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Abstract

In this thesis, we presert a methodology to jointly calibrate the O-D estimation

and prediction and driver route choice models within a Dynamic Tratc Assignmert

(DTA) systemusing seeral days of tratc sensordata. The methodology for the cal-

ibration of the O-D estimation module is basedon an existing framework adaptedto

suit the sensordata usually collectedfrom tratc networks. The parametersto be cal-

ibrated include a databaseof time-varying historical O-D °ows, variance-c@ariance
matrices ass@iated with measuremen errors, a set of autoregressie matrices that

capture the spatial and temporal inter-dependenceof O-D °ows, and the route choice
model parameters. Issuesinvolved in calibrating route choice modelsin the absence
of disaggregatedata are iderti ed, and an iterativ e framework for jointly estimating

the parametersof the O-D estimation and route choice models is proposed. The

methodology is applied to a study network extracted from the Orange Courty re-

gion in California. The feasibility and robustnessof the approad are indicated by

promising results from validation tests.
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Chapter 1

In tro duction

Physical and economicconstraints are causingurban and suburban congestionre-
lief solutionsto move away from building more roads. Increasingattention is being
focusedon Advanced Trazc Managemen Systems(ATMS) and Intelligent Trans-
portation Systems(ITS). Emerging Dynamic Tratc Managemeh Systems(DTMS)
attempt to optimize the utilization of existing system capacity by performing two
basic functions. Firstly, sut systemsprovide pre-trip and en-route information to
drivers about anticipated network conditions for the duration of the proposedtrip.
In addition, the systemsassisttratc cortrol systemsto adapt and adjust in real-time
to dynamic tratc conditions.

A desirablefeature of sud systemsis the ability to predict future tratc. Lack of
knowledgeabout projected traxc conditions could render guidanceor cortrol initia-
tivesirrelevant or outdated by the time they take e®ect.Dynamic Traxc Assignmern
(DTA) is a critical componert of sud traxc prediction systems.

A DTA system models complex interactions between supply and demandin a
transportation network. While the supply componert capturestratc dynamicsthrough
the movemern of packetson the road network accordingto aggregatetratc relation-
ships,the demandcomponern estimatesand predicts point-to-p oint network demand
and modelsdriver behavior with respectto choiceof departuretime, mode and route.
The demandsimulator also models drivers' responseto information. The DTA sys-

tem is designedto residewithin a Tratc Managemem Center (TMC), and aid the
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operator in locating congestionbefore it happens. This information will be valu-
ablein initiating preventive measureghrough a wide rangeof cortrol strategiesthat
include modi cations to signal operations, diversion of tratc, and dissemination of

route guidanceinformation.

1.1 Motiv ation for Demand Calibration

Real-timeapplicationsof a Dynamic Tratc Assignmen systemtypically utilize inputs
from a traxc surveillance systemto estimate and predict O-D °ows (Figure 1-1).
Thesepredicted °ows are then usedas a basisto generateroute guidancethat may
be disseminatedto equipped drivers as traveler information. It is important to note
that driver reaction to this guidancecould merely causespatial and temporal shifts
in the predicted congestion,thereby invalidating the very prediction that in°uenced
the guidance. The credibility of sud systemsthereforereliesheavily on their ability
to accurately estimate and predict tratc conditions under congestedegimes,and to
generateconsistent route guidance. Consistencyindicatesthat the predicted network
state (in terms of congestionand travel times) matchesthat actually experiencedby
the drivers on the network.

Driver behavior and the underlying trip patterns are typically characteristic of
the demographicaland geographicsectionunder study. Decisionsregarding choice of
route or departure time can depend on a host of obsenable variables(such as scocio-
economiccharacteristics,route attributes and value of time) and latent variables(like
network knowledgeand \aggressiveness")that capture local conditions. The origin-
destination °ow patterns might be a function of the spatial distribution of resideriial
and commercialzones. Accurate estimation and prediction of O-D °ows and driver
behavior thereforeplay key rolesin the evaluation of driver responseto guidancein
the cortext of real-time tratc managemenh In orderto ensurethat the systemreacts
and beharesin arealistic mannerwhendeployed at site, it is critical to calibrate these
modelsagainst eld data collectedfrom the site of actual deploymert. The calibration

of the O-D estimation/prediction and route choice models is therefore critical to
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Figure 1-1: Dynamic Tratc Assignmert
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establishingthe credibility of the guidancesystem. Further, the closelinkagebetween
the route choice model and the O-D estimation and prediction model necessitates
a joint calibration approad that will yield a consisten set of parametersacross
both models. This thesis focuseson the joint calibration of the demand simulator,

comprisedof the driver route choiceand O-D estimation and prediction models.

1.2 Problem De nition and Thesis Ob jectiv e

Figure 1-2 summarizesthe input and output requiremens of the calibration process.
For the preser, the calibration processcan be visualized as a black box that uses
available O-D °ow estimatesand se\eral days of surveillance data as inputs. The
outputs from the black box arethe parametersin the route choiceand O-D estimation

and prediction models.

a priori O-D . . .
Flows (From Offline Calibration
Surveys/Models)

‘N' days of sensor
data

!

Route Choice Parameters
Time-Varying Historical O-D Flows
Error Covariance Matrices
Autoregressive Factors

Figure 1-2: The Calibration Problem

Initial O-D °ow estimatesmay be obtained through surveys, planning studies,
or demandforecastingmodels. The quality of theseestimatescan vary signi cantly
basedon the methods usedto generatethem. Often, a good set of initial °ow es-
timates is not available, and hasto be extracted from the surwveillance data. The
real-time data collectedby the surveillance systemcan include time-depender traf-
“C courts, occupancies(a proxy for densities), speedsand queue lengths on links

equipped with sensors. While the courts are typically usedby the O-D estimation
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and prediction model, the speeds,occupanciesand queuelengthswill be usedto en-
surethe accuracyof the supply-sidemodel parametersthat govern the movemert of
vehicleson the network.

The parametersin the route choice model are theoretically estimated from de-
tailed disaggregatedata obtained through travel surveys. Ideally, sud surveysyield
data pertaining to a host of attributes and sccio-economiccharacteristicsthat might
help explain individual route choicedecisions.Howewer, suc arich data setis seldom
available. In most caseswe needto identify alternative methods of calibrating the
route choice model parametersfrom available aggregatedata. This data is often a
manifestation of individual discretechoicedecisions.The calibration approad should
be ableto accuratelyreproducethe obsenedaggregatedata by adjusting the parame-
ters in the individual driver behavior models. In this thesis, we proposea calibration
methodology to jointly calibrate the parametersin the O-D estimation/prediction
and route choice models using aggregatesensordata.

Ead additional day of data contains valuableinformation about O-D °ow patterns
and driver behavior. The calibration framework takes advantage of the availability
of sewral days of sensordata to generatethe best parameter estimates. Various
alternative approadiesto using the available data are discussed. Demand patterns
might alsovary by day of the week,weather conditions, special everts and inciders.
Given data collected over an extended period of time, we would like to generate
stratied O-D °ow databasesthat cover such a wide range of demand conditions.
Finally, recalling the real-time nature of the DTA system, we require a corveniert
meansof updating the historical databaseas ead additional day of obsenations are

recorded.

1.3 Literature Review

Literature on the calibration of DTA systemsis limited, and often relatesto simple
networks under uncongestediratc °ow regimes. He, Miaou, Ran and Lan (1999)

attempt to list the major sourcesof error in a DTA system, and lay out frame-
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works for the o2ine and online calibration of the system. The proposedframeworks

treat the calibration of the dynamic travel time, route choice, °ow propagation and

O-D estimation models sequetially. The authors considera modi ed Greenshields
model to explain dynamic travel time variations on freeway links, and split the travel

times on arterials into a cruise time componernt and a delay componert®. The sug-
gestedcalibration approad aimsto minimize the \distance" betweenthe analytically

computedtravel times and those measuredby detectors. Further, the maximum like-

lihood estimation proceduresuggestedor the calibration of the route choice model

reliesheavily on the availability of adequatesurvey or detector data about travelers'
route choices. This assumptionwould fail in seweral real cases,where only aggre-
gate network performancemeasureqsud aslink counts) are available. A procedure
similar to that adopted for the dynamic travel time models is applied for the °ow

propagation model, where link in°ows and out°ows are matched against detector

data. While suc a detailed level of model calibration might be preferred,the lack of

sud arich disaggregateletector data setwould often renderthe approad infeasible.
In addition, the paper doesnot include the O-D estimation module, which constitutes

a critical part of the demandsimulator within a DTA system.

In a subsequen paper, He and Ran (2000) suggesta calibration and validation
approad that focuseson the route choiceand °ow propagationcomponeris ofa DTA
system. This paper again assumesrior knowledgeof time-dependent O-D matrices,
and further simpli es the demandprocessby imposingthe temporal independenceof
O-D °owsbetweenall O-D pairs. Also, the assumptionof discretedata availability to
allow a Maximum Likelihood Estimation of the route choicemodel s still a restriction
on the practical applicability of the proposedapproat. The two approatesreviewed
thus far fail to addressthe overall problem of jointly calibrating the O-D estimation
and route choice models.

An approad by Hawas (2000) usesan ad hac ranking of DTA systemcomponerts
to determine the order in which these componerts must be calibrated. Howewer, a

linear relationship between componerts is inherertly assumed,and cyclic data ex-

1Delays on arterial links are attributed to queuing at intersections.
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changethrough feedba& betweencomponerts (as in the demand-supplyinteraction
within a DTA system)is ignored. Further, the paper usesthe componerts of a tratc

simulator, and not a DTA system,as a casestudy.

The problem of O-D estimation itself has beenthe focus of sewral theoretical
studies. Cascetta (1984) and Cascetta, Inaudi and Marquis (1993) extend a GLS-
basedstatic O-D estimation approad to the dynamic cortext?. The tests, however,
were performed on a linear network with no route choice. Also, no guidelineswere
provided for estimating the error covariance matrices that are critical estimation
inputs.

Subsequenwork by Ashok (1996), Ashok and Ben-Akiva (1993) and Ashok and
Ben-Akiva (2000a) outlines a real-time O-D estimation and prediction framework
basedon a Kalman Filtering algorithm working with deviations of O-D °ows from
their historical values. The approad is °exible soasto allow the explicit handling
of measuremen errors and stochasticity in the assignmeh matrices. Howewer, the
theoretical developmert is tested on small scalenetworks with minimal or no route
choice. Moreover, the initialization of the Kalman Filter requires historical °ows,
error covariancesand autoregressie matrices, that are unknown at the beginning of
the calibration process. While someapproadesto estimating these quartities are

suggestedthey have neither beentested on real-sizednetworks, nor studied in detail.

Van der Zijpp and Lindveld (2001) presen a framework for O-D estimation that
attempts to capture the phenomenonof peak-spreadingn congestedratc networks
by integrating both route and departure time choiceinto the estimation process.The
core of this approad involvesthe estimation of a dynamic O-D matrix, whosecells
are also assaiated with preferred departure times. A switch from the preferredde-
parture time is assaiated with a certain disutility which is dictated by a sdedule

delay function. The estimation problem is modeled as a Space-TimeExtended Net-

2A detailed review of dynamic O-D estimation using GeneralizedLeast Squares(GLS) is preserned
in Section 2.4.

3Deviations attempt to capture the wealth of information about spatial and temporal relation-
ships between O-D °ows cortained in the historical estimates. The historical databasewould be
synthesizedfrom seeral days of data
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work (STEN) built by replicating the physical network as many times as there are
departure time periods. The replicated virtual origin nodesare duplicated further to
represem the preferred departure interval, with links betweenthe two sets of extra
nodesdepicting the realizeddeparture intervals. The authors outline an iterativ e so-
lution schemebasedon the Frank-Wolfe useroptimal assignmenhalgorithm to identify
a STEN that is consistenn with the obsened link °ows. In a separatediscussionthe
authors mention someof the limitations and drawbadks of the methodology: Firstly,

travel delays on links are appraximated by a function of link in°ows alone:

_ 0 G
ta(qa) - ta 1+a qcap

(1.1)

wheret, isthe delay onlink a, t is the delay underfree-°ow conditions, g, is the in°ow
for link a and ° is the capacity of the link. While this function doesnot explicitly
capture congestione®ectslueto queuing,the authors suggesthat a bottlened model
might be approximated by employing a large value for the constart . Howewer,
the Frank-Wolfe algorithm was found to be incapable of handling the sensitive link
delay functions resulting from large valuesof . Other experimertal obsenations
point to the possibility of the iterativ e algorithm either cycling inde nitely between
equivalent STENS, or terminating at a local minimum or saddlepoint. In addition,
the numerical tests were performedon a small arti cial network with assumedtrue”

O-D °ow, preferreddeparturetime and stheduleddelay data. The route choicemodel

was also assumedto be known.

