEIF EXISTS agdb;
CREATEDATABASEIF NOT EXISTS agdb;

USE agdb;

CREATETABLE plans (
agent INT UNSIGNEDNOT NULL DEFAULT O,
plan_num INT NOT NULL AUTO_INCREMENT
is_new TINYINT UNSIGNEDNOT NULL DEFAULT 1,
start_time INT UNSIGNEDNOT NULL DEFAULT O,
plan TEXT NOT NULL,

PRIMARY KEY ( agent , plan_num )
)i

CREATETABLE travel_times (

agent INT UNSIGNEDNOT NULL DEFAULT 0,
plan_num INT NOT NULL DEFAULT O,
travel_time INT NOT NULL DEFAULT O,

PRIMARY KEY ( agent , plan_num )
)i

CREATETABLE flags  (

agent INT UNSIGNEDNOT NULL DEFAULT O,
plan_num INT NOT NULL DEFAULT 0,
flag TINYINT UNSIGNEDNOT NULL DEFAULT 0,

PRIMARY KEY ( agent , plan_num )

Figure8.2:create _db.sgl : Initializesthedatabasandtables.
UPDATE plans
SET is new =0
WHEREs new <> 0;

LOAD DATA LOCAL INFILE ‘plans .for .db' INTO TABLE plans

FIELDS TERMINATEDBY '/ LINES TERMINATEDBY “n \n' (
agent ,
start_time
plan
)i
# Now all inserted plans have is new = 1; add rows into flags and
# travel_times tables for these new plans .

INSERT INTO flags
SELECT agent, plan_num, O
FROM plans
WHERE is new = 1;

INSERT INTO travel_times
SELECT agent, plan_num, O
FROM plans
WHERE is new = 1;

Figure8.3:load _plans.sgl : Readsan(initial/updated)plans le into thedatabase.

classof this object-orientedhierarchicaldatastructurefor plansinformation. Onecanseethat
it closelyresembleshe XML plansexamplein termsof informationandstructure.Whenone
objectneeddo storeoneor moreof anotherobject(sucha Personinstancecontainingseveral

Plan instances)a C++ StandardTemplateLibrary (STL) vector
theinstances.
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LOCK TABLES travel_times READ flags READ
SELECT
travel_times .agent
travel_times .plan_num
travel_time ,
flag
INTO OUTFILE ‘travel_times
FROM
travel_times ,
flags
WHERE
travel_times .agent = flags .agent AND
travel_times plan_num = flags. plan_num
## GROUPBY agent , plan_num # Uncomment to sort in MySQL
# NOTE No UNLOCKhere ; that is done when the flags are read .
Figure8.4: output _travel _times.sql : Outputstheentireupdatedravel-timestable,so

theexternalscriptcanchoosehenew setof plans.Includesthe ag to indicatewhich planwas
chosenasttime (if ary).

class attribute
name type name notes
Person string id required
unsigned (selectedPlan) internal;index of “selected’plan
vector<Plan> (plans) internal;holdsalist of plans
Plan double score optional
bool selected optional(default= false)
vector<Activity> (actwvities) | internal;holdsalist of actwities
vector<Leg> (legs) internal;holdsalist of legs
Activity string type required
double x100 optional
double y100 optional
ID linkID optional
ID zonelD optional
Time startTime optional
Time endTime optional
Time duration optional
Leg string mode required
Id num optional
Time departureime | optional
Time travelTime | optional
Route route canbeempty
Route N/A N/A optional;holdslist of nodelds

Table8.1: Componentandattributesof plansdatahierarchy
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BEGIN { srand (seed ); }

function choose_plan_num () {

sum = 0;
max_p = O;
while (p=1; pin tt ; p++ ) {
if (tf p] ==0) { return p; } # ALWAYSchoose new plans

prob [p] = exp(-1.0/360.0 * [ p);
sum += prob [p];

max_p = p;

pt++,

}

sum_list [0] = O;
for (p=1; p<=maxp; p++) {
norm_prob [p] = prob [p] / sum;
sum_list [p] = sum_list [p-1] + norm_prob [p];

}

if ( sum_list [max_p] != 1.0 ) {
sum_list [max_p] = 1.0;

rand ();

1

while ( r >= sum_list [p] && ( (p+t1) <= max_p ) ) {
p++;

}

return P

}

function update_flags () {
pn = choose_plan_num ();
for (pin tt ) {
print old_agent , p, p == pn;

delete ft;
}

NR == 1 { old_agent = $1; }

{
agent = $1;
plan_num = $2;
travel_time = $3;
if ( agent != old_agent ) {
update_flags ();

tt [plan_num ] = travel_time ;
old_agent = agent;

}
END { update flags (); }
Figure8.5: pick _plans.awk : Readsa le of agent,plan.num,travel_time, and ag from

output _travel _times.sql . Chooseshe newv plannum for eachagentbasedon the
travel_time. Assumesnputis sortedby agentthenby plan.num.

94



CREATE TEMPORARYTABLE tmp (

agent INT UNSIGNEDNOT NULL DEFAULT 0,
plan_num INT NOT NULL DEFAULT 0,
flag TINYINT UNSIGNEDNOT NULL DEFAULT 0,

PRIMARY KEY ( agent , plan_num )
)i

# READlock of travel times is overridden here
LOCK TABLES flags WRITE plans READ

LOAD DATA LOCAL INFILE ‘flag_update in ' INTO TABLE tmp;

REPLACEINTO flags
SELECT *
FROM tmp;

DROPTABLE tmp;

# Output chosen plans
SELECT plan
INTO OUTFILE 'plans .out '
FIELDS TERMINATEDBY '' ESCAPEDBY " LINES TERMINATEDBY "“\n\n
FROM
plans ,
flags
WHERE
plans .agent = flags .agent AND
plans .plan_num = flags .plan_num AND
flags .flag = 1;

UNLOCKTABLES

Figure 8.6: read _flags.sql . Updatesthe ags and writes the chosenplans. The
flag _update.in le is outputfrom pick _plans.awk

Oneissuewhenusinga vector or otherSTL containeris whetherit shouldcontainactual
objectinstancegwhich are boundto the memoryusedby the vector) or pointersto object
instancegwhich have independenthallocatedmemoryandcansit anywherein the programs
memoryspace).Pointersto objectsarea bit messiertto dealwith thanthe actualobjects,and
causanorememoryto beusedover all—thememoryusedis thatof the objectplusthememory
usedby thepointer However, pointersaregenerallysmallerthanobjects socopying apointeris
oftenmuchfasterthancopying anobject. Thisgenerallymakesresizingandcopy operation®n
thevectorfaster Sincepointerscanpointto objectsanywherein memory accessing@bjectsvia
avectorof pointersis likely to causenorememorycachemisseghanwould accessingbjects
storeddirectly in avector Theagentdatabasgenerallyneedso usememoryasefciently as
possible sinceit storesthe dataon so mary agents.For thisreasonjn the plansdatastructure
| choseto storeobjectsdirectly in the vectors,ratherthan storing pointersto objects. This
decisionbringswith it atime performancepenalty however, asmoredataneedsto be copied
whencopying a planobjectfrom onelocationto another

FromFig. 6.1 onecanseethatthe arrangemenof datain an XML le is somavhatcom-
plicated,in comparisorto a simplecolumn-or line-orientedtext le. The ExpatXML parser
library, writtenin C, providesa simpleinterfaceto thelogical structureof the XML le, where
the actualprocessingf the contentis left to the userprogram. While readingan XML le,
Expatextractstheimportantpartsof the XML, namelythe beginning of eachtag(or element),
including the tag's inlined attributes; the end of eachtag; andthe databetweentags. When
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BEGIN {
print  "VEHICLE", "LINK", "ENTRY', "EXIT";

}
ITIMESTEP/ { next ; } # Skip header line (s)
o
timestep = $1;
vehicle = $2;
link = $3;
flag = $5;
end_time [vehicle ] = timestep ;
# 2 means vehicle exits link
if (flag ==2) {
if ( older_time [vehicle ] I=
print ~ vehicle , old_link [vehicle 1],
older_time [vehicle ], old_time [vehicle 1;
older_time [vehicle ] = old_time [vehicle 1];
old_time [vehicle ] = timestep ;
old_link [vehicle ] = link ;
}
}
END {
for ( v in end_time ) {
print v, end_time [v] > "END_TIMES;
}
}

Figure8.7:read _events.awk : Readsasinglememgedeventsle (sortedby eventtime)and
gures out wheneachvehicleenteredandexited eachlink in its plan (excludingthe rst and
lastlinks, sincethey arenottraversedcompletely).

oneof thesepiecess encounterety Expat,it callsa userde ned functionto handletheactual
contentwith adifferentfunctioncalledfor eachtype of piece.