Hazelton (2000) preserts a Bayesianapproad to the static O-D estimation prob-
lem. AssumingPoisson-distributedO-D °ows, the paper outlines a Maximum Likeli-
hood Estimation procedureto estimate the unknown O-D °ows from se\eral days of
link obsenations. The full likelihood expressionis alsosimpli ed to yield a tractable
estimation method that incorporatesmeasuremenerrorsin the obsenedlink courts.
The paper, howewer, su®ersfrom se\eral limitations. Firstly, the focus remains on

static O-D estimation, and is therefore not directly suited to DTA scenarios. Sec-
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ondly, the theoretical underpinnings are basedon uncongestednetwork conditions,
which would be unrealistic in most real-time DTA applications. Lastly, the numerical
tests descrilked in the paper were performedon a small and simple grid network with
6 nodesand 14 directed links, along with synthetic data basedon a known matrix of
true O-D °ows.

In arecert paper, Cascettaand Postorino (2001) evaluate di®eren iterativ e solu-
tion algorithms for the xed-point O-D estimation problem on congestednetworks.
Howewer, the paper doesnot focus on model calibration, and its scope is limited to
static O-D estimation. As the paper provides key insights into the solution of xed-
point problems, we now review the conceptspreserted therein. Cascettaet al state

the xed-point formulation of the O-D estimation problem as:

f7 = f(t°) (1.2)

t° = argmin[F1(x;t) + Fo(H"(c(f*)x;1)] (1.3)

The function f(:) in Equation 1.2 mapsestimated O-D °owst” to estimated link
°ows f°. Equation 1.3 is the solution step that generatest® by optimizing over
the variable x, with F1(:) and F,(:) forming two terms in the objective function.
While F(:) measureshe distancebetweenthe O-D °ow x and the target °ow t, the
function F,(:) measuresthe distance betweenthe actual vehicle courts  measured
at sensorsand the link °ows resulting from the assignmen of the demandvector x.
In addition, the function H"(:) assignsthe O-D vector x rst to paths °ows (using
link cost function c(:)) and then to link °ows.

The paper brie°y looks at existenceand uniquenessconditions for the composed
"xed point problem outlined above. While these conditions are in generalditcult
to analyze mathematically, the authors state suxcient conditions that require both
F1(:) and F,(:) to be cortinuous and cornvex, while at least one of them is strictly

convex. Threeiterativ e algorithms weretestedfor accuracyand speedof corvergence.
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Functional Iteration providesa simpleiterative framework wherethe latest O-D °ow
estimatesare fed bad into the assignmeh model for the next iteration. The Methad
of SuwessiveAverages or MSA, is an alternative schemethat assignsweights to the
results from ead iteration:

th = %xk + kiTlt"i ! (1.4)
wherethe \'Ttered” °ows t¥ are obtained by weighing the latest estimatesx®, and
the TTtered °ows from the previousiteration t%i 1. The iteration courter k is usedto
generatethe weights. While this method hasthe advantage of utilizing the estimates
from all iterations, a potential drawbad is that newer estimatesare allotted lower
weights. Consequetly, \bad" initial estimatesmight be weighted higher, thereby low-
ering the speedof corvergence.The Methad of SucessiveAverageswith Decreasel
Reinitializations, or MSADR, is a modi cation of the MSA algorithm that reinitial-
izesthe algorithm's \memory" with a frequencythat decreasesith the number of
iterations. This accelerationstep causesthe algorithm to skip intermediate values
and focus more on the later iterations that are closerto the solution. While the
MSADR and MSA algorithms produce the samesequenceof solutionsin the limit,
the cornvergenceof the MSA (and henceof the MSADR) is ditcult to establish.
These algorithms are therefore suggestedas heuristic approadesto solwe the xed
point problem of interest. The authors mertion the Baillon Algorithm as a fourth
approad, but restrict themselhesto the rst three schemesfor numerical testing.

The paper concludesthat all three algorithms tested corvergedto the same xed

point even under stringent stopping tests. Functional iteration and MSADR out-
performed MSA on speedof cornvergence.While these ndings are indicative of the
suitability of iterative schemesin solving xed-point problems,they su®erfrom sev-

eral limitations:

2 The tests were basedon a small and simple grid network.

2 The study usedsynthetic surveillance data. O-D °ow and sensorcourt mea-

suremens were generatedarti cially from known values.
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2 The Logit route choicemodel useda xed travel time coezcient.

2 The model estimated static O-D °ows. While these might suxce for certain
limited planning applications, they would be inadequatein a real-time DTMS

scenario.

Conclusion

While there hasbeena profusion of theoretical works on DTA systems,the literature
indicatesthat little work hasbeendoneon the calibration of their model componerts.
Much of the results have beenbasedon small and simple uncongestedhetworks with
little or no route choice, using synthetic data generatedby adding a random term
to someassumed\true” values. A few studies involving congestednetworks have
either focusedonly on static O-D estimation, or have usedsimple networks consisting
ertirely of freeways. Above all, there seemto have beenno previous attempts at
jointly calibrating the parametersof the route choice model and the O-D estimation
and prediction model. This thesis presens a framework for the joint calibration of
the route choice and O-D estimation and prediction models within a DTA system.
The proposedmethodologyis then applied to a casestudy from a large-sizednetwork
comprising of both freeways and arterials. The estimation and prediction abilities of

the calibrated systemare validated againstreal sensordata obtained from the eld.

1.4 Thesis Outline

This thesisis organizedasfollows. In Chapter 2, we undertake a detailed explanation
of the input and output requiremens of the demand calibration processfor a DTA
system,and presen the proposedcalibration methodology. Chapter 3 exploresissues
pertaining to setting up a historical databaseof O-D °ows and other inputs to the
demand simulator. In chapter 4, we introduce DynaMIT, a state-of-the-art DTA-
basedprediction and guidancesystem, and DynaMIT-P, an application of DTA for

planning. This chapter brie°y descrikesthe features,models and applications of the
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DynaMIT and DynaMIT-P systemsthat form a basisfor our casestudies. Chapter 5
describescasestudiesthat demonstratethe feasibility and robustnessof the proposed
calibration methodology when applied to large-scalenetworks, and presens valida-
tion resultsthat evaluate the estimation and prediction capabilities of the calibrated
DynaMIT system. We concludeby stating someof the cortributions of this researt

in Chapter 6, and outline directions for future researa.

26



Chapter 2

Calibration Metho dology

The dynamic tratc assignmeh systemshould possesshe ability to accuratelyrepli-
catetratc conditions asobsened by the surveillancesystem. The primary objective
of calibration is thereforeto identify DTA model parametersand inputs that match
the oZine surweillancedata available. In this chapter, we castthe calibration problem
in an optimization framework, and discusssomeimportant properties characterizing
the problem and its solution. We later presen an iterative approad to the joint

calibration of the demandmodelswithin a DTA system.

Figure 2-1 summarizesthe overall framework for the calibration of a DTA sys-
tem. We rst iderntify a setof parametersthat requirescalibration, and assigninitial
valuesto the same. The next step involvesrunning the DTA systemwith the chosen
parametersto generatesimulated measuresof system performance. This output is
comparedagainst the obsened data obtained from the surweillance system,to eval-
uate an objective function. Our parameter estimatesare now modi ed, and a new
optimization problemis solved. This processs cortinuediterativ ely until a prede ned

set of convergencecriteria is satis ed.

The calibration framework can be viewed as a large optimization problem, with

the nal objective of matching various simulated and obsened quartities:

o o
o)

Minjr_r)l(iz e° simulated quartity j obsened quartity °
HiXp
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The minimization canbe over a conbination of seweral network performancemeasures
sud as °ows, speedsor densities. The simulated quartities are obtained through the

following steps:

. X0
X, = argmin[F, (x,;x.)+ F,( a Xp:y,)l (2.1)
p=hj p°
a = g(xp ot (2.2)
' = h(;°x,) (2.3)

where  represets the route choice parameters,and ° the parametersin the supply
simulator. Equation (2.1) forms the basic O-D estimation step in the calibration
framework, and is itself an optimization problem with a two-part objective function.
The function F, measuresthe distance of the estimated “ows x, from their target
values X:’ while F, measuresthe distance of the measuredcourts y, from their
simulated values. The assignmenh matricesaﬁ requiredby the O-D estimation module
are outputs of the dynamic network loading model, and are functions of the as yet
unknown O-D °ows, the equilibrium travel times on ead link (tt;), the route choice
parameters and supply-sideparameters® (Equation (2.2)). Finally, the equilibrium
travel times are themsehesa function of the O-D °ows, route choice parametersand
supply-side parameters(Equation (2.3)). Equations (2.1) to (2.3) therefore capture

the xed-point nature of the calibration problem.

We now take a deeper look at the demand -calibration process.Let us begin with
the O-D estimation module, which forms an important part of the demandsimulator
within any DTA system. This module attempts to estimate point-to-point °ows in
the network basedon link-speci ¢ tratc courts measuredby the surveillancesystem.
A key input for O-D estimation is the assignmeh matrix, the dimensionsof which
depend on the number of independent link sensorsin the network and the number
of O-D pairs to be estimated. Each elemen in the assignmeh matrix, therefore,
represets the fraction of an O-D °ow assaiated with a particular link, andis derived

by simulating path °ows in a dynamic network loading module. Path °ows in turn
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are obtained through a route choicemodel combined with knowledgeof the O-D °ows
themsehes,which we setout to estimate (Figure 2-2). The solution to the calibration
problem s thereforea xed point betweenthe route choicefractions, the assignmen

fractions and the O-D °ows, and necessitatesn iterativ e solution approad.

2.1 lterativ e Approac h to Demand Calibration

The proposediterativ e approad is illustrated in Figure 2-3. We usethe route choice
model as the starting point in our iterative framework. ldeally, the parametersin
the route choice model should be estimated separately using a rich travel survey
data set. Sud a survey would typically cortain information regarding individual
drivers'sccio-economiccharacteristicsand preferencesand attributes assaiated with
the alternatives. In the absenceof suc disaggregatedata, we needa method of
estimating these parametersfrom aggregatedata sud as vehicle courts at sensors.
The rst stepisto assumea setof initial valuesfor the parametersin the route choice
model. In order to generatean assignmeh matrix, we needadditional information
about path travel times and the O-D °owsthemselhes. For a large network, the e®ort
requiredto collectand storetime-depender path travel times throughout the period
of interest can be prohibitive. We therefore simulate the assignmen fractions using
an initial seedO-D matrix. The route choice model usesthe latest available travel
time estimatesto compute path choice probabilities?. Driver route choicesare then
simulated to generatetime-dependert assignmeh matrices. The assignmen matrix
and correspnding O-D °ows are passedon to the O-D estimation module, the output
of which is a new set of O-D °ows.

This processraisestwo issuesrelating to corvergence.The rst issuedealswith
the assignment matrix . The newly estimated O-D °ows (generatedby the O-

D estimation module) can be re-assignedto the network, using the original route

1The alternativesin this casebeing the di®erert possiblecombinations of routes and departure
times.

2In the absenceof initial travel time estimates, we might start the processwith free-°ow travel
times.
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choice model. The resulting assignmeh matrix is very likely to be di®eren from
the matrix usedas input to the O-D estimation module. It is therefore essetial
to ensureconsistencyby iterating locally on the assignmeh matrix. A smaoothing
algorithm sud as a weighted averagée (of the latest matrix estimate with estimates
from previousiterations) canbe usedasinput for the subsequenhiteration. A suitable
termination rule should be determinedin order to provide a stopping criterion. The
secondissuerelates to the route choice parameters . The estimated O-D °ows
obtained thus far were basedon the initial valuesassumedfor the parametersin the
route choice model. In the absenceof disaggregatedata, we are forced to employ
aggregateapproathesto estimate these parameters. Observing that link °ows are
indirect manifestationsof driver route choicedecisionswe iterate on the route choice
model parametersuntil we are able to replicate fairly well the link °ows obsened at

the sensors.