UsingExpatto aidin parsingXML datarequiresheuserto write severalof thesé‘callback”
functionsto handlethe varioustagsthat will be encounteredandtheir associatedttributes.
Thesefunctionsmustbe ableto accesghe stateof the programin orderto changet basedon
theincomingdata. This approachs not very object-orientedbut Expatprovidesa mechanism
to somavhatencapsulatéhe datathatthe callbackfunctionsneedto access.

| implementecan XML plansparserclassin C++thatactsasa“wrapper” aroundexpatand
hidesit from restof the softwaresystem.The parsemprovidesthe necessargallbackfunctions
for parsingthe XML plansformat, andallows the userto gain more control over the o w of
the parsing. The parseris aware of the datastructurede ned above, andcan easily build up
completeplan and personobjectswhile readingXML plansdata. Figure.8.13 presentghe
basiccomponent®sf this parseiin pseudocodéet parseshe le onePersonatatime,returning
controlto the userafter completingat leastone Person object. The granularityof the parsing
is controlledby the BUFFSIZE variable;if a persontag takesup more bytesin the le than
BUFFSIZE, thensereral “chunks” may be readbeforereturningcontrol. Onthe otherhand,if
the persontagsare small comparedo BUFFSIZE thenseveral Person objectsmight be read
per“chunk’ The parsemaintainsan internalqueue(implementedasan STL “deque” class)
that keepstrack of the Person objects,returningthemto the user(who request¢hemvia the
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CREATE TEMPORARYTABLE end_times  (
agent INT UNSIGNEDNOT NULL DEFAULT O,
end_time INT NOT NULL DEFAULTO
PRIMARY KEY ( agent )

)i
LOAD DATA LOCAL INFILE 'END_TIMES' INTO TABLE end_times ;
LOCK TABLES travel_times WRITE flags READ, plans READ

REPLACEINTO travel_times
SELECT
flags .agent |,
flags .plan_num |,
( end_times .end_time - plans .start _time ) AS travel_time
FROM
flags ,
plans ,
end_times
WHERE
flags .agent = plans .agent AND
flags .agent = end_times .agent AND
flags .plan_num = plans .plan_num AND
flags .flag = 1;

DROPTABLE end_times ;

Figure 8.8: update _tt.sql : Updatestravel times. The ENDTIMES le is output by
read _events.awk

getNextPerson function)in theorderthey wereread.

While this plansparseris convenient,it unfortunatelyhasseveral performancepenalties
built in. The rst is that sinceall objectsin the plansdatahierarchyare kept as instances
insteadof pointersto instances,copying a Person objectis an expensve operation. The
getNextPerson() function copiesthe Personobjecttwice onceto getit out of the queue
andonceto returnit to the calling function. This is an unavoidableconsequencef storing
objectsdirectlyin anSTL deque(double-endedjueue)container

Anotherperformancgenaltywith theplansparseiis thatin orderto be“all C++” it corverts
Expat's C-basedstrings(characteiarrays)into C++-basedstrings(more complicatedobjects)
beforehandlingthem. This meansnuchtime is spentin betweenExpat's parsingof the data
andtherestof the systemseeingthatdata,asthe stringsarecorverted.

Theseproblemssene to slow down plansreadingsigni cantly comparedo the speedof
parsingplaintext les, or of having ExpatparseXML without processinghe datain context.

8.4 Lessond.earned

The C++ versionof the agentdatabasés muchmore e xible in termsof handlingmodules,
andtrying out new featuresthanits MySQL counterpartlf | wereto re-implementhe system
yetagain,| would do somethingsdifferently however. | would implementthe systemin C++,
but malke it lesstightly coupledto the Plansformatusedfor transportationThis way, it would
be easierto usethe sameagentdatabasdor othersimulationsof socialsystemswith learning
agents.

The agentdatabasaloesnot in generalneedto “understand’the contentsof an agents
stratgyies,or the communicatiorthatoccursbetweenagentsandthe externalmodules.It sim-
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BEGIN {
min_time_bin 10000.0;
max_time_bin = -10000.0;
min_link = 100000000.0;
max_link = -1.0;
print ~ "LINK", "TIME", "COUNT, "SUM';

}

NR > 1 {
vehicle = $1;
link = $2;
entry_time = $3;
exit_time = $4;
travel_time = exit_time - entry_time

# 21601...22500 => 25

# 22501...23400 => 26

time_bin = int ( (travel_time -1) / 900 );

count [link , time_bin ] ++;

sum[link , time_bin ] += travel_time

if ( link > max_link ) { max_link link ; }
if ( link < min_link ) { min_link link ; }
if ( time_bin > max_time_bin ) { max_time_bin
if ( time_bin < min_time_bin ) { min_time_bin

time_bin ; }
time_bin ; }

}

END {
for ( tt = min_time_bin ; tt <= max_time_bin ; tt ++ ) {
for (I = min_link ; I <= max_link ; Ill++ ) {
if ( (I, t ) in count ) {
print Il , (tt+1) * 900, count[ ILtt ], sumflltt 1
output_link [l 1 = 1;
} else if ( output_link [l ] ==1) {
count [II tt] = count [ll, tt-1];
sum(ll,tt ] = sum[ll tt-1] - count [II ,tt] * 900;
if ( sumlll, tt] <=0) {
sumll , t] = O;
count [ IL,tt] = 0;

print Il , (tt+1) * 900, count[ ILtt ], sumflltt 1
}
}
}
}

Figure8.9: parse _link _times.awk : Readgheoutputof read _events.awk ,andtrans-
formsit into somethingesemblinga TRANSIMS travel times le. Whenno vehiclesentera
link during a giventime bin, if any vehicleshave enteredat somepoint before,the countand
sumareestimatedrom thoseof the previous bin. Onceary queuenthelink areresohed,a
0 for sumandcountis reportedjo tell therouterto go backto usingthefree-speedravel times
for thelink for this andfuturetime bins.

ply needsto make the plansavailableto the agents keeptrack of their scores,and provide a
mechanisnior themto communicatevith the modules.In fact,eventhe eventsprocessingan
be movedto anexternalmodulethatcalculateghe scoredor theagents.

So,the new agentdatabasevould storesimpleagentsnot derived from the Person class.
Theseagentswvould storepointersto somegenericandopaqguePlan object,andscoresassoci-
atedwith thoseplans.Thisis very muchlik e theway the MySQL versionstoresdata. The new
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readcon guration parameterromcon g_le

f createagentg
openinitial _plans_le for reading
while aryMorePersons(¥ truedo
agent ( new Agent(getNetPerson())
insertagent into Agents map,keyedby ID
endwhile
closeinitial _plans. le

selectPlans()

if iter > Othen
f replanactuity timesy
actSchedulewriteRequestedPlandéns. le)
actSchedulerun(plans. le)
readAndUpdatePlang@ns le)

freplanroutes

routerwriteRequestedPlandéns. le)

routerrunevents le, plans. le)

readAndUpdatePlang@ans le)
endif

writeSelectedPlanglans. le)

run paralleltrafc o w simulation
meigeevents les into events le
readEentsévents le) f triggersplanscoringy

sase les andcheckpointdatabase
endfor

Figure8.10: Pseudocod®r theiterationcontrolscriptin the C++ versionof theagentdatabase.
Variablenamesarein italics.

versionwould bea hybrid of thetwo in thisrespect.
In addition,| would rewrite the plansparsercompletelyto work betterwith moregeneric
plansdata,andto be moreperformanceonsciousatherthanoverly elegant.
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for all agent 2 Agents do

r ( Random.getNeUniform(1.0)

p ( Random.getNaUniform(agent.numPlans())

if iter = 0 then
agent.selectPlan) f usuallyonly 1 planinitially g

elseif r < 0:1 then
actSchedulerequestNe/Plan@gent, p)

elseif r < 0:2 then
routerrequestNePlan@gent, p)

elseif r < 0:3 then
agent.selectPlamn)

elseif =1 then
agent.selectBestPlan()
else
agent.selectPlanExpBeta()
endif

endfor

Figure8.11: selectPlans()Eachagentchoosesamongtheir currentplans,or requestsa new
planfrom amodule.

8.5 Summary

This chaptershavs someof the implementatiorand algorithmic detailsof the two agentda-
tabaseversions. Objectorientedtechniquesallow the C++-basedagentdatabaseo be more
e xible over-all, but allow for complicatedmistalesthatarehardto x onceothersbegin using
thesoftware.
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if hasUnde nedScores()hen
f all plansmusthave ascore
selectRandomUnscoredPlan()
return

endif

psum( O
probs( vector ofdouble s

prob( exp( (plans[ppl:score() getMaxScore()
if prob Othen
prob= MIN_PROB flowestpositve oating-point numberthatcanberepresentegl
endif
probgpp] = prob
psum = psum+ prob
endfor

lastCumProb( O
cumProbs( vector of double s

lastCumProb( lastCumProb+ probgppl=psum
cumProbgpp] = lastCumProb

endfor

if lastCumProbé 1then
cumProbgnumP lans()] ( 1

endif

r ( Random.getNgUniform(1.0)

pp( 1
while (r  cumProbgpp] ) AND (pp+ 1 numPlans() ) do

pp= pp+ 1
endwhile
selectPlargp)

Figure 8.12: selectPlanExpBeta()An agentchoosesa plan basedon the multinomial logit
choicemodel.
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f Theparse functiorg
pauseRrsing( FALSE
while NOT ( doneRrsing OR pauseRrsing) do
allocatebuffer of sizeBUFFSIZE(= 8192
readat mostBUFFSIZE characterérom plansFle
if plansHle is atendthen
doneRrsing= TRUE
endif
call Expatto parsethe contentsof thebuffer f ExpatexecuteghecallbackswhenaPerson
hasbeencompletelyparsedpauseRrsingis setto TRUEgQ
endwhile

f TheParser initialization functiong

f acceptghe parameterlenameg
openthe le lenamefor reading
createa new instanceof the Expatparser
registercallbackfunctionswith Expat
pauseRrsing( FALSE

doneRrsing( FALSE

initialize personQueue

parse()

f TheanyMorePersons functiorg

f returnsabooleanvalugy

if (personQueussize()> 0) ORNOT doneRrsingthen
returnTRUE

else
returnFALSE

endif

f ThegetNextPerson functiong

freturnsaPerson objecy

if (personQueussize() 1) AND NOT doneRrsingthen
call parse()

endif

returnferson( personQueudront() f COPYlg

personQueugpopfront()

returnreturnRersonf COPYlg

Figure8.13: Pseudocodéor the main partsof the XML plansparser The callbackfunctions
arestraightforvard, simply insertingdatainto objectsvia setmethods.
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Chapter 9

Outlook: Architecture Application

Previous chaptershave so far describedhe designandreal-world validationof a multi-agent
framework for transportatiorsimulationintendedo beappliedto transportatiomplanningprob-
lems. Sincethe framework is alreadymodular andthe XML plansformatis extensibleand
easilyadaptablejt makessenseo considerapplyingthe ideasof the framework, suchasthe
agentdatabas@ndthe separatestrategy andphysicallayers,to othersocio-economi@lanning
applications.In fact, the basiccomponentandideasof the framavork have beenkeptgeneral
enoughto be ableto utilize the frameavork in otherapplicationsvheremulti-agentsimulation
may be of use.