2.1.1 lterativ e schemes

Cascettaand Postorino (2001) presen three di®eren algorithms? to iterativ ely solve
the xed point problem asseiated with static O-D estimation in congestechetworks.
Their testsindicate that functional iterations and MSADR perform better than the
MSA in terms of speed of corvergence.No signi cant di®erencewas noticed in the
“nal solutionsobtained. It is hard, howewer, to extendthe ndings to alargerdynamic
problem. The suitability of the various algorithms will have to be evaluated through
numerical testing.

The generalstructure of the iterativ e solutions consistsof three basic steps:

2 Re-assignthe current estimated O-D °ows to obtain a new assignmeh matrix.
2 Compute a new assignmeh matrix using a smaothing algorithm.

2 Usethe smoothed assignmeh matrix to estimate new O-D °ows.

3Typically, newer estimates are assignedhigher weights than estimatesfrom previous iterations
4Functional Iteration, Method of Successie Averages(MSA) and MSA with decreasingreinitial-
izations (MSADR)
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The stepsare repeated until a suitable set of termination rules is satis ed. The

following sectionsprovide a brief overview of the three iterative sdhemes.

Functional iteration represeis the simplestform of the genericiterativ e algo-
rithm outlined previously, with the latest assignmeh matrix estimate being usedfor
the next iteration. Convergenceas measuredoy the di®erenceéetweensuccessig O-D
°ow estimatesacrossall O-D pairs. A simplemodi cation in the above procedurecan
allow for the averagingof successig O-D °ow estimateswhile computing the current
estimate. Yet another algorithm canbe visualizedby averagingsuccessig assignmen
matrices. Howewer, this approad would involve the explicit evaluation and storage
of seeral assignmeh matrices, and can be a burden on computational exciency and

storage.

The Metho d of Successive Averages (MSA) provides a way of assigning
weights to successig O-D °ow estimates,thereby speedingup the convergenceof the
iterativ e solution:

e 1o Kij 1in1

X"+

7K K

(2.4)

where xK° is the new °ow vector after iteration k, x¥ is the estimate generatedin
iteration k and x*i ! is the estimate from the previous iteration. Sud a weighed
approad is often known as smathing, and has beenfound to signi cantly improve
convergenceproperties. It should be noted that the weight assignedto a new esti-
mated °ow vector decreasess the iterations progresstowards a solution, implying
that initial solutionsare weighedmore heavily than thosecloserto the true solution.
Consequetly, the algorithm can slov down dramatically in the nal iterations before
convergence.This drawbadk of the classicalMSA algorithm is remediedin part by its
variant, the MSA with Decreasing Reinitializations (MSADR) , which erases
the memory of the algorithm at prede ned intervals. The frequencywith which the
memory is reinitialized decreasess the algorithm gets closerto the true solution it
seeks.The e®ectof sudh an approad would be to skip intermediate solution steps,

thereby ensuringfaster corvergence.
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2.2 The Route Choice Mo del

The choice of route and departure time are important aspects in the modeling of
incidents, responseto information and the ewaluation of guidance strategies. The
route choice model captureskey aspectsof driver behavior in the cortext of dynamic
tratc assignmefy and attempts to replicate driver choice decisionsusing a set of
explanatory variables. These variables can include route attributes sud as travel
times and cost componerts, aswell asdriver characteristicssud asincomelevel.

Route choicescan be modeled at two levels. Pre-trip route choicesare made
before the driver embarks on the trip. At this stage,the driver has accesgo tratc
information and guidancefrom a variety of sourcessud asradio tratc bulletins, the
Internet, or a dedicatedtraveler information provider. The important aspect to note
hereis that drivershave the ability to changetheir departure time dependingon the
current information. Henceapart from changingthe chosenroute, the driver canalso
decideto leave soconer or later, in a bid to beat the rush. Other alternatives that
are feasibleat this point are a changeof mode (say to public transit options), or to
cancelthe trip itself. Once the driver has enbarked on the trip, howewer, seeral
of the alternativesdiscussedabove becomeunavailable. For example,drivers can no
longer changetheir departure times. We now model en-route driver decisionsthat
capture the phenomenorof path switching in responseto real-time information. Sud
information could be available, for example, through in-vehicle units (for equipped
drivers) or through Variable MessageSigns (VMS) installed at speci ¢ locations on
the network.

The route choice model operateson ead driver's choice set. This set cortains
all feasiblecombinations of departure times and routes. The choice probabilities for
all alternativeswithin the choice set are evaluated using a discrete choice modelP. It
further simulatesthis choicethrough random draws, and determinesthe chosenpath.
The aggregationof all sud chosenpaths will result in path °ows by O-D pair, which

are usedby the Dynamic Network Loading model discussedhext.

SA detailed discussionof route choice model parametersis presened in Section4.4.1.
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2.3 The Dynamic Network Loading Mo del

The path °ows output by the route choice model are usedby the dynamic network
loading (DNL) model to create time-dependert assignmeh matrices. This step in-
volvesthe assigningof path °ows to the network, and courting the vehiclesas they
crosstratc sensors.The departure times of the counted vehiclesare alsotracked, as

the matrices aE depend on the current interval h aswell asthe departure interval p.

Various analytical approadieswith di®erent underlying assumptionshave been
suggestedfor the DNL problem. Cascettaand Cantarella (1991a) approximate the
behavior of all vehicleson path k in time interval h to be part of the samepadket.
In a modi ed cortinuous padket approad, the vehiclesin a padket are assumedto
be continuously spreadbetweenthe \head" and the \tail" of the padcket. Cascetta
and Cantarella (1991b) suggesta further variation that allows padets to \contract"
or \expand", to help accourn for di®eringaveragespeeds.All theseapproadesyield
very complex expressiondor the assignmeh matrix fractions, and introduce a high
degreeof non-linearity in the objective functions. Simulation provides us with a
more tractable alternative. The path and departure time recordsfor eat vehicle
can be tracked in a microscopictratc simulator and later processedo obtain time-
dependent assignmeh matrices. A more aggregatemesoscopidratzc simulator can

alsobe usedto adcieve the sameresult.

2.4 The O-D Estimation Mo dule

The O-D matrix estimation problem involvesthe identi cation of a setof O-D °ows
that, when assignedto the transportation network, resultsin link °ows that closely
match obsened °ows. The input data can be obtained from various sources derived
from di®eren processesand characterizedby di®eren error componernt structures.
We thereforeneeda uni ed approad that extracts the maximum information out of

the available data in a statistically excient manner.
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2.4.1 Inputs and Outputs

Figure 2-4illustrates the basicinputs and outputs for an O-D estimation model. This
model obtains initial O-D °ow estimatesfrom a historical database(the generation
of this databaseis a part of our calibration exercise). In addition, the module gets
a vector of link courts from the surwveillancesystenf. In an o2ine application, sud
as calibration, link courts for the ertire analysis period would be available to the
model. Howeer, in a real-time cortext, at the end of ead interval h, only the courts
measuredduring that interval will be reported by the surveillance system. Finally,
the model either gets, or computes, a set of assignmeh matrices’. By comparing
the link courts measuredby the sensorswith the courts obtained by assigningthe
estimated or a priori O-D °ows to the network, the O-D estimation model updates
these estimates. While the o2ine estimation can attempt to estimate ows for all
T intervals simultaneously the real-time estimation necessarilyproceedssequetially

through the intervals.

2.4.2 Preliminary De nitions

We beginby intro ducing somebasicde nitions that will be followed henceforthin this
thesis. ConsiderT, the analysisperiod of interest, to be divided into T subintervals
1:::T of equallength. The network is represeted by a directed graph that includes
asetN of consecutiely numberednodesand a setof numberedlinks L. The network
is assumedo haven , links, of which n, are equipped with sensors.There are n

O-D pairs of interest.

We denoteby x . the number of vehiclesbetweenthe rth O-D pair that departed
from their origin in time interval h, and by x':h the correspnding best historical
estimate. A historical estimatetypically is the result of estimation conductedduring
previousdays. Further, let the correspnding (n,, = 1) vector of all O-D °ows and

their correspnding historical estimatesbe denotedas x, and x: respectively. Let

SMore generally, the inputs are a set of direct and indirect measuremets, as described shortly.
’As mertioned in Chapter 1, an assignmen matrix maps origin-destination °ows into link °ows.
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%,, represen the estimate of x, . Finally, denoteby y, the obsenedtratc courts at
sensorl during time interval h, and by y, the correspnding (n, @ 1) vector.

Traxzc measuremets fall into two broad categories:
2 Indirect measuremets
2 Direct measuremets

Indirect measuremen ts cortain information about the quartities we wish to
estimate, but are not direct obsenations of the quartities themselhes. Our objective
is to estimate O-D °ows. Obsenations of link courts at tratc sensorsfor example,
would cortain information about the O-D °owsthat causedthem. In fact, link courts
constitute the most commontype of indirect measuremets. Link °ows canberelated

to the O-D °ows through a set of assignmeh matrices:

X P
Y, = a X+t vy (2.5)
p=hij p°

wherey, arethe link courts obsenedin time interval h, x,, is a matrix of O-D “ows
departing in interval p, aﬁ Is an assignmeh matrix that relates °ows departing in
interval p to courts obsened in interval h, and v, is a random error term. p°is the
maximum number of intervals required by a vehicleto clear the network. Let the

variance-ceariance matrix of v, be denotedasV, .
The indirect measuremets represem n, equationsin N unknown variables.

Typically, n,, is much larger than n . In order to be able to estimate the Noo

D
unknown °ows, we supplemern the indirect measuremets with direct measuremeh
\observations".

Direct measuremen ts provide preliminary estimatesof the unknown O-D °ows.

We therefore expressa direct measuremen as follows:

a
X =X, tuy (2.6)
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Wherexi is the starting estimate of matrix x, , and u, is a random error term. We
now have a total of (n, + n ;) equationsto solwe for the nj, unknown °ows. Let

the variance-cwariance matrix of u, be denotedas W he

2.4.3 Deviations

It should be noted that Equation (2.6) only provides a meansof including additional
obsenations on the O-D °ows. The a priori estimates x: can have a variety of
functional forms (Ashok (1996)). Assumethat we possessa historical databaseof
O-D °ows syrthesized from seeral days of data. Sud a databasewould cortain
valuableinformation about the spatial and temporal relationshipsbetweenO-D °ows.
In orderto accommalate this structural information into the new estimates,we work

with deviations of current O-D °ows from their historical values( Figure 2-5):

H N ! p H
X =X+ fh(Xpi xp) (2.7)
p=hi o
Wheref: Is a matrix that relatesdeviationsin time interval p to the current time

interval h. Stated as deviations,

@& = e, (2.8)

p=hi o
The measuremen equationsget modi ed as:

X b X b H
Yy i ax, = ah(xp i X, )+ vV
p=hj p° p=hj p°

) (2.9)

Vi ¥y = a@tv, (2.10)
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Figure 2-5: O-D Flow Deviations
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herey” =
wherey = = .

o0 aﬁxg . We are now ready to synthesize O-D °ow estimatesby
conbining the information cortained in the direct and indirect measuremets. The
following sectionsreview two approadiesto O-D estimation from the literature. The
‘rst is a generalizedeast squaresapproad, while the secondusesa Kalman Filtering

technique.

2.4.4 Generalized Least Squares (GLS) Approac h

The classicalGLS estimator minimizes the \distance" betweenthe estimated O-D
°ows and the a priori °ows, while simultaneously ensuringthat the measuredlink
°ows are as close as possibleto the newly assignedlink °ows (the link °ows ob-
tained by assigningthe newly estimated O-D °ows to the network). The indirect

measuremets are rst adjusted for link °ow cortributions from previousintervals:

X1 h
P
Yy i aX,=ax +v (2.11)
p=hi p°

The direct measuremet equationsare maintained asis:

a
X, = Xyt uy (2.12)

The combined system of indirect and direct measuremets can be expressedn

matrix algebraas:

2 P 3 2 3 2 3
. hi 1 p P
4 Ynl pl=hi poahkp5=4 a, 5Xh+4 Vi 5
a
X, InOD u,

or
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Y, = A X, +2 (2.13)

The error co/ariancesvh and W h assaiated with the indirect and direct measure-

ments can be represeited by a single covariance matrix:

The above structure for - h assumesthat the measuremen errors ass@iated with
the indirect and direct measuremets are not correlated. This would be a reasonable
assumptionin most cases,as the two typesof measuremets are obtained from two

ertirely di®erern measuremeh processes.The °ow estimatesare then given by:

&, = argmin[(Y, i A x)% (Y, i Ax,)] (2.14)

h
- ihl canbe interpreted asa weighting matrix. The weights for eatch measuremen
(indirect or direct) re°ect our con dencein the measuremen process. For example,
we might discount the information contained in the a priori O-D °ows because
they were derived from a static planning study. The correspnding high variancein
the direct measuremen errors would manifest themsehes as a low weight. On the
other hand, we also capture the e®ectof measuremen errorsin the courts recorded
by tratc sensors. A good sensorwould therefore be assaiated with a lower error
variance, thereby implying a higher weight. The variability of the errors is thus

captured through the covariance matrix - , .

The estimator we have just describedis a sequential estimator, in that it treats the

R : obtained

T time intervalsoneat atime. In other words, the estimates® hi e

hij 1;
for pastintervalshi 1;hj 2;::: arekept constart when estimating °ows for currert
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interval h. Expanding - , , we can state the optimization problem as:

. a i a
&, = argmin[(x, i Xh)O\Nhl(Xh i X))
. X Po . N i1 : X P, . AN
+(y, i a ki ax)V (y,i aXpi ax,)] (2.15)
p=hi p° p=hi p°
While this approad has advantagesfrom a computational standpoint, we might
be able to obtain more consisten estimatesby estimating the °ows for all T time

intervals simultaneously?. The equivalert of equation (2.14) would then be:

XI' il
(R;%,;000,%,) = argmin[ - (Y, | A x)% LY AL (2.16)
h=1
where the minimization is over x, , 0 8i = 1;2;:::;T. Again, we can expand
Equation (2.16) as:
. DR — 1 XT . a I l . a
(R %00 %,) = argmin - [(X, | xh)Q\Nh (Xpi X))
h=1
X X 0 ) X 0
Yy ax,)V 'y, i a’x,)] (2.17)
h=1 p=h;j p° p=hj p°

It should be noted that Equations (2.16) and (2.17) represeis a much bigger
optimization problem when comparedwith Equations(2.14) and (2.15). In a practi-
cal application, computational considerationsmight drive us towards the sequetial

estimator.

2.4.5 Kalman Filter Approac h

The Kalman Filter approad (Ashok and Ben-Akiva (2000b)) provides a corveniert
O-D estimation and prediction method for real-time applications as well as o2ine

estimation. This approad viewsthe O-D estimation problem asa state-spacemodel®

8Simultaneous estimation gains signi cance in ozine applications sudch as model calibration.
9The reader is referred to Gelb (1974) for an exhaustive coverageof state-spacemodels.
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which consistsof two equation systems:

M easurementEquation : Y, = A X + Vv, (2.18)
TransitionE quation : X, .. = © X, + W (2.19)
where
h io

h

= 0 0 0
Xh @ @hi 1 ¢ee @hi S

The transition equation is basedon an autoregressie processsimilar to Equation
(2.7). The state variables X, usedin the above formulation corresmpnd to an aug-
merted state approad that combinesthe advantagesof both simultaneousand se-
guertial estimatorswhile reducingthe heary computational load assaiated with si-
multaneousestimation. The term A is a suitably constructed matrix of assignmen

fractions.

Assumethat the initial state of the systemX, hasknown mean >t0 and variance
P,. The systemof measuremenand transition equationscanthen be combined into

a sequencef stepsthat easily integrate a rolling horizon:

§0jo = Py (2.20)

§hihi = G, 1§hi 1jhi 1©2; 1T Qs (2.21)

Ki = B i ALAS ALY Ry (2.22)

i = Szl KnAnSpn (2.23)

X\Ojo = )%o (2.24)

X\hjhi 1 ©hi 1><\hi 1jhi 1 (2.25)

X\hjh = X\hjhi LKLY Ah){\hjhi 1) (2.26)

The term X\hjhi , represets a one-stepprediction of the state X, , and signi es the

best knowledgeof the deviations X, prior to obtaining the link courts for interval h.

This prediction is achieved through the autoregressie processdescribed by Equation
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(2.25). §hjh; , denotesthe varianceof X\hjhi ,» and dependson the uncertainty in both

as well as the error in the autoregressie process(Equation (2.21)). The

N
Xhi ljhj 1

role of the Kalman gain matrix K, is explainedintuitiv ely by Equation (2.26). K
helps update the one-stepprediction X\hjh; , With the information cortained in the

new measuremets Yh.

2.4.6 GLS vs the Kalman Filter

The Kalman Filter yields a conveniert and elegan sequetial methodologyto update
the O-D °ow estimatesand error covariance matriceswith data from successig time
intervals. The advantages of simultaneous estimation can also be easily integrated
into the estimation framework through the technique of state augmenation, and is
well suited to function in a rolling horizon'®. In addition, the transition equation
inherertly enbeds a prediction step basedon a rich autoregressie process. The
Kalman Filter approad is therefore a joint O-D estimation and prediction model,
and is an obvious choicewithin areal-time DTA-basedtratc prediction and guidance
system.

While the advantagesare many, the Kalman Filter might su®erfrom somelimita-
tions in a calibration framework. The inputs to the Kalman Filter algorithm include
a historical databaseof O-D °ows, covariancesof the initial °ows, error covariance
matrices and autoregressie matrices. As se\eral of theseinput parametersare likely
to be unavailable in the initial stagesof a calibration application, we needalternative
ways of initializing the Kalman Filter beforeit can be deployed on site. Further,
Equations (2.20) to (2.26) represen repeatedmatrix operationsinvolving matrices of
very large dimensions,and could potertially render an iterativ e calibration scheme
computationally expensiwe and infeasible.

A practical solution to the above problem might be suggestedby Ashok (1996),
which preserts a derivation of the Kalman Filter algorithm from a GLS approad and

establisheghe equivalenceof the two methods for discretestochastic linear processes.

10The conceptof a rolling horizon in real-time DTA systemsis covered in detail in Chapter 4.
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Chapter 3 exploresthis approad in detail, and addressesssuesrelated to initializing

the calibration process,and the availability of data.

2.5 Supply-Side Calibration

While the focus of this thesisremainsthe calibration of the model parameterson the
demand side of a dynamic traxc assignmeh system, one should note that a DTA
systemmodelsequilibrium in the tratc network by modelingthe interactionsbetween
the demandand supply componerts. Indeed,the assignmebhmatrix, which isa crucial
input to the O-D estimation module, is an output of a supply simulation that captures
tratc dynamicsand simulatesdriver decisionsin the cortext of capacity constrairts.
It is therefore necessaryto placethe problem of demandcalibration within an even
larger overall calibration framework.

The demand calibration framework presened here assumeghe availability of a
calibrated supply simulator. The DTA calibration processshould capture the close
interaction betweenthe demandand supply componerts, and should attempt to es-
timate the parametersin both classesof models jointly. While we do not presen
detailed discussionson the calibration of the supply model parametersin this work,

someresults on this topic may be found as part of the casestudiesin Chapter 5.

2.6 Mo del Validation

A good indication of a valid model is its ability to predict future systembehavior.
Model validation is therefore a critical nal stepin the calibration framework. The
calibration processmight yield consistet and etcient parameter estimatesthat t

the obsened data. Howewer, it is necessaryto ensurethat the calibrated system
cortinues to perform in a satisfactory manner when faced with fresh information
from the surveillance system. This issueis particularly important in the cortext of
a Tratc Managememn Center, where the calibrated DTA system must possesghe

robustnessto deliver accurate estimations and predictions in the face of real-time
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°uctuations in the measuremets. These °uctuations can consist of either day-to-
day variations in tratc °ows, or can represem signi cant deviations from normal
conditions due to accidernts, incidents, weather or special everts.

It is often too expensiwe or ditcult to conduct separatedata collection e®ortsfor
calibration and validation. In sud situations, we are forced to utilize the available
data wisely to adhieve both objectives. We might then divide the available data into
two sets. While the rst set would be usedto estimate our model parameters,the
secondmight be usedasthe basisfor model validation. Sud an approad might also
help eliminate someof the e®ectsspeci ¢ to a particular data set.

It should be noted that discrepanciedetweenmodel predictions and systemout-
put after implemertation might indicate the necessiy to re-calibrate the model with

new data.

2.7 Conclusion

In this chapter, we formulated the overall DTA calibration processasan optimization
problem, and presened an integrated framework for the joint calibration of the de-
mand modelswithin a DTA system. We discussedhe rolesplayed by the componerts
within the demandand supply simulators, and analyzedthe inputs and outputs at
ead calibration step. We concludedwith a note on model validation and the larger
calibration picture. The next chapter will exploresomeof the issuesrelating to start-
ing the calibration processin the absenceof reliable initial parameterestimates,and
focus on the useof multiple days of surveillancedata to generateexcient estimates.
Subsequeh chapters will presen casestudies that demonstrate the feasibility and

robustnessof the proposedcalibration methodology.
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Chapter 3

Creating a Historical Database

In Chapter 2, we presenied an iterative approad to the calibration of the demand
models within a DTA system. Howewer, the componert stepsin this processhad
seweral input requiremerns that might not be readily available. In this chapter, we
presen approadesto starting the calibration processin sud casesand outline sim-
pli cations that would allow us to estimate the missinginputs from a single day of
data. We further discussways of obtaining excient parameterestimatesfrom the en-
tire set of available data spanningse\eral days of surveillancerecords,and conclude
with a sectiondetailing the processof updating our historical databaseof O-D °ows,

error covariancesand autoregressie factors with ead additional day of estimations.

We beginby brie°y reviewingthe input requiremers of the O-D estimation mod-

ule that forms the core of the demandcalibration routine.

3.1 The O-D Estimation Mo dule

The inputs to the O-D estimation module are the a priori O-D °ows xﬁ, the sensor
courts y, , the assignmeh matrices aE and the variance-ceariancematrices(V  and
W) asseiated with the direct and indirect measuremen errors. The outputs are

the estimated O-D °ows. The new O-D °ows can be estimated basedon Cascetta's
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GLS formulation (Cascetta (1984) and Cascettaet al. (1993)).

Xr a il a
L&y iR ) = argmin (X, xh)O\N;1 X, i %)l

(%
h=1
X O
+ o (y,i a xp)V (Y, i a Xp)l (3.1)
h=1 p=hi p° p=hi p°
& = argmin[(x, i x:)‘\/v;]l(xh i x:)
X1 p h ! X1 p h
+(Y, | a %, i ax)V (v,i aXpi ax)l (3.2)
p=hj p° p=hj p°

Equation (3.1) solvesfor °ows in se\eral time intervals simultaneously This in-

volvesthe estimation of (n,, =@ T) unknown O-D °ows, wheren, is the number of

D
O-D pairs, and T is the number of time intervals in the period of interest. The large
number of unknown quartities increasesthe computational burden tremendously
Equation (3.2) sequemially estimates®ows in successig time intervals. Note that
both approates assumea knowledge of x:, V, and W, . The following sections

addressthe issueof generatingthese matrices.