9.1 An Architectural Planning Problem: Of ce Building In-
teriors

Onesuchapplicationliesin the eld of architecturein thedesignof of ce buildings. Architects
must nd locationsfor the building's serviceghat t within the engineeringconstraintsof the
building, while meetingthe needsof the peoplethatusethe building. This couldbe saidto be
“building interiorplanning’ Thisis notthesameaskasplanningthelayoutof severalbuildings
on a plot of land, for examplein a residentialneighborhoodalthoughsimilar methodscanbe
usedto solve both.

In this problem,servicesareassignedo speci ¢ areasof oorspacein the building, which
aredubbedqguasi-roomspr “gooms” for short. One goom providesonetype of service(e.g.
of ce spacemeetingareacoffeeroom,toilet, etc.)to thebuilding's users.Theactualroomsof
the building may be composedf oneor moreqooms.For example,the of ce roomof a high-
rankingbossmight includean “of ce space”’qoomfor his desk,anda “meetingarea”qoom
with a tableandchairsfor having small group meetings.Also, roomshave walls, but gooms
do not; they just mark off the arearesered for a givenservice. Walls canbe addedoncethe
goomsarein their nal positions but thistaskis regardedascurrentlyoutsidethe scopeof this
application.

The needsof the building's users(workers, clients, etc.) aredeterminedoy how they use
thebuilding. Eachuseris assumedo follow a prede nedscheduleequiringthe useof speci ¢
goomsatspeci ¢ timesduringtheday. A goommaybeusedby asingleuser(suchasanof ce
spacegjoom)or maybeusedby a groupof usersatthe sametime (suchasmeetingareagoom).
Usersmay wish to have frequentlyusedservicesnearone anothey or may preferto not walk
farto nd otherusersthey work with regularly. For example,someonenay wish their of ce
to be nearthe coffee room, or nearthe of ce of a closelyinteractingcolleague.While users'
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schedulesrelikely to be affectedby the layout of the building, it is assumedn this problem
thatthey areexternallyde ned and x ed.

9.2 The Framework for the Ar chitecture Application

Thetaskof assignindocationsto goomswithin thebuilding thatmeettheneedsf theusersand
the constraintof the building is generallylessinterestingthandesigningthe building itself, it

isdesiredo nd awayto automatehis procesdor thearchitects.Theapproacho thisproblem
is to usea multi-agentsimulation,with the intentthatthe sameframework structurejf notthe
sameframenork software,canbe usedto implementthe simulation.

9.2.1 Agents

The problemis thatqoomsneedto be assignedo locationswithin the building that meetthe
needsof the usersof the building. Theideais that both the goomsandthe usersbecomeau-
tonomousagents.Thegoomagentsallocatespaceor themseleswithin the building, possibly
competingwith othergoomsfor preciousoorspace,andtheuseragentexecutetheirschedule,
utilizing the appropriategoomsasthey do so. The goalsof thegoomagentsareto nd “good”
locationsfor themseles,while the goalsof the useragentsaresimply to follow their schedules
andutilize the gooms. In orderto determinef the users'needsarebeingmet, someinforma-
tion mustgo betweenthe useragentsandthe goomagents.The usersknow aboutthe gooms
throughtheir locationsandtheir servicesln orderfor thegoomsto know aboutthe users'view
of theirlocations the useragentgjive “scores”to the qgoomsthatexpresshow well thegoomis
meetingthe needsof the agent. For example,if two qoomsarefar away from eachother but
a userwould preferthemto be closertogethey the usercould give themlower scoresthanif
they wereclosertogether The gooms,then, have the ultimate goal of maximizingthe scores
provided from the agents.Throughiterations,goomsmay learnwhereto positionthemseles
to obtainhigherscoredrom their users.

9.2.2 The Physical Layer

In this simulationframenork, the physicallayer is a simulationof the of ce building. The
building simulationmodelsa physical“shell” for the of ce building, the basicshapeof which
hasalreadybeendeterminedoy the architectsandthe internal spaceof the building. It may
provide certainresourcessuchas electricalconnectionsjighting, water pipes, etc., that the
goomsmayutilize to provide servicego users.Thephysicalsimulationalsomodelsengineering
and other constraintsn the building, suchasthe amountof spacebetweenbuilding support
columns.

Insidethebuilding simulation,qoomsexecutesomestrateyy to claim spacewithin thebuild-
ing. Unlike in the transportatiorapplication,wheretravelershave well de ned day plansthat
are easily corvertedinto stratgjies,in this applicationa stratey for gopomagentss lesswell
de ned. Otherpossibleimplementation®f the physicallayer arestill beingexplored;in par
ticular, differentkinds of stratgiesthe goomagentanay useto allocatethemseleswithin the
building. Someof the prototypesaredescribedelow.

Oncethe goomsarelocated,the usersmay begin executingtheir schedulesutilizing and
evaluatingthe gooms. Their evaluationswould take the form of eventsthatthe stratgy layer
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would translateinto scoredor the gopomagents.Thework of Prof. Nagel's groupwith pedes-
trian simulationsndicatesa possiblesecondsimulationcould be usedto modelthe userswalk-
ing aroundandinteractingwithin thebuilding (Gloor etal.,2003,2004;Gloor, 2005).

9.2.3 The Restof the Framework

Thegoalis to useanagentdatabaséo storetheagentsaandstrategjiesin thissimulation.In prin-
ciple, this shouldbe the sameagentdatabasasis usedin the transportatiorsimulation,only
with the partsspeci c to thetransportatiorapplication(suchasthe agentoehaior andstratey
objects)“swappedout” for thoseof the architectureapplication. The appropriaté’pluggable”
externalstratgyy moduleswould be pluggedin, insteadof the transportatiormodules.Thisre-
quiresonly thatthe stratgyy moduledor the architectureapplicationhave a consisteninterface
andcanreadandwrite les containingstrateies.

However, at this time possiblephysicallayer simulationsare still beingimplementedand
tested,along with goom agentstratgies and scoring mechanisms.As such, thereis not a
well-de ned de nition for a “strategy” yet, nor a setof externalstrategy generatiormodules.
Eventsdo not yet exist, exceptin principle, althoughthe prototypesdo provide a mechanism
for agentdo obtainscoredor their stratgjies. Therefore anexternalagentdatabasés notyeta
usefulcomponentput aswill be shavn below, someof the prototypeimplementationgnclude
learningandfeedbackunctionalitythatis similar to thatof theagentdatabase.

9.3 Prototypesfor Strategies,Scoringand the PhysicalLayer

The purposeof agents'stratgies within the framework is to describethe agents'decisions
andintentionsto the physicallayerin sucha way thatit canexecutethoseintentionsand nd
out how the decisionsof the agentsaffect theinteractionbetweenrall the agentsn the system.
Unlike in thetransportatiorapplication theagentdn this applicationdo not have well-de ned
stratgiesonwhichto build thesimulationin thephysicallayer Thus,it makessensdo develop
the physicallayermodelsanddynamicsat the sametime asthe agents'stratgies. The scoring
mechanisnior a givenstrategy needdo beexploredaswell.

Heretwo prototypedor the physicalsimulation,agentstratgies,andscoringmechanisms
arepresentedin both of the prototypesthe building is assumedo take up only one oor, and
thetypesof goomsavailableare“work,” “coffee; and“meeting”gooms.Thesecondorototype
alsohas“toilet” gooms.Thebuilding hasoneentranceandusersarein a generic‘outsidethe
building” areawhennotinsideusingthebuilding. Users'schedulesrresimilarto thetravelers'
day plansin thetransportatioriramenork. They list, for eachagent,a sequencef “activities”
that the agentperformsduring the day, startingwith “be outside. Eachactiity speci esits
type, endingtime, andthe speci ¢ qoomidenti er the agentwishesto use,suchas“meeting
goom 3, “of ce area2, etc. Multiple agentscanbe in the sameqoom at the sametime;
particularlyin the caseof meetingsor coffee breaks.Exampleplanscanbe seenn Figure9.4.
Thus,by readingthe setof users'plans rst, the physicalsimulationcandeterminehow mary
goomsof eachtype arerequiredandcreatethoseagentsaswell asthe useragentsspeci edin
theplans.Next the speci c prototypesaredescribed.