32 Generating a priori O-D °ow estimates (x,)

The a priori O-D °ows provide direct measuremeh obsenations of the true °ows.
Apart from supplemeting the set of indirect measuremets, theseobsenations help
capture temporal relationshipsand spatial travel patterns amongthe O-D °ows. It is
thereforeimperative that we include thesedirect measuremets, evenif the number of
indirect measuremets is adequateto solwe for the O-D °ows. Equation (2.6) allows
us to compute the a priori °ows in a variety of ways. The most straightforward
possibility is to use °ows from a historical databaseas starting guesses.Since our
aim, howeer, is to generatethese historical °ows, we needto look elsewherefor

our direct measuremets. In a strict sense,the direct measuremets are not real
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obsenations. We simply attempt to createrealistic measureghat might add to the
information already available. While se\eral formulations for xs canbe visualized,we
look at a few possibilities. The most straightforward option for a direct measuremen

is to useavailable O-D °ow estimates:
xt = x" (3.3)

In the absenceof sud time-dependert historical °ow estimates,an alternative is to
usethe °ows estimatedfor interval hj 1 asthe starting point for interval h (Cascetta
et al. (1993)):

X, = & (3.4)

Howewer, sudh a formulation does not accourt for any patterns in the underlying
demandprocess.Let usfor the presen assumethat we have good historical O-D °ow
estimates. Ashok (1996) hypothesizesthat the ratio of interval-over-interval O-D
°ows is stable on a day-to-day basis,and suggests:

)& (3.5)

hi 1
We might further hypothesizethat the O-D °ows for interval h may be in°uenced by
°ows in seeral precedingintervals. This prompts us to considera modi cation of
(3.5) that spansse\eral prior intervals:
X1 H o H X
X = (X, =X, )% 5 =1 (3.6)
p=hi o P

1we will soon revisit the casewhen good historical °ow estimates are unavailable.
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Another method of capturing temporal dependencebetweenthe O-D °owsis to build
an autoregressie processof degreeg® into the a priori estimates(Ashok (1996)):

5 1

X, = foR, (3.7)

p=hi o°
The (n,, @ngy) Matrix f: in Equation (3.7) capturesthe e®ectsof x, on x, , and
helpsaccommalate temporal e®ectsn O-D °ows. A big drawbad of this method is
that the wealth of information cortained in the historical estimatesis ignored. By
moving to deviations we can integrate this information into the current estimation
problem:

N 1

a_ _H p . H
X, =X+ foRpi X)) (3.8)
p=hi o

The newtarget O-D °ows x;‘ now corntain information about °ows in past intervals.
The matrix f: is now an (n,, @ n,,) matrix of e®ectsof (x, i x::) on (X, i x:).
This formulation capturescorrelation over time among deviations, which arise from
unobsened factors (such asweather conditions or special evernts) that are themselhes

correlated over time.

An important questionthat needsto be answeredpertains to starting the process.
It should be noted that historical O-D estimatesor autoregressie factors might not
be available while processingthe rst few days of data. While Equation 3.8is clearly
one of the best ways to obtain the target O-D °ows, we needto explore other ways

of obtaining x: until we have sutcient data to estimatex: and f:.

Considerthe rst day of data. We clearly need somereasonable®ow estimates
for the rst interval. Let us denoteby xﬁ a set of seedmatrices of O-D °ows. These
matrices represem the °ow estimatesavailable at the beginning of the calibration

process,and can be dynamic or static. A dynamic set of seedmatriceswill allow us
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to usea modi cation of Equation 3.3to start the process:
x*= x> (3.9)

The target °ows for subsequen intervals can be generatedby a processsimilar to
Equation 3.5, but with the historical valuesreplacedby the correspnding seedma-
trices. In general,the target °ows could be expresseds:

a H; dj 1 H; dj 1, .d

Xp = (Xh “hil ) hi 1 (3.10)

whered is the day index. When d = 1, the seed°ows x: are usedin place of the

cowsfromday dj 1.

A static seedmatrix, on the other hand, is moreditcult to handle. Suc a matrix
would cortain O-D °ows cumulated over the ertire period of interest (the AM peak,
for example). We might then follow di®ererh approates. One way is to break down

the static °ows into time-dependert °ows:

static

xﬁh = (PF),x, (3.11)

where the starting (seed)O-D °ow xf’_h between O-D pair r departing during time

interval h is obtained by scalingthe correspnding static *ow xftaﬁc

by a peakfactor
(PF),. One way of obtaining the peak factors is to considerthe fraction of “ow
recordedby sensorsin interval h over the correspnding °ow aggregatedacrossthe

peak period:

(PF), = P sh (3.12)

h02 peak ys;hO
wherey_, represets the ow courted at sensorlocation s during time interval h.
The summation in Equation (3.12) is carried out over the time horizon of the static
O-D matrix available. One might also have to determine an \average" peak factor

basedon seeral independer sensorghat would measure’ows arising from O-D pair
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r. This procedurewould depend on se\eral factors sud as network structure and
spread, sensorlocations, primary O-D °ows and the number of alternative routes
available to ead O-D pair. An alternative approad would be to approximate from
the static matrix a seedmatrix of O-D °ows xf for the rst time interval, and use
Equation 3.4 for the remaining intervals in the study period. Oncewe processa few
days of data in this manner,we would be ableto generatesomepreliminary estimates
ofV,,W,  and f:, which would allow usto employ Equation 3.8 henceforth. Sections

3.3 and 3.4 discussthe issuesinvolved in estimating theseparameters.

3.3 Estimating Autoregressiv e Factors

The matrix fﬁ represeis the e®ectof deviationsin time interval p on the deviations
in the currert interval h. Let us denotethe elemens of this matrix by ffrr;;pg, which
capturesthe e®ectof the deviation in the r&h O-D °ow of interval p on the deviation
in the rth O-D °ow of the current interval. Estimation of the matrix would be done
elemen by elemen for ead interval. The factor ffrr;:pg could be estimated through

a regressionof the form:

i 1

L Lp . H Nop P .o H
Xop I Xy, = o(fr;h (X i xl:p) + C0C+ fr;h (anD;p i Xo p) tw (3.13)
p=hi ¢

wherew . is the error term. It should be noted that n, sud regressionsvould be

D
neededin order to obtain the ertire f: matrix. Moreover, onewould have to obtain
suth a matrix for ead time interval h. In other words, eat day of O-D °ow data
would yield exactly one obsenation for calibration. As a consequencea large data
set encompassinguzcient days of usabletratc recordsis critical to the calibration
process. In the absenceof such a large data set, one could e®ectsimpli cations to
the structure of the autoregressie matricesand manageto estimate the factors. For
example,it might be reasonableto assumethat the structure of the autocorrelation

remains constart with h. This would imply that the elemerts of f: would depend
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only on the di®erenceh j p, and not on the individual valuesof h and p. We can
now write equationssud as(3.13) for ead interval within oneday and have enough

obsenations to estimate the elemens of the matrix.

Somesituations might allow a further simpli cation through the assumptionthat
deviationsin °ow betweenO-D pair r would be a®ectedprimarily by the preceding
deviationsin °ow betwesn O-D pair r alone and that cortributions from other O-D
pairs would be insigni cant in comparison. The resulting regressiorwould assumea

much simpler form:

1
_ N fr;p . H
h en Xrp 1 X

p=hij o°

X i x: ) + W (3.14)
and the resulting f:: matrix would be diagonal. Howeer, one should be careful in
using this appraximation. While it is expectedthat f: will be sparse the relationship
amongthe various O-D pairs will depend on seeral factorsthat include the structure
of the freeway and arterial network, land useand geographicalpatterns. It might also
be reasonablein someapplications to assumethat the O-D °ows of interest belong
to speci ¢ groups. An obvious basisfor suc a classi cation would be the division of

the O-D °ows into low, medium and high °ow groupsbasedon their magnitudes.

It should be noted that the autoregressie factors are often not readily available,
and are an output of the calibration process.While the estimation processoutlined
in this sectionsuggestsapproadiesto obtaining thesefactors, it assumes knowledge

h
the initial stagesof calibration applications might be handled by applying Equation

of the historical O-D °ows x': . The absenceof reliable historical °ow estimatesin

(3.5) onthe rst fewdays of data. The autoregressie factors could then be estimated

periodically, after designatingthe latest O-D °ow estimatesas historical.
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3.4 Estimating Error Covariance Matrices

The GLS estimatorsrepreserted in Equations (2.17) and (2.15) assumeprior knowl-
edge of the error covariance matrices V, and W . In most cases,howeer, this
information is initially not available, and hasto be estimated. FeasibleGeneralized
Least Squares( or FGLS) provides a method by which the estimation of the error
covariancesis integrated with the O-D estimation step. While we presen a brief
review of the FGLS procedure, the reader is referredto Greene(2000) for a more

comprehensie theoretical treatmert.

Figure 3-1 outlines a sequetial implemertation of FGLS estimation that handles
oneday of data at a time. Further, the time intervals within eat day are processed
sequetially. The initialization stepinvolvesthe de nition of default covariancematri-
cesfor the error componerts. Theoretically, the FGLS proceduresetstheseunknown
covariance matrices to the identity matrix, thereby reducing the estimation to one
of Ordinary Least Squares(OLS). While sud a naive initialization can be employed
in general,we might be able to obtain a better starting point by incorporating some
additional information about the sensorcourts and target O-D °ows. We illustrate
this point by drawing from our discussionin Chapter 2 regardingthe interpretation

of the covariance matrix - The assumptionof a diagonal structure for V, and

.
W would result in a diagonal- , , the elemerts along the diagonalrepreseting the
variancesof the correspnding errors. The matrix - Ll would then be interpreted
as a weight matrix assaiated with the indirect and direct measuremets. Our de-
fault covariance matrices could now be constructedto re°ect our a priori knowledge
about the reliability of our measuremets. In a calibration application, for example,
it might be reasonableo assumethat the courts reported by the surveillancesystem
are more reliable than the seedO-D °ows available. We might then assignhigher
default weights to the courts so asto discourt the e®ectof the seedO-D °ows. It
shouldbe noted that better covarianceestimateswould be obtained asthe calibration

processprogressescrossthe multiple days of data available, thereby eliminating the
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needfor the initialization step beyond the rst few days®.

Oncepastthe initialization step, we proceedthrough the intervalsin day i sequen-
tially, starting from interval 1. The target O-D °ows are computedfor ead interval
using the approades suggestedin Section 3.2, and the Dynamic Network Loading
model is usedto generatean initial set of assignmeh matrices. The obsened courts,
simulated assignmeh matrices and latest covariance estimatesare usedas inputs by
the O-D estimation model to generatenew estimatesof the O-D °ows for ead inter-
val. At this stage,it is critical to ensurethat the assignmeh matrices obtained by
assigningthe new estimated °ows is comparableto thoseinput to the O-D estima-
tion model. We therefore iterate over the O-D °ows until the assignmen fractions
converge,and proceedto the next time interval.

Oncethe °owsfor all intervalsin day i have beenestimated,oneis in a position to
estimate the error variances. This could be achieved by rst computing the error (or
residual) betweenmeasuredand estimated quartities. The error in the sensorcourts
would be the di®erencebetweenthe actually obsened courts and those simulated by
the DTA system:

X P
Y, i a Xy
p=hj p°
Likewise,the error in the O-D °ows could be computedasthe di®erencebetweenthe

estimated °ows and their correspnding target values:
X, i X

If we denotethe number of O-D pairs by n_ . and the number of links with sensors

oD
by n,, we have a total of (n,, + n,) variancesto estimate. Let us rst hypothesize
that we have n data points for ead of the (n,, + n,) error terms. Denote by e:(h

and eiyh the n-dimensionalrow vectors of residualsassaiated with the i direct and

indirect measuremets respectively. The (i; j )" elemeits of the matricesW pandV,

2The latest covariance matrix is obtained from the historical database.
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Figure 3-1: Sequetial O-D and Covariance Estimation
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could then be approximated by:

_ o x x0_
ih~ “ih jh_n
V. =¢e e 0:n
ij h ih jh

It should be noted that ead day of data would provide exactly one obsenation for
the error term asseiated with eat of the measuremeh While estimates of the
error variancesbasedon a single obsenation® can be inexcient, we might increasen
through simplifying assumptionssimilar to thosein Section3.3. The rst assumption
would be to remove the dependenceof W, and V, on h, thereby assumingthat
the error covariance matrices are invariant acrossthe time intervals within the study
period*. Each time interval would now yield an additional obsenation for every error

term, thereby increasingthe exciency of the covariance estimates.

Another practical simplifying approat would beto assumeéhat the measuremets
fall within a nite number of classes.This would allow usto separatethe residualsinto
groupsand estimate a single variance for ead group. The criteria usedfor grouping
the residualscould vary acrossthe di®eren typesof measuremets. The O-D °ows,
for example, could be grouped into high, medium and low categoriesbasedon their
estimated values. A similar grouping could be usedfor the courts aswell, though it
might be more intuitiv e to segregatehe courts basedon the type and location of the

sensor.