9.3.1 SpreadingQoomsPrototype

This prototypeis somevhatbasedn the KaisersRoproject(Fritz andBraach,2002),whichis
a computersimulationdesignedo lay out the lots, roads,andbuildingsin a residentialneigh-
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borhood,or a smalltown, in suchaway asto feel to the inhabitantdik e the areahas“grown”
slowly over time, ratherthan having beenplannedin advance. Figure 9.1 depictsthe stages
of the algorithm: Givena de ned areaof land anda setof buildings (Fig. 9.1(a)),KaisersRot
placesthe buildings randomlyin the areaof land, with attributessuchasdesirediot size,and
attraction/repulsioto certainotherbuildings(Fig. 9.1(b)). During the rst stageof the simula-
tion, the buildings “push” otherbuildings away to “defend” their desiredareaof land, de ned
by a circle of a certainradiusaroundthe building. This causeghe buildingsto spreadapart
(Fig. 9.1(c)). They also“pull” buildingsthey areattractedto closerto them. Next, the build-
ingsare x edattheir nal locations,andthelandis dividedinto polygonallots, with borders
betweereachpair of neighboringouildings (Fig. 9.1(d)). The buildingsagaindefendtheir lots,
by pushingandpulling the cornersof their polygons(Fig. 9.1(e)). Finally, streetsare“grown”
in betweercertainlots (Fig. 9.1(f)).

In this prototypeimplementatiorfor of ce buildings,the goomsbehae lik e the buildings
in KaisersRotalthoughonly in the“spreadingout” stage sincethereareno walls or bordersto
adjustfor gooms.

9.3.1.1 Qoom Strategies

A goom’s strategy is simply its startingposition within the building; desiredqgoomradiusis
x edby goomtypebutin laterversionscouldbe partof the stratey. The physicaldynamicsin
thesimulationdeterminevherea goomendsup oncethe “spreading”’phasehasended.

Thesimulationimplementsa simpleagentdatabaséntegratedinside,storing ve stratgies
pergoomagentwith aprobabilityto generat@new stratgy; ascoringmechanisnthatincludes
scoreaveraging;andthe samemultinomiallogit modelto selectbetweenstratgjiesasis used
by the transportatiorapplications agentdatabasesNew stratgies are generatedas random
coordinatesvithin the building, andnot producedoy anexternalprogram.

9.3.1.2 Physical Dynamics

Qoomsspreadhpartin thephysicalsimulationby applyingforcesto oneanotheraswith Kaiser

sRot. A goomis represente@sa circle andappliesa force to every otherqoomwhosearea
overlapswith its area,proportionalto the overlapdistance.SeeVollmy (2003)for the detailed
equations.In addition,the outerwalls of the building apply forcesto goomsthattry to move

outsideof thede ned border The simulationcalculategshe movementcausedy the forceson

thegooms,anditeratesover smalltime stepsuntil theforcesbalanceoutandthey stopmoving

(de ned within athreshold).

9.3.1.3 Scoring of Qooms

Qoomsobtainscoresfrom users'evaluationsof their positions,plus their own evaluationsof
their positions.A goom's scoreis composeaf componentbasedon thefollowing indicators:

how far the userswalkedwithin the building to arrive at this goom's location;
how farthegoomendedup fromits initial position;

how muchoverlapwith its neighborgemaing(i.e. whennotenoughspacen thebuilding
for all gooms);

penaltiesor bonusedor occupying certaingoomatoms(e.g.thosewith Ethernetports);
and
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(a) Emptyplot of land. (b) Randomizebuilding locations.

(c) Buildingsspreacbut. (d) Lot bordersadded.

(e) Lot bordersadjusted. (f) Streetsadded.

Figure9.1: TheKaisersRoprocedureo build a neighborhood.
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a penaltyfor endingup outsidethe building.

Sometestresultsfrom this prototypearepresentedbelow.

9.3.2 Dynamic QoomsPrototype

In the “SpreadingQooms” prototype,all gopomsobtainedpositionsin the building beforethe
usersstartedusingthem. In this prototype,the usersassignpositionsto the goomswhile they
executetheir schedules.

Theideabehindthis prototypeis thatwhenuseramove betweeractuitiesin their schedule,
they try to build the goomthey needfor their next actwvity “on-the-y.” Thatis, they look at
the layout of the building, and considerdifferentoptionsfor whereto placetheir next goom.
For example,if a userneedsan “of ce space’qoom,it might build one out of empty goom
atoms take over someoneelses emptyof ce, or transformanunusedcoffee-breakgoominto
anof ce. Eachchoicehasassociatedosts,anddependingon whatoptionsare availableand
theircoststheagentdecidesvhichoptiontoimplement.Unlike theotherprototype thescoring
is doneby the usersasthey choosethe goomsbasedon the costs,ratherthanafter usingthe
goom.

To facilitatethis, the spaceavailableto goomsis divided into discreteunits called“goom
atoms’ Thesizeof agoomatomis typically determinedy engineeringconstraintsandother
rules, suchas building codes. A goom atom is the smallestamountof spacethat may be
allocatedto a goom; a goommay include morethanone goomatom, but a qgoomatommay
only beallocatedo a singleqoom.In this version,agoomatomis 1.35m  3.75m.

9.3.2.1 Strategies

In thisimplementationthe qgoomsarepassve, anddo whatthe useragentdell themto do. The
stratgyiesfor placinggqoomsbelongto the usersratherthanthe goomsthemseles. However,
currentlythe algorithmfor nding goomplacemenbptions,andthe scoringmechanisnis the
samefor all agents.So,thereis nothingspeci ¢ to a givenagent,althoughparametersuchas
optioncostscouldbeindividualizedin laterversions.

9.3.2.2 Simulation Dynamics

Thesimulationsimultaneouslgxecutegheschedulesf all theuseragents Whenauserwants
to moveto agoom,eitherfrom outsidethe building or from anothergoom,it looksfor theqoom
within the building. Evenif theqoomalreadyhasa location,the userwill still checkfor other
possiblelocationsto move the goom. However, if otherusersare alreadyusingthe goom at
the time, the userwill simply go to the goomanduseit. This allows multiple usersto have a
meetingin a meetinggoom,withouteachusermoving the goomasit arrives.

While searchingfor a locationfor a goom, the user“tries out” variousqgoom placement
options. Thatis, it makesa list of the available optionsand calculateghe scoreof eachone,
eventuallychoosingonebasedn their scoresThetypesof optionsareasfollows:

Use ExistingQoom The goomis alreadyassignedo somegoomatoms;the useruses
thegoomasit currentlyexists. Thisis expectedo beaninexpensve optionto encourage
usergto useexisting gooms.

Build New Qoom Theuserbuilds agoomout of emptygoomatoms.If ary goomatoms
choserfor this optionarenotempty the goomsthatcontainthemmustbe destryed rst
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options:= emptylist
for all goomscqin the building thathave goomatomsalreadyassigneaio
if cqisthesamegoomthen
addUseExistingQoomOption(qoont) options
elseif cg.type==qoom.typehen
addTakeOwerQoomOption(qoontq) to options
else
addReplaceQoomOption(qoorog) to options
endif
endfor
for x :=0... ( building.sizeX- goom.minSizeX) ) do
fory:=0... (building.sizeY- goom.minSizeY)Yo
goomatoms= emptylist
fori:=0...(goom.minSizex 1) do
forj:=0...(gqgoom.minSizeY- 1) do
addgoomatomat(x + i, y +j) to goomatoms
end for
end for
addBuildNewQoomOption(qoomgoomatomsjo options
endfor
endfor
returnoptions

Figure9.2: Pseudo-codéor the procedurausedby usersto make alist of possibleqoomplace-
mentoptions.

to make themempty Destrgying a qgoomalsomeans'kicking out” any userscurrently
inside, forcing themto stoptheir actwities andtry to rekuild their goom elsevhereto
continuetheir actvities atalatertime.

Take OverQoom Theuser‘takesover” anexisting goomof thedesiredypebut renames
it (i.e.changests ID) to becomehedesiredqoom.

ReplaceQoom The userassignghe goomto the spaceoccupiedby an alreadyexisting
goom,whichis of a differenttypethanwhatis desiredby the user This meangheqoom
mustbe destrged (forcing any usersinsideto exit the goom),anda new onebuilt in its
place.

The pseudo-codealgorithmin Fig. 9.2 describesow agentscreatetheir list of possibleqgoom
placemenbptions.The next subsectiordescribeow usersselecttheir option.

9.3.2.3 Scoring of Qooms

TheQoomsthemselesarenotscoredpnly theqoomplacemenbptionsaregivenscorespased
on the costof implementingthem. The implementatiorcostof a placemenbptionis thetotal
costof executingall the actionsrequiredto make that option a reality. The costsassociated
with variousactionsthatmight needto betakento creategoomsat differentlocationsarelisted
below (default valuesin parenthesis):
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Figure 9.3: Typical outputfrom the SpreadingQoomsprototype. The goomsare shovn as
circleswith their centerandtheir ID. FromVo6limy (2003).

useExistingQoomCogt 0): the costfor re-usingthe goomasit alreadyexists in the
building.

takeOverQoomCogk 20): thecostfor “taking over” agoomof theright type;thatis, do
not changets shapejustits id.

useEmptyQoomAtomCdst 1): the costfor usingoneemptyqgoomatomwhenbuilding
aqgoom.

destoyExistingQoomCodfe 100: the costto destry an existing goom (i.e. make its
goomatomsunused).

kickOutCostRrUser(a 5): thecostfor kicking outa singleuserfrom anoccupiedqoom.

walkingCosi(= 2): thecostpergrid-cell of walking betweermjooms.Thisis usedsousers
preferoptionsthatarecloserto their previousgoom.