The algorithm represeted by Figure 3-1 would terminate when the estimated

O-D °ows corvergeacrossiterations.

3A single obsenation would imply that n = 1.

41t might be more reasonableto expect constart covariancesacrossa peak period. A more general
approad using multiple days of data is preserted in Section 3.5.

50One example would be to compute a di®erert variance for freeway and arterial sensors.
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3.5 Updating the Historical Database

The precedingsectionsdiscussedapproadiesto estimating the unknown autoregres-
sive factors and error covariances.We preserted se\eral simplifying assumptionsthat
would allow usto obtain excient parameterestimatesusing estimation resultsfrom a
singleday of surveillanceobsenations. We now look at the broader picture involving
se\eral days of data, and outline a framework for updating our historical database

with the results of eat additional day of estimations.

Figure 3-2 summarizesthe essenc®f the update process.The calibration process
is initialized by loading a set of default parametersinto the constituert models. Sub-
sequetly, the available data encompassinge\eral days is processedsequetially as
descrited below. The surveillancedata recordedon day i is read, and the O-D °ows
for eat of the constituert time intervals is estimated accordingto the procedure

outlined in Figure 3-1.

Iterations are now performedto identify an optimal setof parametersfor the route
choicemodel, soasto achieve the best t for the obsened sensorcourts. The seard
algorithm usedin this step can range from a simple line or grid technique (in the
caseof oneor two parametersrespectively), or caninvolve a more complexalgorithm
when dealing with a larger set of parameters. It is not necessaryhowewer, to re-
calibrate the route choice model parametersafter ead day of data. In fact, sud a
step might leadto widely °uctuating parameterestimatesfrom day to day, and could
have adversee®ecton the nal estimatesoutput by the calibration process.A more
reasonableapproad would be to calibrate the route choice parametersonceat the
beginning of the process,and regularly re-calibrate them after a speci ¢ number of
days of data have been processed. An excient strategy at this stage might be to
increasethe frequencyof re-calibrations as the number of days processedncreases,
thereby allowing the initial estimatesto stabilize beforeintensive calibration begins.
This logic is re°ected in the dashedarrow in Figure 3-2 that allows the calibration

processto bypassthe route choice parameter calibration step for certain days.

A critical issueat this stagepertainsto the methodology of updating the historical
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databasewith the results of our latest day of estimations, and involvesthe following

operations:
2 Creation of new historical O-D °ows.
2 Creation of new error covariance matrices.
2 Re-ewluation of the autoregressie factors.

The processof updating the historical O-D °ows is signi cant in two di®eren
applications. From a calibration perspective, we aim to construct a databaseof O-
D °ows that would be strati ed by various criteria sud as the day of the week,
type of weather and special events. Also, once calibrated, the DTA system would
reside within a tratc managemen certer and estimate and predict O-D °ows in
real-time. In both caseswe needto update our best historical “ow estimateswith
the information cortained in every new day of estimations. This updating process
could be achieved in seweral ways. The simplest approad is to designatethe latest
°ow estimates(those obtained during the last day) as our historical “ows, as these
estimateswould encapsulateall prior history. One could also construct alternative
updating methods that use estimates from seweral days. For example, a moving
averageof the last few estimateswould re°ect day-to-day trends in the O-D °ows. A
third alternativeis to usea smaothing formula that might assumethe following form:

Ko = X+ O X, (315
where erh;d represeis the historical “ow between O-D pair r and departure time h
after d days, k‘:h is the correspnding estimate on day d, and ® is a scalar between
zeroand one.

Updating the historical error covariance matrices basedon new covariance esti-
matesis a little more involved. In order to obtain statistically excient estimatesof
the error covariances,one should ideally utilize the information cortained in all days
of data upto the current day. This could be achieved by re-estimatingthe O-D °ows

for days 1, 2;::: ;d using the updated historical “ows after day d astarget “ows for
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ead day. The resulting residualsfrom the d days of estimationswould then form the

basisfor computing the error covariances. The estimatesobtained after processing
all available days of data would represeh an excient synthesis of the information

cortained in the surwveillancedata set.

Oncethe historical O-D °ows and error covarianceshave beenupdated, the ap-
proacd to re-estimating the autoregressie factors is similar to that descriked in Sec-
tion 3.3. As with the covariances,the exciency of the autoregressie estimatescould
also be increasedby using the information in more than one day of obsenations.
Thus regressionssimilar to Equation (3.13) can be run using d days of data, again

using the updated historical °ows after day d to computethe O-D °ow deviations.

3.6 Conclusion

In this chapter, we preserted approadies to the creation of a historical database
comprising of O-D °ows, error covariance matrices and autoregressie factors. We
outlined methods for estimating theseparameters,and addressedhe issueof starting
the calibration processin the absenceof reliable initial parameterestimates. Finally,
we described a sequetial framework that attempts to increasethe exciency of our
estimatesby jointly usingmultiple days of obsenations. In the remainingchapters,we
useDynaMIT, a state-of-the-art DTA system,asan exampleto idertify the primary
calibration variables and explore the methodology proposed here through detailed

casestudies.
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Chapter 4

The DynaMIT System

In previouschapters, we have laid out a methodologyto calibrate the demandsimula-
tor within a generalDynamic Tratc Assignmet system. In this chapter, we discuss
the featuresand functionalities of one sud application, and proceedto list the pa-
rameterswe might wish to calibrate. This would form the basisfor the casestudies
preserted in subsequenh chapters.

DynaMIT (Dynamic Network Assignmen for the Managemen of Information to
Travelers)is a state-of-the-art real-time computer systemfor tratc estimation and
prediction, and the generationof travelerinformation and route guidance. DynaMIT
supports the operation of Advanced Traveler Information Systems(ATIS) and Ad-
vancedTratc Managemem Systems(ATMS) at Tratc Managemen Centers (TMC).
Sponsoredby the FederalHighway Administration (FHWA) with Oak Ridge National
Laboratories (ORNL) asthe program manager,DynaMIT is the result of intensere-
seard and dewelopmen at the Intelligent Transportation SystemsProgram at the

Massatwsetts Institute of Tedinology

4.1 Features and Functionalit y

The key to DynaMIT's functionality is its detailed network represemation, cou-
pled with models of traveler behavior. Through an e®ectie integration of historical

databaseswith real-time inputs from eld installations (surveillance data and con-
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trol logic of tratc signals,ramp meters and toll booths), DynaMIT is designedto

exciently achieve:
2 Real time estimation of network conditions.

2 Rolling horizon predictions of network conditions in responseto alternative

traxc cortrol measuresand information disseminationstrategies.

2 Generation of traxc information and route guidanceto steer drivers towards

optimal decisions.

To sustain users' acceptanceand acdhieve reliable predictions and credible guid-
ance,DynaMIT incorporates unbiaselnessand consistencyinto its core operations.
Unbiasednesgyuararteesthat the information provided to travelersis basedon the
best available knowledge of current and anticipated network conditions. Consis-
tency ensuresthat DynaMIT's predictions of expected network conditions match
what driverswould experienceon the network.

DynaMIT hasthe ability to trade-o®level of detail (or resolution) and computa-
tional practicability, without compromisingthe integrity of its output. Its important

featuresinclude:

2 A microscopicdemandsimulator that generatesindividual travelersand simu-
lates their pre-trip and en-route decisions(choice of departure time and route)

in responseto information provided by the ATIS.
2 Estimation and prediction of origin-destination °ows.
2 Simulation of di®eren vehicletypesand driver behaviors.

2 A mesoscopisupply simulator that explicitly capturestrazc dynamicsrelated

to the dewelopmer and dissipation of queues,spillbads, and congestion.

2 Time-basedsupply simulation that simulatestratc operationsat a user-de ned
level of detail that facilitates real time performance.The level of detail could be
determined by the choice of time stepsand the level of aggregationof vehicles

into homogeneoupadets.
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2 Traveler information and guidance generation basedon predicted tratc con-
ditions to accourt for driver over-reactionto incident congestion. The system
iterates between predicted network state, driver responseto information and
the resulting network state, towards the generationof consistemn and unbiased

information strategies.
2 Adaptable to diverseATIS requiremens.
2 Distinguishesbetweeninformed and uninformed drivers.
2 Generatesdetailed vehicletrajectories by simulating ead individual trip.

2 Optimally useshistorical, surveillance and O-D data to generatereliable O-
D estimatesin real-time. The systemrecordsthe results from previous O-D

estimationsto update O-D databases.

2 Usesa rolling horizon to adhieve excient and accurate real-time estimations

and predictions.

2 Handlesreal time scenariosincluding inciderts, special events, weather condi-

tions, highway construction activities and °uctuations in demand.

2 Integrated with the MITSIMLab microscopictratc simulator for o%ine ewalu-

ation and calibration.

2 Ready for integration with external global systems(such asa TMC) using an
external distributed CORBA interface,which allows for future adaptability and

expansion.

4.2 Overall Framew ork

DynaMIT is composedof se\eral detailed modelsand algorithms to achieve two main

functionalities:

2 Estimation of current network state using both historical and real-time infor-

mation.
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2 Generation of prediction-basedinformation for a given time horizon.

The estimation and prediction phasesoperate in a rolling horizon. This concept
is illustrated with a simple example(Figure 4-1).

It is now 8:00am. DynaMIT starts an execution cycle, and performs a state
estimation using data collected during the last 5 minutes. When the state of the
network at 8:00is available, DynaMIT starts predicting for a given horizon, say one
hour, and computesa guidancestrategy which is consisten with that prediction. At
8:07,DynaMIT has nished the computation, and is readyto implemert the guidance
strategy on the real network. This strategy will be in e®ectuntil a new strategy is
generated.Immediately following that, DynaMIT starts a new executioncycle. Now,
the state estimation is performedfor the last 7 minutes. Indeed, while DynaMIT was
busy computing and implemerting the new guidancestrategy, the surwveillancesystem
cortinued to collect real-time information, and DynaMIT will update its knowledge
of the current network conditions usingthat information. The new network estimate
is usedas a basisfor a new prediction and guidancestrategy. The processcortinues
rolling in a similar fashionduring the whole day.

The overall structure with interactions amongthe various elemeits of DynaMIT
is illustrated in Figure 4-2. DynaMIT utilizes both o®-lineand real-time information.
The mostimportant o®-lineinformation, in addition to the detailed description of the
network, is a databasecortaining historical network conditions. This databasemight
combine directly obsened data and the results of o®-line models. The historical
databasecortains time-dependent data, including origin-destination matrices, link
travel times and other model parameters. Clearly, the richer the historical database,
the better the results. Sud a rich historical databaserequires substartial e®orts
towards data collection and careful calibration.

Real-time information is provided by the surveillancesystemand the cortrol sys-
tem. DynaMIT is designedto operate with a wide range of surveillance and con-
trol systems. The minimum real-time information required by DynaMIT is time-
dependent link °ows, incident characteristics (location, starting time, duration and

sewerity), and tratc cortrol strategies.
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Figure 4-1: The Rolling Horizon
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4.2.1 State Estimation

The state estimation module provides estimatesof the current state of the network
in terms of O-D °ows, link °ows, queues,speedsand densities. This step represers
an important function of DTA systems,since information obtained from the tratc

sensorscan vary depending on the type of surweillance system employed. In an
ideal systemwherethere is two-way communication betweenthe tratc cortrol certer
and ewery vehiclein the network, perfectinformation about the vehiclelocation and
possibly its origin and destination can be obtained. While sudh perfect systems
are possiblein the future, most existing surveillance systemsare limited to vehicle
detectorslocatedat critical points in the network. The information provided by these
tratc sensorghereforemust be usedto infer tratc °ows, densitiesand queuelengths
in the ertire network.

The main modelsusedby the State Estimation module are:

2 A demandsimulator that combinesreal-time O-D estimation with userbehavior

modelsfor route and departure time choice.

2 A network state estimator (also known asthe supply simulator) that simulates

driver decisionsand collectsinformation about the resulting tratc conditions.

The demand and supply simulators interact with ead other in order to provide
demandand network state estimatesthat are congruert and utilize the most recen

information available from the surveillance system(Figure 4-3).