The userscoreseachoption basedon its implementationcost plus the costof walking there
from its currentlocation. Theuserchooseshe optionwith thelowesttotal costandimplements
theoption,kicking any otherusersout of theirgqgoomsanddestrgying existing goomsasneeded.
A moreextensve versionof this prototypecanbefoundin Vollmy (2003).

9.4 Results

9.4.1 SampleOutput of the Spreading QoomsPrototype
Figure9.3 shavstypical outputfrom the SpreadingQoomsprototype.

9.4.2 SampleRun of the Dynamic QoomsPrototype

Therearethreeusersandsix qooms:threeof ces andone eachof meeting,coffee andtoilet.
The building is 4 by 2 qoomatomsin size. The simulationstartsat midnighton JanuaryO1.
(The actualdatedoesnot matter;it is only usedto distinguishdifferentdays.) The building is
totally empty andno goomsareassignedo ary goomatoms. Time stepsin the schedulesre

110



Qoom Activity Times
Type ID Start End
(Outside)| N/A N/A | 8:00AM Qoom Activity Times
Of ce 1001| 8:00AM | 10:00AM | | Type ID Start End
Coffee 3001 | 10:00AM | 10:30AM || (Outside)| N/A N/A | 8:15AM
Of ce 1001 | 10:30AM 1:30PM | | Of ce 1002| 8:15AM | 10:15AM
Coffee 3001| 1:30PM | 2:00PM || Toilet 4001 | 10:15AM | 10:45AM
Toilet 4001| 2:00PM | 2:30PM || (Outside)| N/A | 10:45AM N/A
Meeting 2001 2:30PM 4:30PM (b) Scheduldor User2.
(Outside)| N/A 4:30PM N/A
(a) Scheduldor User1.
Qoom Activity Times

Type ID Start End

(Outside)| N/A N/A | 12:15PM

Of ce 1003 | 12:15PM | 1:45PM

Coffee 3001| 1:45PM | 2:15PM

Meeting | 2001| 2:15PM | 4:30PM

(Outside)| N/A | 4:30PM N/A

(c) Scheduldor User3.

Figure9.4: The schedulesisedin the samplerun. QoomIDs in the 1,0005 areof ces; in the
2,0005s aremeetingareasjn the 3,0005s arecoffeeareasandin the 4,0005 aretoilets.

5 minuteslong. The coststo implementgoomoptionsareall attheir defaults. Theusersfollow
thescheduleslepictedn Figure9.4.

At 8:00AM the rst user(id=1) entersthe building. It wantsto build qgoom1001,anof ce
space. Of ce spacehasa minimum size of (x=2, y=1). Sincethereare no goomsyet, the
userchecksevery combinationof goom atomstwo wide by onetall; for a total of six such
combinationsandthuscreatesix Build New Qoomplacemenbptions.All have the samecost
(2 useEmptyQoomAtomCost2 © 1 =a 2), sincethey all have the sameaction(usetwo
emptygoomatoms).The users currentlocationis the building entrance(0, 1), soit picksthe
optionwith the smallestwalking distance choosingto build on goomatoms(0, 1) and(1, 1).
SeeFig. 9.5(a)for the currentstateof the building.

At 8:15,user2 entersthe building. It wantsto build goom1002,alsoan of ce space.All
six of userl's original Build Nev Qoomoptionsare possible,thoughsomeare @ 105 more
expensve sinceqoom1001would haveto bedestryed (destoyExistingQoomCost 100 and
userl would haveto bekickedout (kickOutCostlerUserxa 5). Additionally, a Take OverQoom
placemenbption exists, which would take over userl's of ce. This coststakeOverQoomCost
(= @ 20)+ & 5= o 25to kick userl outof its of ce. Thecheapesbptionis thereforeto build
anew goomoutof currentlyemptyqoomatoms.Therearefour choicesandtheuserpicksthe
oneclosesto theentrance(0, 0), (1, 0). SeeFig. 9.5(b).

At 10:00AM, userl leavesits of ce to getsomecoffeein qoom3001. Coffeeareagooms
have aminimumsizeof (x=1, y=2). Severaloptionsareavailable,from taking over oneof the
of ces (qgoom1001beingcheapesinceit hasno usersto kick out), destrying BOTH of ces
to build ona*“column” of two goomatoms(costis @ 5 to kick outuser2, plusa 200to destry
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(a)Day 1,8:00AM (b) Day1, 8:15AM

(c) Day1,10:00AM (d) Day1, 10:15AM

(e) Day 1,10:30AM (f) Day 1,10:45AM

Figure9.5: Snapshotsf thetestrun,day1, morning.Brightly coloredgoomshave oneor more
userdan them(lights areon), while darker goomsareempty(lights areoff).

bothof ces pluse 2 to build on two goomatomsfor a total of @ 207), or usingoneof thetwo
remaining“columns” of empty goomatoms. Onceagain,the cheapesbptionis to build on
alreadyemptygoomatoms,usingtheonesclosego userl'scurrentlocation. Thismeansjoom
atoms(2, 0) and(2, 1). SeeFig. 9.5(c).

At 10:15AM, user2 leavesits of ce to goto thetoilet (qoom4001). Thetoilet hasthesame
minimumsizeasthe coffee area,soit hasthe sameoptionsasuserl did with the coffeeroom,
with the additionof taking over the coffee room. It is cheapesto usethe lasttwo remaining

112



emptygoomatoms sotheuserchoosegjoomatoms(3, 0) and(3, 1). SeeFig. 9.5(d).

At 10:30AM, userl goesbackto its of ce. This goomis alreadyplaced(thoughempty),
andit is cheapesto justreuset. SeeFig. 9.5(e).At 10:45AM, user2 nishesits scheduleand
leavesthebuilding. SeeFig. 9.5(f)

Things stay the sameuntil 12:15PM, when user3 entersthe building and looks for its
of ce (qoom 1003). Going from right to left, the optionsareto destry both the toilet and
coffeeqoomsto build anof ce spaceqoomovera“row” of two goomatomson theright side;
destrging oneof the of ces andthe coffee goomto build ona“row” in the middle, or taking
over oneof the of ces. It is cheapesto take over an of ce, andthe cheapesbneis the one
without users.User3 takesover qgoom1003—sed-ig. 9.6(a).

At 1:30PM, userl leavesits of ce for acoffee. Qoom3001is alreadyplaced,soit reuses
it—seeFig. 9.6(b). At 1:45PM, user3 joins userl in the coffee goom (qoom 3001). See
Fig.9.6(c).At 2:00PM, userl goesto thetoilet (qoom4001). SeeFig. 9.6(d).

At 2:15PM, thingsgetinterestingagain.User3 leavesthe coffee roomto go to a meeting
in goom 2001. Meeting areashave a minimum size of (x=2,y=2), thoughwhenreplacinga
goomthis is currentlynot checled. The usercandestry oneor two existing goomsto build
its meetingarea. Destrg/ing only oneis muchcheapersoit chooseghe option closestto its
currentlocation. Its currentlocationis that of the coffee qoom, andthe closestoption is the
samegoom! It replaceghe coffee goomwith the meetingareagoom,for a costof @ 102 See
Fig.9.6(e).

At 2:30PM, user1 joins user3 in the meetingarea,usingthe existing goom. Finally, at
4:30PM, bothuserdeave the building andgo home.SeeFig. 9.6(f).

Thenext day, at 8:00 AM, userl comesin the building andreusests of ce (qoom1001).
SeeFig.9.7(a).At 8:15AM, user2 comesn thebuilding andtakesover qoom1003,turningit
into its of ce, 1002.Thiscostsa 20, plusa 2 to walk there.SeeFig. 9.7(b).

At 10:00AM, userl wantsto geta coffee. Thereis no existing coffee qgoom, sothe user
mustdestry agoom. Thecheapesbneis theoneit occupiegbecausehereis nowalking cost),
soit replacests of ce with the coffeeqoom.Notethatthisis the rst time aqoomhaschanged
position.SeeFig. 9.7(c).

At 10:15AM, user2 goesto the (existing) toilet, qgoom4001.SeeFig. 9.7(d). At 10:30AM,
userl goesbackto its of ce. Its of ce goomis not there,to it mustrekuild it. The cheapest
optionis to take over the (empty)of ce of user2. This is doneat a costof & 20, plusa 2 to
walk there.SeeFig. 9.7(e).At 10:45AM, user2 leavesthebuilding.

At 12:15PM, user3 comesin, looking for its of ce. Thereis not oneavailable,soit must
build it. Thecheapesbptionis to take over userl's of ce, eventhoughuserl is still usingit!
This is becausehe costof kicking a userout plusthe costof taking over a similar type goom
is lessthanthe costof destrgying agoom.So,user3 changegjoom1001into qoom1003.See
Fig. 9.7(f).

At the next time step,12:20PM, userl realizesit is notin its of ce anymore,andtriesto
getbackto it. It doesnot exist, soit mustbuild it. Like user3, it nds the cheapesobptionis
to take over the existing goomandkick outits user After userl acquirests of ce, duringthe
sametime step,user3 beginslooking for its goom(dueto the orderingof agents).This means
user3 kicks userl outof its new of ce, andreacquireshatqoomfor its of ce.

This user/ofce switchingcontinuesvery time stepuntil 1:30PM, whenuserl goesto get
a coffee. It reuseghe existing coffee goom. SeeFig. 9.8(a). At 1:45PM, user3 goesto the
coffee goomtoo. At 2:00 PM, userl goesto the toilet, but this goomis alreadyplaced. At
2:15PM, user3 goesto the meetinggoom,which still exists. At 2:30PM, userl goesto the
meetinggoom,too, andat4:30PM, all theusersgo home.
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(a)Day1,12:15PM (b) Day1, 1:30PM

(c)Day1,1:45PM (d) Day1, 2:00PM

(e)Day1,2:15PM (f) Day1,4:30PM

Figure9.6: Snapshotsf thetestrun,day 1, afternoon.