4.2.2 Demand Simulation

Demand estimation in DynaMIT is sensitive to the guidance generatedand infor-
mation provided to the users, and is accomplishedthrough an explicit simulation
of pre-trip departure time, mode and route choice decisionsthat ultimately produce
the O-D °ows usedby the O-D estimation model. The pre-trip demand simulator

updatesthe historical O-D matrices by modeling the reaction of ead individual to
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guidanceinformation. The consequen changesare then aggregatedto obtain up-
dated historical O-D matrices. Howewer, these updated historical O-D °ows require
further adjustmerts to re°ect the actual travel demandin the network. Reasongor
the divergenceof actual O-D °ows from historical estimatesinclude capacity changes
on the network (sudc asthe closureof roadsor lanes),special evens that temporarily
attract a large amourt of trips to a destination, and other day-to-day °uctuations.
Consequetly, one of the requiremerts for dynamic traxc modeling is the capability
to estimate (and predict) O-D °ows in real time. The O-D model usesupdated his-
torical O-D °ows, real- time measuremets of actual link °ows on the network, and
estimatesof assignmen fractions (the mapping from O-D °ows to link °ows based
on route choicefractions and travel times) to estimate the O-D °ows for the current

estimation interval.

Note on O-D Smoothing

The xed point nature of the O-D estimation procedure,coupledwith the real-time
requiremertis of a prediction-basedDTA system, necessitateshe use of an excient
solution schemethat would result in quick iterative convergence.The O-D estimation
module within DynaMIT utilizes an algorithm similar to the Method of Successig
Averageswith DecreasingReinitializations (MSADR)?! to compute the target O-D

°ows for successig iterations. Stated mathematically,

ke

ML+ @Y RN (4.1)
AR + (1] ®)RNi? (4.2)

where x*° is the new target O-D °ow vector, 2% and ®%i ! are the estimated °ows

from iterations k and k j 1 respectively. The weighting parameter®y is computedso

1SeeSection 2.1.1, or Cascetta and Postorino (2001).
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asto acceleratethe corvergenceof the iterativ e algorithm:

! #
1 1
® = P (4.3)

ae ka 1
j:]_ aei ja

wherek is the iteration courter. The parametera in the above expressionassumesa

default value of 1.0.

4.2.3 Supply Simulation

The network state estimator utilizes a tratc simulation model that simulates the
actual traxc conditions in the network during the current estimation interval. The
inputs to this model include the travel demand (as estimated by the demand sim-
ulator), updated capacitiesand traxtc dynamics parameters,the cortrol strategies
implemenrted and the tratc information and guidanceactually disseminated. The

driver behavior model capturesthe responsego ATIS in the form of enroute choices.

4.2.4 Demand-Supply Interactions

One of the inputs to the O-D estimation model is a set of assignmeh matrices. These
matricesmap the O-D °owsfrom current and pastintervalsto link °owsin the current
interval. The assignmen fractions therefore depend on the time interval, and also
on the route choice decisionsmadeby individual drivers. The °ows measuredon the
network are a result of the interaction betweenthe demandand supply componerts.
It may be necessaryto iterate between the network state estimation and the O-
D estimation models until corvergenceis achieved. The output of this processis
an estimate of the actual tratzc conditions on the network, and information about

origin-destination °ows, link °ows, queues,speedsand densities.

4.2.5 Prediction and Guidance Generation

The prediction-basedguidance module (Figure 4-4) consistsof se\eral interacting

steps:
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2 Pre-trip demandsimulation

N

O-D °ow prediction
2 Network state prediction

2 Guidancegeneration

The O-D prediction model usesasinput the aggregatechistorical demandadjusted
by the pre-trip demand simulator to account for departure time, mode and route
choicesin responseto guidance,and provides the required estimatesof future O-D
°ows. The network state prediction function undertakesthe important task of tratc
prediction for a given cortrol and guidancestrategy and predicted set of O-D °ows,
using the current network condition estimated by the state estimation module as a
starting point. The performanceof the network in the prediction horizonis evaluated
using a traxc simulation model and en-route behavioral models.

The tratc information and guidancegenerationfunction usesthe predictedtratc
conditions to generateinformation and guidance accordingto the various ATIS in
place. Tratc cortrol is looselycoupledwith DynaMIT in the current versionof the
system. Control strategiesare assumedto be generatedoutside the DTA system,
using the predictions as an input.

The generatedtratc information and guidancemust be consisten and unbiased.
Under such conditions, there would be no better path that a driver could have taken
basedon the provided information. An iterativ e processs employedin orderto obtain
guidancethat satis estheserequiremers. Each iteration consistsof a trial strategy,
the state prediction (comprising both demand prediction and network state predic-
tion) underthe trial strategy, and the evaluation of the predicted state for consistency
Since, in general,the updated historical O-D °ows depend on future guidanceand
information, the update of the historical O-D °ows (using the departure time and
mode choice models) and the O-D prediction models are included in the iteration.
This generalcaserepresets the situation where pre-trip guidanceis available to the

drivers. In the special casewhere only en-route guidanceis available, the pre-trip
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demand simulator is bypassedin the iterations. The initial strategy could then be

generatedfrom the prediction and guidancegenerationof the previous period.

4.3 DynaMIT for Planning

Apart from its real-time applications, DTA hasthe potential to signi cantly improve
the transportation planning procesgor networks with congestedacilities. DynaMIT-
P is a DTA-basedplanning tool deweloped at MIT that is designedto assistplanners
in making decisionsregarding proposedinvestmers and operational changesin local
and regional transportation networks. DynaMIT-P ezciently adapts the modules
contained in the real-time DynaMIT systemto suit 02ine planning applications.
Travel-related choicesvary with regard to the time horizon over which the de-
cisions are made. Individuals make long-term, short-term and within-day travel
decisions(Figure 4-5). Long-term mobility decisionscould include choicesrelated
to residertial location and auto ownership. Short-term (or day-to-day) travel deci-
sionsinclude choice of trip frequency destination, departure time, mode and route.
Adjustments in short-term decisionsare made in responseto changesin long-term
decisionglik e auto ownership) and changesn the network. Individuals form habitual
travel patterns that they follow regularly. Within-day decisionscapture deviations
from the habitual travel patterns. Thesedeviations could be in responseto real-time
information, unusual weather conditions, inciderts, or other special everts.
DynaMIT-P focuseson modeling the short-term and within-day travel decisions,
assumingthat the long-term decisionsare given. The inputs to DynaMIT-P include
the potential usersof the system,their demographiccharacteristics, residerial loca-
tion, etc. The output is the performanceof the transportation systemin terms of
consumption of resourcesand bene ts. Seeral important characteristicsdistinguish

DynaMIT-P from traditional planning approades:

2 Microsimulation ensuresaccuratedepiction of individual traveler behavior.

2 Detailed modeling of spillbacks, queueformation and dissipation capturesthe
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Figure 4-5: Framework for Travel Behavior

essencef network dynamics.
2 Sensitivity to ATMS/A TIS facilitates the ewvaluation of ITS strategies.

2 Time-dependert interactionsbetweenthe demandand supply componerts presens

a realistic picture of equilibrium.

DynaMIT-P employs three main componerts to adiieve the functionality de-

scribed above:
2 The supply simulator
2 The demandsimulator

2 The day-to-day learning model

The supply simulator is a mesoscopidratc simulation model. For a given set
of travelers and conrol strategies, it predicts the performanceof the network by
measuringtime-dependert °ows, travel times, queuelengths, etc. The simulator is
designedto operate at di®eren levels of granularity, depending on the requiremerts

of ead application. The main elemens of the demandsimulator are the O-D matrix
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estimation and the behavioral models. The O-D estimation model takeslink courts
and historical O-D °ows as inputs, and producesan updated time-dependent O-D
matrix to match the obsened courts. The behavioral models are usedto predict
the travel behavior of individual travelersas a function of network level of service
characteristics, perceptionsand past experiences,information accessand socioeco-
nomic characteristics. Driver behavior is modeled using the path-size logit model
(PS-Logit, Ramming Ramming (2001)), which is an extensionof C-Logit (Cascetta,
Nuzzolo, Russoand Vitetta (1997)). This model accours for the degreeof overlap
among alternative routes while simulating individual route choice. The day-to-day
learning model updatestravelersperceptionsof travel times basedon past experiences

and expectations, accordingto the following model:

=7+ @ ot

Kk 5

(4.4)

k

Where'fk‘ is the expectedtime-depender travel time along path k on day t, and Tkt
is the time-dependen travel time experiencedalong path k on day t. , capturesthe
learning rate, and may vary acrossmarket segmets. The value of , lies betweenO
and 1, and is a®ectedby the useof ATIS.

The demandand supply simulators interact with the learning modelsin a system-
atic way to capture both the day-to-day and within-day (short-term) demand-supply
interactions (Cantarella and Cascetta(1995)). The structure of the short-term dy-
namics module is shaovn in Figure 4-6. The model is basedon an iterative process
betweenthe demandand supply simulators. The main input to short-term dynamics
is an O-D matrix of potential travelers. The demandsimulator usesthe correspnding
behavioral modelsto update their frequency destination, departure time, mode, and
route, choices. The travelersare then loaded onto the supply simulator and a new
network performanceis obtained. Basedon the learning model, travelersupdate their
decisionsin responseto the obsened level of serviceand network performance.When

convergencebetweensupply and demandis reated, the processends. The output of
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the short-term dynamicscomponert is the travelers'habitual travel behavior.

The purpose of the within-day dynamics model is to evaluate the performance
of the transportation network in the presenceof stochastic factors suc as unusual
weather, incidents, and special events (music, sports, etc.), which could substartially
a®ecttratc conditions as comparedto the usual conditions. The habitual travel
behavior, obtained from the short-term dynamics,is input to the within-day model.
Figure 4-7 summarizeghe interactionsamongthe di®eren elemens of the within-day
dynamicscomponert.

The outputs from both the short-term and within-day behavior componerts are
usedto generatethe desiredresourceconsumption and bene ts (such as total sav-
ings in travel delays, costs, reverues, air pollution, safety, fuel consumption, etc.)
DynaMIT-P's open systemof demandmodels, detailed represetation of network dy-

namics,and °exible structure makeit a usefultool for a host of planning applications:

2 |Impact studiesof Work ZoneActivit y, and minimum-impact work zonesdedul-
ing

2 Special Events

2 High-occupancyVehicle (HOV) and High-occupancyToll (HOT) facilities

2 CongestionPricing strategies

2 E®ectivenessof ATMS and ATIS

While both DynaMIT and DynaMIT-P capture the interaction betweenthe O-D
estimation and route choicemodel componerts within the DTA system,DynaMIT-P
is better suited for calibration purposes. This stems primarily from DynaMIT-P's
functionality to compute equilibrium network travel times. Network equilibrium for
a given travel demandlevel results from a balancebetweenthe demandand supply
elemerts. The xed point nature of the calibration problem constrainsus to require
equilibrium at ead calibration stagein orderto ensurethat the route choicefractions,

assignmeh matrices and estimated O-D °ows are consisten in ead iteration.
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4.4 Calibration Variables

In this section,we erumeratethe variousmodel parametersthat needto be calibrated
within the DynaMIT system.We separatethe calibration variablesinto demand-side
and supply-sideparameters,and brie°y review the role played by ead in the overall

DTA framework.

44.1 Demand Simulator Parameters

The demandsimulator is primarily comprisedof the driver behavior model and the

O-D estimation and prediction model.

Parameters in the Route Choice Mo del

DynaMIT relies on discrete choice models to model driver decisions. This process

involvesthree steps:

2 Generatea choice set of feasibleroute alternativesfor eac O-D pair.

2 Compute the utilit y of eat alternative, and evaluate a choice probability for

ead alternative.

2 Simulate the computed probability through a random draw to determine the

\c hosen" alternative.

The choice set generation step involves the computation of a good set of feasible
paths connectingewvery O-D pair of interest. This is a critical step that cortrols the
outcome of the entire calibration exercise. While the shortest set of paths between
every O-D pair might capture driver behavior under uncongestedratc conditions,
rising congestionlevels can increasethe attractiv enesof previously unchosenroutes.
Also, incidents can causeblocks in the shortest route and force drivers onto less
attractiv e paths. A good set of paths for ead O-D pair is thereforeessenhal in tratc
estimation and prediction.