Thenext day, at8:00AM, userl comesn andreusests of ce (qoom1001).SeeFig. 9.8(c).
At 8:15AM, user2 comesn andtakesoveruserl's of ce, kicking userl out. SeeFig. 9.8(d).
After thistime step,usersl and2 ght overthesingleof ce until 10:00AM, whenuserl goes
to the (existing) coffee goom. Fromthis point on, the samething happensashappenedhe day
before.
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(a) Day2,8:00AM (b) Day 2, 8:15AM

(c) Day2,10:00AM (d) Day 2, 10:15AM

(e) Day2,10:30AM (f) Day 2,12:15PM

Figure9.7: Snapshotsf thetestrun, rst partof day?2.

9.4.3 Findings

In theabove samplerun, theusersendedup ghting for the samegqoom. This wasa surprising
result,soin anattemptto preventthe ghting, differentvaluesof the kickOutCostRrUserpa-
rametemrelative to the destoyExistingQoomCogiarameteweretried. The thresholdvalueis
kickOutCostRrUser= @ 80, sincecoupledwith the takeOverQoomCosthe costof destrging
agoomis equalto the costof taking over a goomwith oneuserin it. With valuesbelowv @ 80,
thebehaior is the sameasdescribedabore. With a valueequalto @ 80, the choiceis madeby
the userdependingon the walking distanceto the choice. Generally this doesnot help, since
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(a)Day2,1:30PM (b) Day 2,2:00PM

(c) Day 3,8:00AM (d) Day 3, 8:15AM

Figure9.8: Snapshotsf thetestrun, restof day 2 anduniquepartof day 3.

usersghting overaqgoomarealreadyatthe sameposition. With a valueof & 90 (or above), it
costsmoreto stayandtake over agoomof the sametype (whenit wasoccupied)thanto walk
andreplacea goomof a differenttypethatwasempty So,this stopsthe ghting.

After furtherthought,it seemdike letting the users ght might bethe betterchoice,asthis
indicatesthatin a building with not enoughspace usersmustshareof ces (or otherservices),
insteadof eachhaving their own. This modelseemdo be ableto indicatewhenthe schedules
of the usersareincompatiblewith the speci ed sizeof the building.

Volimy (2003)hasanadditionalimplementatiorwhereusershave the ability of placement
optionsto “shave off” excessgoomatomswithout destrging gooms.

At this point, agentscan“spend” unlimited amountgo obtaintheir gooms.The additionof
abudgetto limit agents'spendingvould beaninterestingchangebut hasnotbeeninvestigated.

9.5 Summary

This chaptershavsthattheideasfrom the framework for multi-agenttransportatiorsimulation
canbe usedfor otherplanningapplications. They are appliedto the architecturegproblemof
planningtheinterior of anof ce building. Two prototypesof theimplementatiorarepresented
alongwith exampleresults.
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Chapter 10

Discussion

10.1 Summary

This dissertatiorhaspresentedhe designjmplementationandveri cation of a MAS learning
framework for large-scaletransportatiorplanningproblems,as well asthe beginningsof an
applicationof this framework to anothemplanningproblemin the eld of architecture.

Theframavork is designedo be e xible enoughto allow variousexternalstratgy genera-
tion modulesto be “pluggedin” to the framework, aslong asthey caninterfacevia eventsand

les thatdescribeagents'plansin XML plansformat. Alternatemodulescanalterthe behaior

of agentsaandallow plannerdo try out differentlearningmechanismsilt allows agentdo learn
andadapttheir plansto changesn the ervironmentcausedy fellow agentsandin principle,
evenchangesnadeby transportatioplannerdhemseles. Theagentdatabasenakesthislearn-
ing possiblein arobustway by allowing an agentto remembemorethanjust its mostrecent
plan. Theagentdatabasgivesagentsa memoryof, andawayto judgetheperformancef, past
plans,aswell asaway to obtainnew plansfrom time to time. The original agentdatabas&vas
implementedusingMySQL, an “off the shelf’ relationaldatabasenanagemensystem. For

variousreasonsthis waslaterreplacedy amoreobject-orientedbut simplerdatabaséhatkept
plansin memory without storingthemon diskin thenormalcourseof events.

Validation testsperformedwith the Switzerlandmorning rush-hourand Zurich morning
rush-hourscenarioslemonstrat¢hattheframework canrunlarge-scalgroblemsusingtoday's
computationatechnologyandthatthe agentseally do learnto improve their plansduringthe
iterationsequence.

10.2 Improvements

10.2.1 Existing Modules

Anotherpossiblesolutionto the“freeway problem”is to reducetheamountof dataaggreation
usedby therouter Thatis, make thetime binssmaller This would likely reducethe errorsin
travel time estimationdueto averagingover thetime bins. Althoughthis methodhasnot been
tried, it seemdik ely thatthe only way to reducethe errorcompletelyis to remove aggregation
completely

This would effectively meanthat eachagentcould useonly the travel time information
derivedfrom its own traversalsof the network. This suggestanalternateversionof therouter:
onethathasa separatémentalmodel” for eachagentwhich getsbuilt up astheagenttriesout
new routes.Sucharouterhasbeentried by Gloor (2001),basedn work by Unger(2002).
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10.2.2 Other Modules

The framavork designallows mary more typesof modulesto be includedin the replanning
cyclefor agents.

Theoutcomeof thevarioustestspresentedn previouschapterdave shovn thatthe system
canrelaxto useplausibledistributionsin time and/orspaceusingthe routingmodulebasedn
time-dependerghortest-pathgndthesimpletime allocationmodulethatonly mutatesactivity
timesanddurations.However, time distribution relaxationtakesmary hundred<f iterations.
Oneexpectsthata moregoal-orientedime allocationmodule whichtriesto returnnew actwvity
time scheduleshatarebetterthanold oneswouldallow thesystento relaxfaster Two versions
of suchamoduleareatdifferentstage®f developmenandcapability Both of themusegenetic
algorithms(GA) to “evolve” actvity scheduled®y mutatingor mixing existing schedulesOne
of thesecontainsa global (for all agents)mentalmap of the trafc network for estimating
travel timesbetweemroposedctuities, but only adjustshe durationsof theactvities, leaving
patternsand locationsalone. Unfortunatelythis module hassomebugsin the mentalmap
that have not beenworked out yet, so it generategaulty schedulegSchneider2003; Rang
etal.,2003). ThesecondGA-basednodelhasno known bugsbut is not yet integratedinto the
framavork (CharyparandNagel,2003;Meisteretal., 2004).

In addition, once actvities are generatedrom patterns,OD matriceswill no longer be
necessary At that point, the systemwould require a populationgenerationmodule, which
woulddisaggrgatedemographiclatato obtainindividual householdsindindividualhousehold
memberswith certaincharacteristicssuchas a streetaddresscar ownershipor household
income(Beckmaretal., 1996;Frick, 2004). The populationwould not matchreality, but would
resultin the samestatistics.

Suchmoduleswould be easyto integrateinto the framavork aslong asthey follow the
simpleinterfaceof the existing modules.

10.2.3 Another Look at MySQL

The MySQL relationaldatabasenay have beenabandonedoo early Anotherlook at this
system,with a view toward tuning it for fasterperformancewith large datasets,suchasby
keepingmoredatain memory or alternatetableindexing techniquesyvould be bene cial. In
addition,the MySQL versionof the agentdatabasés “plan agnostic. Thatis, it doesnot care
whatthe format of the plansare. The C++ agentdatabaseisesobjectsfor the plans,but this
is not strictly necessaryThis makesit mucheasierto switch planformats,for exampleto run
the architecturesimulationswith the MySQL version. Alternatively, otherrelationaldatabase
systemssuchasOracle,couldbe studied.

10.2.4 Learning Issues

One signi cant shortcomingof the approachdescribedn this dissertations thatit doesnot
modelso-calledwithin-dayreplanning(e.g.,Axhausen1990a;CascettaandCantarella,1991),
i.e.thefactthatreal-world travelerschangeheir planson all time scaleqe.g.,Dohertyand Ax-
hausen1998),andnotjust “over night” asonewould have to assumédor the methoddescribed
above. Suchwithin-day replanningcanbeimplementednsidethe simulationasan additional
updaterule thatis calledwithin everytime stepof thesimulation(e.g.,Rickert, 1998). Two dis-
advantage®f this approachare: (i) The structureof the replanningmoduleneedgo betightly
coupledwith thesimulation.For example thereplanningnoduleneedaup-to-datanformation
aboutcongestion.(ii) If the mobility simulationis runningon a parallelcomputey asis often
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the case thensuchreplanningmay make load balancingimpossible,sinceall CPUswithout
replanningagentswill wait for theoneCPUwith areplanningagentin thatparticulartime step.

A possibleapproacho this problemis to take the existing, separatenobility simulation
androutegeneratiormodulesandto couplethemvia messagesThatis, the simulationneeds
to sendstateinformation suchas aboutcongestionandthe router cansendnew plansto the
simulation. The currentapproacho doingthis is thatin factthe agentdatabaseasdescribed
above, will take on the role of dispatcherfor stratgic decisions.For example,if anagentis
runningbehindschedulethe agentdatabaseyia the message# recevesfrom the simulation,
will eventuallynoticethis. It will checkwithin anexpandedsetof stratgyiesif thereis astratgy
whichrespondgo thedelay If thereis none,it will call anexternalmodule,suchastherouter
to generate new stratgy thatrespondgo the new situation.Sucha message-basesimulation
modulecouplingis currentlyunderdevelopmeniGloor,2001,2005).

Much time is spentwriting andreading les to communicateglansbetweenthe agentda-
tabaseandthe modules/simulationOneway to improve uponthis situationwould be to usea
message-basaelchnologyin theframeavork sothatplanscanbesentdirectly betweerthemod-
ulesasneededandplansandeventscanbe sentto andfrom the simulationwhile it is running.
Sucha changewould allow decision-makingndsimulationto occursimultaneouslymeaning
this changewould allow the implementatiorof within-day replanning.Suchtechnologyis still
beinginvestigated.

Evenwith day-to-dayreplanningonly, mary problemsremain. It waspointedout thatthe
useof anagentdatabasd,e. the memorizatiorof morethanonestrategy for eachagentsolves
someconceptuaproblems.However, evenif oneassumeshatoneis capableof generatinca
setof plausiblestratgies,the questionbecomeswvhich of thoseto select. The standardogit
approachof p; / e Y, whereU; is the utility of optioni, has,asis well known, the so-
calledlID property(“independencdrom irrelevant alternatves”). IID essentiallymeansthat
stratgjiesshouldnotberelated.As anextremeexample assuméehattheagentdatabaseontains
threestratgiesfor an agent,two of which are nearlythe same. IID saysthat eachstrategy
will be selectedwith a probability of 1/3, while it would be plausiblethatthe nearlyidentical
stratgyiesareselectedvith a probability of 1/4 each,andthethird, truly differentstratey with
a probability of 1/2. Alternatvesto standardmultinomial logit are C-logit (Cascetteet al.,
1996) or path-sizelogit, which remove someof theseproblems(Bierlaire, 2002; Ramming,
2002). Note thattheselogit modelsare meantfor dealingwith overlappingroutealternatves,
but modifyingthem,or combiningthemfor dealingwith overlappingactiity plansseemgairly
straightforvard.

10.2.5 New Agent DatabasePerformance

The performanceof the C++ agentdatabaseould beimproved. By implementingmessaging
betweermodulesasdescribedabove for within-day replanning the frameavork would experi-
encea signi cant gainin speed.However, this would causethe moduleinterfaceto be more
complicatedhanthesimpleXML le formatusedpresently Thisis atrade-of thatwould have
to beexplored.

Another performanceboostis the use of parallel computing,which is supportedby the
designof the framewnork. At the momentthe agentdatabasdeepstrack of all agentsof the
simulation.Sincerecalculatingan agents stratgiesis completelyindependento otheragents,
it would be usefulto introduceparallelisminto this. These*'multiple agentdatabasesshould
thenbe controlledby a separatanodule,which keepstrack of the feedback. This leadsto a
clearseparatiorof “agentdatabasesand“feedback”.
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This methodcanalsobe usedto run scenariowith larger numbersof agentsratherthan
having to resortto 64-bit computing.

10.2.6 Agent Interaction Within the Strategy Layer

In principle, the agent-basedpproachcan modelinteractionsbetweenagentsat the strateyic
level, i.e. while they are making their decisions. For example,agentswithin the household
could collaborateon decisionghat affect the group. Somedaythis ability may be includedin
the framework, thoughit is not likely to be donein the nearfuture. Agentscould alsoshare
informationor experiencesvith otheragents Work with FabriceMarchal(MarchalandNagel,
2005)hasresultedin a prototypefor anactwity locationchoicemodulein which agentsshare
knowledgeof locationswith otheragentghrough“social networks” Testingis ongoingfor this
modulewithin theframework.
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Appendix A
Appendix

A.1 Issuesof Link Travel Time Feedback

Evenwithin theframeavork asdescribedn Chapters$8—6,thereis considerablee xibility in how
to interpretthe differentpieces.Oneof thesepiecesis how to aggr@atethelink travel times:
While the mobility simulationgeneratedink entry andexit timesfor eachindividual vehicle,
the routerneeddlink traversaltimesasa function of link entrytime. As alreadymentioned,
thesdattertimesareaggregatedin therouterin orderto reducecomputationabverhead.

Oneissueis whetherto uselink entryor link exit timesasthe basisfor aggreation. The
way the routerworks, onewould lik e the averagetravel time of all vehiclesenteringthe links
duringa speci c periodof time. In termsof simulationlogic, this is awkward sinceoneneeds
to keepinformationaboutif thereis still avehiclebelongingto sucha batchon a givenlink or
not.

As aresult, TRANSIMS averagesover vehiclesleavingthelink duringa speci ¢ periodof
time. This hasthe disadantagethat now the averagednformationis not consistenwith the
router— for example,alink travel time for vehiclesexiting alink betweer® and9:15is notthe
sameasalink travel time for vehiclesenteringalink betweer® and9:15.

This issuecan be addressedyy “backdating” (Porche,1998), that is, one calculatesthe
respectre link enteringtimes. TRANSIMS doesthat after the averaginghastaken place. For
example,assumehat the averagelink travel time for vehiclesexiting between9 and9:15is
10 min, andthe averagelink travel time for vehiclesexiting betweer9:15and9:30is 15 min.
By backdatingponewould arrive at the resultthatall vehiclesenteringbetween8:50and9:05
needl10 min, andall vehiclesenteringbetweer9:00and9:15need15 min. This clearlyleads
to gapsandoverlaps; TRANSIMS usespiece-wisdinear functionsto interpolatebetweerthe
periods.

Anotherapproachusedhere,is to separatehe aggreationfrom the mobility simulation.
Thatis, themobility simulationis askedto outputeventinformationevery time avehicleenters
or leavesalink (thisis informationthatalsothe TRANSIMS traf ¢ simulationcangenerate).
A post-processingtepthenaggreateshis datainto theinformationneededy therouter

In the original TRANSIMS-basedramewnork andthe frameavork usingthe MySQL agent
databasehepost-processingf eventsis donewith apairof AWK scripts.The rst script(read-
eventd readsthe events le producedby the micro-simulation, lters the eventsthatrelateto
vehiclesenteringandexiting links, and compilesthemtogetherinto anintermediatele that
lists, for eachvehicle,the time it enteredand exited eachlink in its plan. The secondscript
(parse-link-time¥ aggrgyatesthe outputof the rst script,to determinethe averagetravel time
onthelinks. For eachlink in the network, this scriptkeepsa runningcountof the numberof
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vehicleswhich enteredhelink duringeachtime bin of theday;aswell asa runningsumof the
total amountof time thatgroupof enteringvehiclesspentonthelink. Dividing the sumby the
countfor eachlink andtime bin combinationgivesthe averagetravel time for thatlink during
thattime bin. In the secondagentdatabasetheseactionsareintegratedinto the router As it
readsevents,it storeslink entry eventsfor eachagentuntil it nds a correspondindink exit
eventfor thatagentandlink. Oncebotharefound,theresultinglink travel timeis accumulated
in the sumandcountfor thetime bin duringwhich theagententeredhelink.

A.2 Conditional Plansand Activity Durations

Somediligenceis necessaryn thetreatmenif actvity durations.In principle,adaily planis

entirely de ned by the given sequencef actvities, the departurgime from the rst actwvity,

andthe durationsof all subsequeractiities. This can,however, leadto implausiblebehaior:

An agentcan,for example,shopbeyondthe closingtime of the shop,or remainin the movie

theatebeyondtheendof themovie. In principle,anagentshouldnot planto dothis, but it may
happerbecaus®f unexpecteddelaysearlierin theday To preventsuchbehaior, a rst step
toward conditionalplanshasbeenimplemented:Both the durationand the endingtime may
be speci ed for an actwity, andthe endingtime takes priority over the durationif the agents

arrival time plusthe durationwould causethe agentto staypastthe endingtime. For example,
sayanagentwantsto shopfor 30 minutesstartingat5:30PM, knowing the selectedhopcloses
at 6:00 PM (speci ed asthe endtime of the actvity). If the agentarrives ve minuteslate to

the shop,the 30 minutedurationwould causethe agentto leave ve minutesafterthe ending
time. In this case the endingtime takesprecedencandthe agentdepartsat 6:00 PM instead.
However, if the agentarrives5 minutesearly, it staysfor the desired30 minutesandleavesat

5:55PM insteadof waiting until 6:00PM.

Thereis in facta similar problemwith the startof anactvity: Assumethata shopopensat
8:00AM, andthe agentwantsto arrive exactly at 8:00AM andshopfor 10 min. Now assume
thatthe agentarrives 15 min early The plausiblething to do would be to wait the 15 min and
thenshopfor 10 min. The currentimplementatiorwill, however, let the agentwait for 10 min
andthenlet him travel to the next activity location. This nonsensicabehaior will probably
needto bemodi ed in futureversions.

A.3 Mobility Simulation ShouldHandle Differ ent Travel Modes

Futureversionsof the mobility simulationwill needto consistentlydeal with all modesof
transportation.However, asa simpli cation onecould just assumehat the executionfollows
exactly the plan— this would correspondo a systemwithout congestionwithout unexpected
variability, etc. In thatcasetherearetwo options:

Theagentdatabaséself takescareof modeshatthe mobility simulationcannotexecute.
Thatis, they arejust notincludedinto the plans le. — The maindisadwantageof thisis
thatno correspondingventswould exist, making,say theconsistenbuild-up of amental
mapmoredif cult. Forthatreasonthefollowing solutionis preferred.

Themobility simulation“f akes” the executionof unknavn modes.For example,assume
thataplans le hasthefollowing information:
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<plan >

<act type ="home" location ="ab" ../>
<leg mode="walk " duration ="20min ">
<route .. />
</leg >
<act type ="work " location ="cd" .../>
</plan >

A simulationthatcansimulatethewalk modewouldlet theagentwalk alongthespeci ed
route. A simulationthatcannotsimulatethe walk modewould just assumehatthe walk
takes20 minutes,asspeci edin the durationattribute of the leg tag,andmove the agent
to thenext actvity accordingly

A.4 Relaxationand Learning Theory

One canshow that the deterministicvariantsof the relaxationmethodin Sec.2.4 can have
(attractive or repulsie) x ed pointsin very high dimensionabhasespace andthat stochastic
variantswill, undercertainconditions,corvergeto a steady-statdensityin the samevery high
dimensionaphasespaceBottom,2000). Underadditionalconditions the systemwill evenbe
ergodic(CantarelleandCascettal995).

Yet, thepreconditiondor thesestatementarefairly restrictve whenconfrontedwith simu-
lation reality. Oneproblemis thatonehasto assumehatthe whole phasespacas givenatthe
startof thesimulation.For example,oneneedgo know in advanceeveryroutethatary traveler
will eventually usethroughoutthe procedure. This makesthe useof explorative algorithms,
which generatenew routesasthey go, inconsistentwith the mathematicaformulation. Putin
adifferentway, it is clearthata simulationsystemthatkeepsexploring new stratgiesis notin
the steady-state.

Similarly, theoreticalergodicity is only valid for the limit of the numberof iterationsgoing
to in nity , while in practiceoneis restrictedto about50 iterations.For suchsmallnumbersof
iterations effectssuchasbrokenergodicity (Palmer,1989)areto be expected.Brokenergodic-
ity refersto the propertyof a systento be mathematicallyergodicbut to remainin sub-areasf
the phasespacefor arbitrarily long periodsof time.

Giventhis stateof affairs,computationis importantnotonly for thegeneratiorof real-world
results(asalreadymentionedor staticassignment)but alsoasatool for researchin orderto
explorethegenerabpropertiesof thedynamicsof DTA.

A.5 Experienceswith TRANSIMS (Version1.0)

Before programmingnen modulesas explainedabove, the TRANSIMS modulesweretried.
The TRANSIMS versionusedis numberedL.0 andwasmadeavailablein fall 1999. Running
themoduleswasstraightforvard.

Computationakpeedof the microsimulationwithout tuning wasten timesfasterthanreal
time for the Swissnetwork with 28,624links; with tuning it was about65 timesfasterthan
realtime. Both valuesreferto a Beowulf clusterswith 32 PentiumCPUswith 800 MHz, and
100 Mbit Ethernet. The latter performancevalueis abouthalf the theoreticallimit, which is
givenby Ethernetateng (seeabove).

A major problemwas (andis) the availability and corversionof digitally availableinput
datato TRANSIMS needs As is typical, theinput les comefrom staticassignmentandthus
containaslink attributeslength,free speedandcapacity The numberof lanescanbeinferred
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from the streetcategyory andcapacity but informationsuchasintersectiorprioritization, signal
phasespr laneconnectity, weremissing. A typical problemis of the typethattwo one-lane
streetsconnectingnto atwo-lanestreetwill bothconnectinto the sameane,leadingto much
reducedcapacityand thus spuriousbottlenecksvhencomparedo reality or to staticassign-
ment. Accordingto recentinformation(Lamba,at PriceWaterhouseCooperpersonatommu-
nication),suchcorversiontoolsexist for neverversionsof TRANSIMS. Also, PTV (PTV www

page accesse@004)reportssimilar corversiontoolsfrom VISUM to VISSIM.

Using routing and feedbackwas essentiallystraightforvard, except for the fact that the
resultsof the Gotthardscenarionever were plausible: Contraryto expectation,the different
queuedeadingto the single destinationnever camecloseto equilibration(Fig. A.1). It was
nally discoveredthattherewasa bugin theway link travel time feedbackwashandled:the
link travel time reportingallocatedthetimesto thewronglinks. More technically indiceswere
shifted by onein the process,and so travel timesfor the nth link in the le were assigned
to then+ 1stlink in the router Personacommunicatiorwith the TRANSIMS teamresulted
in the informationthat therewere more bugsin the routerbothin version1.0 andin version
1.1. Version3.0now available(www.transims.nethasnot beenevaluatedn the context of this
study

TRANSIMS hasbeentried outin the pastyears,andindeedsomepreliminaryresultswere
basedn thoseruns. However, its usewasdiscontinuedecauset turnedout to be ratherdif -
cult to obtainthenecessarnputdata,mostimportantlylaneconnectvities acrossntersections
andsignalplans. Thereare automaticgeneratiormethodsfor theseattributesfrom staticas-
signmentetworks, but it wasdeemedasterto re-implementhe modulesratherthanevaluate
suchmethods.

An examplefor thisis theGotthardunnel,whichhasacapacitybetweeri 000and1500vehs/hour
(the former given by thelocal police, the latter from the network data),which is considerably
lessthanthe2000vehs/houthatTRANSIMS wouldgeneratdor thatlink. Thereasomprobably
is thatthe entrancdo thetunnelhasanupwardgrade leadingto slow accelerationn particular
of heavy trucks.

Testswith the multi-modal TRANSIMS routerwereunsuccessfulbecausef at leastone
seriousbug.

(This refersto the routerof TRANSIMS-1.0from fall 1999. Earlier TRANSIMS results
werebasedon a different(but caronly) router Laterversionsof TRANSIMS supposedlywill
have thatproblem x ed, but arecurrentlynot available.)

A.6 Problemswith the Switzerland Network

The network supposedlycontainsthe statusfor 1999, but containsat leastone major error (a
high capacitytunnelin Zurich is missing). Initial simulationsresultedin trafc gridlock in
Zurich,whichwasalsore ectedin the VISUM assignmentisplayingV/C ratiossigni cantly
above 100%. A manualcomparisorwith a higherresolutionnetwork of Zirich led to the con-
clusionthatcapacityin Zurichwasin generakigni cantly underestimatedn consequencehe
correspondingoad capacityfor transitcorridorsthroughZurich hadto be manuallyincreased
in thenetwork. Onecanonly speculatevhatled to thesenetwork errors.

The Zurrich congestiorproblem,mentionedabore, is containedn the VISUM assignment,
but did not show up atthis higherlevel view; seeChap.10 for somediscussiorof this. A more
detailedveri cation of theseresultswasnot possiblesofar, but is planned.

It wasmentionecearlierthattherewasa seriousgridlock problemwithin the city of Zurich.
This was attributed to generallytoo low network capacities. Unfortunately this intuition is
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FigureA.1: Gotthard: TRANSIMS results. This shouldbe comparedo Fig. 4.1. Thevisible
differencedetweerthe TRANSIMS simulationandthe queuesimulationin theinitial simula-
tion basedon the sameplansare small, indicatingthatthe micro-simulationggeneratesimilar
traf c patterns.However, the bottom gures areratherdifferent;trafc in Fig. 4.1 spreadut
muchmoreacrosghe network. Furtheranalysisof the patternshavs thatFig. 4.1 containsthe
betterpatternin thesensehattravel timesbetweerdifferentroutesaremuchmoreequilibrated.
As describedn thetext, thereasorwhy TRANSIMS (Versionl.0) fails at this scenarias be-
causeof a bugin how therouterreadslink travel times. The differentshadesf green(color
version)or grayaredueto thedifferentinternalrepresentatioof driving dynamicsbetweerthe
TRANSIMS micro-simulationandthe queuesimulation,andarenotimportantat this level.

dif cult to check. It is clearthat, with the input datathat was available disposaltherewasa
mismatchbetweendemandandnetwork capacity Also, the samemethodworked everywhere
elsein Switzerland.Thereseemto bethreepossiblereasons{i) therewasa demandoveresti-
mationin the OD cellsfor Zurich; (ii) therewasa capacityunderestimatiom thenetwork data;
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(i) thequeuetrafc o w simulationis overly sensitve to gridlock andthis problemshavs up
only for large congestedetworks. Unfortunatelythereis no othersimilarly large metropolitan
regioninsideSwitzerlandthemetropolitarregionsof Lugano,Gen&a,andBaselextendacross
theborderandthereforecannotbe simulatedrealisticallywith the availabledemandiata.

It shouldbenotedthatsimulationswith hardcapacityandstorageconstraint@regenerically
muchmore sensitve to capacitymismatcheghan staticassignment.n staticassignmentan
overloadedink (with volumehigherthancapacity)will justbeunattractvefor therouting,butit
will forwardtherequestedteadystate o w neverthelessln a simulationwith hardconstraints,
aqueuewill form upstreanof suchabottleneckandit will spill backinto therestof thesystem.

Oneway to solve this problemandto alsoadvancetowardsmore microscopicrepresenta-
tion is to includea higherresolutionnetwork for the region aroundZurich. Sucha network is
available,whichwill have considerablymorelinks, possiblyleadingto a highernetwork capac-
ity becausef the additionof secondarycapacity That network shouldbe a lot morereliable
in termsof realismandthuseliminateone of the sourcesof errors. In addition,addingother
choicesinto the model (mode, destination,activity pattern)shouldalso dampenthe adwerse
effectsof demand-capacitsnismatch.
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