DynaMIT employs three stepsin its path generationalgorithm. The shortest

path computation step generatesthe shortest path connecting eat link in the
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network to all de ned destination nodes. This setrepreseis the most probable paths
chosenby driversunder uncongestecconditions. A link elimination step augmeris
the paths from the shortest path set with alternative paths. This step involvesthe
elimination of ead link in the network and the subsequet re-computation of the
shortest path, and ensuresthat an incident on any link will still leave alternative
paths open for every O-D pair. A further random perturbation stepis performed
in order to obtain a richer path set. The impedancesof the links are perturbed
randomly to simulate varying travel times. Another set of shortest paths are now
computed, and appendedto the existing set. The number of random perturbations
performedcould be cortrolled by the user. The algorithm also screenghe nal path

set for uniquenessand eliminates unreasonablylong paths.

Oncethe choicesethasbeende ned, DynaMIT is readyto computethe probabil-
ity with which an individual might chooseead of the available alternatives. Utilit y
theory alongwith the Path-SizeLogit (PS-Logit) model is employedto evaluate these

probabilities. Stated mathematically,

Vi+InP S;

P.(i)= P VR (4.5)

J J
j2cp

where P, (i) is the probability of individual n choosingalternative i, V. is the utilit y
of alternativei, PS, is the sizeof path i, and C, denotesthe choicesetfor individual

n.

The utility V. of ead path is a function of se\eral explanatory variablesincluding
attributes of the alternatives(such astravel times) and sacio-economiacharacteristics
of the individual driver. The size of a path is de ned as (Exponertial Path-Size
formulation, Ramming (2001)):

PSin = (46)



wherel, is the length of link a, L, is the length of path i and &;; takesthe value 1 if
link a is a part of path j (and is zerootherwise). The inner summation is computed
over all paths in choiceset C,, while the outer summationis over all links a in path
i i. The parameter® is an exponert in the model.

We list below the key calibration parametersfor the route choice model:

2 Parametersin the path choice set generationalgorithm.
2 Parametersin the path utilit y speci cation

2 Path-sizeexponert °.

The aggregatenature of the obsened surveillance data? necessitatesthat the
calibration of the disaggregateroute choice model parametersbe undertaken at an
aggregateevel. Giventhis constrairt, it might be advantageousin someapplications
to estimatejust a few factors that would scaleinitial parameterestimatesuniformly.
This approad obviously requiresthe availability of a good default set of route choice
model parameters. An alternative approad would be to focuson the calibration of a
subsetof key route choicecoezxcients while holding all other parametersin the model

“xed at their initial values.

Parameters in the O-D Estimation/Prediction Mo del

The current version of DynaMIT emplogys a sequetial GLS-basedO-D estimation
module similar to Equation (2.14). The external inputs to the model include link
courts and the historical databaseof O-D °ows. The historical °ows are coupledwith
the conceptof “ow deviationsin orderto e®ectiely capture the information cortained
in the past estimates. The key inputs generatedinternally are the time-dependert
assignmeh matrices. While the matrices aE are generatedby the supply simulator,
the historical databasewould have to be created 02ine. The O-D estimation and

prediction algorithm is also basedon an autoregressie processthat capturesspatial

2Counts and speeds,for example, might be cumulated or averagedover a time interval covering
seweral minutes.
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and temporal correlations betweenthe O-D °ows. We list below the key calibration

parametersfor the O-D estimation and prediction model:

N

The historical databaseof O-D °ows, x: )

2 The variance-c@ariance matrix Vh asseiated with the indirect measuremen

errors.

2 The variance-c@ariance matrix Wh assaiated with the direct measuremen

errors.

2 The matricesf: of autoregressie factors.

4.4.2 Supply Simulator Parameters

The focus of this thesisis the calibration of the demand simulator within a DTA
system. Howewer, the closelink betweenthe demand and the supply componerts
necessitatesa joint calibration of all the assaiated model parameters. Though we
will not undertake a detailed discussioninvolving the supply models, we presen here
a brief overview of the relevant supply-sideparametersthat would erter the overall
calibration framework.

The supply simulator obtains aggregatemeasuresf network performanceby sim-
ulating the movemen of drivers on the road network. Detailed mesoscopianodels
capture traxc dynamicsand accurately model the build-up and dissipation of lane-
speci ¢ queuesand spillbadks. The links in the network are subdivided into segmets
to capture changing section geometries. Further, the laneswithin eah segmenh are
grouped into lane groupsto accourt for turning-movemen-speci ¢ capacitiesat di-
versionand mergepoints and intersections.

Each segmeh cortains a moving part (with vehiclesmoving at certain speeds),
and a queuing part. The movemert of vehiclesin the moving part are governed by

macroscopicspeed-densiy relationshipsthat take the following form:
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mn 5 (4.7)

wherev is the speedof the vehicle (in mph), v,,., is the speedon the segmeh under
free-°ow tratc conditions, k is the current segmeh density (in vehicles/mile/lane),
k.. isthe minimum density beyond which free-°ow conditions beginto break down,
kj .m IS the jam density, and ® and ~ are segmefrspeci ¢ coexcients. In addition,
the speedscomputed using Equation 4.7 are subject to a segmetrspeci ¢ minimum
speedVpin -

The movemern of vehiclesfrom one segmen to the next is governedby a host of
capacity calculations. The primary quartities of interest are the input and output
capacitiesof the various segmets. Thesecapacitiesare comparedwith the available
physical spaceon the downstreamsegmets beforeallowing vehiclesto crosssegmen
boundaries. A constrairt on either capacity or spacewould causevehiclesto queue.
An important calibration step is thereforethe computation of segmen (more speci -
cally, lane group) capacitiesthat truly appraoximate the allowed turning movemeris,
signal logic and sectionalgeometry of the network.

We list below the key calibration variableson the supply side:

k ,®andv

2 Segmefrspeci ¢ speed-densiy parameters(Vpyay, K. Lam

min )

2 Lane group capacitieson freeway and arterial segmets.

2 Lane group capacitiesat intersections,basedon signal cortrol logic.

4.5 Conclusion

In this chapter, we reviewedthe featuresand functionalities of DynaMIT and DynaMIT-
P, two state-of-the-art DTA systemsfor traxc estimation, prediction and planning
applications. We outlined the critical modelswithin the demandand supply modules

of the DTA system,and identi ed key variablesthat needto be calibrated beforethe
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systemscan be employed for real-time traxtc managemenh or planning applications.
Thesevariableswereclassi edinto demandand supply side parametersto facilitate a
sequetial approad to overall DTA systemcalibration. In the following chapter, we
discussthe calibration of DynaMIT and DynaMIT-P usingthe methods and concepts
outlined in Chapter 2, and presern results from demand calibration and validation

studiescarried out on a real-sizedtratc network.
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Chapter 5

Case Studies

In Chapter 2, we preserted an iterative sdhemefor the joint calibration of the route
choiceand O-D estimation/prediction model parameterswithin a DTA system. The
objective of this chapter is to utilize data recordedby arealtratc surveillancesystem
to test the performanceof the proposedapproad. The results presened in this
chapter are derived from casestudiesbasedon a large-sizedstudy network in Irvine,
California. The DynaMIT-P systemdiscussedn Chapter 4 is usedasthe calibration
system.

We begin by brie°y describingthe study network and the data available for the
calibration study, and proceedto outline the calibration approad as applied to this
data set. We then discussse\eral assumptionsthat were employed to work around
practical constrairts and considerations,and presen results from calibration and
validation tests that verify the performanceand feasibility of the methodology we

proposedin Chapter 2. We concludeby summarizingour results and ndings.

5.1 The Irvine Dataset

The data usedin this researt wascollectedfrom Irvine, a part of District 12in Orange
County, California, USA. We descrile brie°y the main featuresof this network and

the surweillancedata recorded.
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5.1.1 Network Description

The study network (Figure 5-1) is comprisedof three major freeways and a dense
network of arterial segmets. The I-5 and 1-405 Interstates, along with State Route
133,de ne awedgethat is criss-crossedby seweral major arterials. The city of Irvine is
locatedin OrangeCourty, just outsideLos Angeles. It thereforeliesalongthe heavily
traveledcorridor connectingLos Angelesand SanDiego. It is a major commercialand
businesscerter, and sernesas an important regional airport. Irvine is also hometo
se\eral sthoolsand universities. The city thereforeattracts a varied mix of comrmuters

and travelers.

Figure 5-1: The Irvine Network

The network is represerted as a set of 298 nodesconnectedby 618directed links.
Theselinks represen the physical links on the network, and are further subdivided
into 1373segmets to model changinglink sectiongeometry Almost all of the 80in-

tersectionswithin the study areaaresignalized,and are cortrolled by vehicle-actuated
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signallogic. A high fraction of the signalsalongthe primary arterials (Barranca Park-
way, Alton Parkway and Irvine Certer Drive) are coordinated to minimize the number

of stops.

5.1.2 Data Description and Analysis

The available data was derived primarily from four sources:

2 PARAMICS network Tes
2 0O-D °ows from OCTAM planning study
2 Time-dependert detector data

2 Signaltiming and coordination plans

Information regardingthe network wascortained in a setof input les createdfor the
PARAMICS traxc simulation system. These les included descriptions of network
geometry link and lane connectivity, sensorlocations and signal phasetiming plans.
The OCTAM planning study generateda static matrix of O-D °ows covering the
morning peak period. While this matrix cortained every possibleorigin-destination
conbination from 61 zones,se\eral of these °ows were zero. In this study, a subset
of 655 primary O-D pairs with non-zero°ows was extracted from the static matrix.
A review of the static O-D matrix shawved that freeway-basedO-D pairs cortributed
to a major proportion of the total demand. Figures5-2 and 5-3 indicate the primary
O-D pairs. The thicknessof the lines connectingthe origins and destinations is a

measureof the magnitude of the O-D °ow.
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Figure 5-2: Primary O-D Pairs

Figure 5-3: Primary O-D pairs
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Time-varying freeway and arterial detector data recordedover 5 working days
was available from California Departmernt of Transportation (Caltrans). This data
consistedof courts and occupanciesneasuredy lane-sgeci ¢ sensorn freeway links
and lane-group-sgeci ¢ sensoron arterial links. While the freeway detectorsreported
data ewvery 30 secondsihe arterial detectorsaggregatedthe data by 5 minute time
slices. It should be noted that only 68 out of 225 sensorgeported usabledata. The
remaining detectors were either situated outside the study area, or their data les
were inconsistert. The 68 usablesensorswere split into 30 situated on freeway and
ramp links, and 38 on arterial links.

The data collected by the surweillance system consisted of vehicle courts and
occupancies.The courts wereaggregatednto commonintervals of length 15 minutes.
Time-varying densitieswere appraximated from the occupanciesy assuminga mean
vehiclelength of 5 metres. Further analysisindicated that there wasnot much day-to-
day variability in the sensordata received, even though these5 days fell on di®erert

days of the week (Figures 5-4 and 5-5).
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Figure 5-4: Counts Variation AcrossDays: Freeway Sensor

93



Arterial Sensor
700 T T T T

600 -

500

N

o

(=}
T

300

15 minute counts

200

100

Time of Day

Figure 5-5: Counts Variation AcrossDays: Arterial Sensor

Signaltiming and coordination charts from the City of Irvine speci ed the details

regarding signal phasing,timing, actuation and coordination.

5.1.3 DynaMIT Input Files

Let us brie°y review the input les required by the DynaMIT system. The net-
work Te descritesthe locations of nodes, links, segmets and sensors,and de nes
the connectivity betweenindividual lanesin the network. The network information
contained in the PARAMICS data setwasparsedand translated into a format under-
stood by DynaMIT. Changingsectiongeometrywithin links wasmodeledby dividing
the links into smaller segmeis. The positions of freeway, arterial and ramp sensors
were located using latitude and longitude information.

The O-D demand Tle speci esthe time-varying origin-destination °ows for ead
O-D pair in the network that hasa non-zero°ow betweenit. We specify a di®eren

block of O-D °ows for ead time interval in our study period. The time intervals are
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assumedio be of constart duration.

The supply parameter le cortains segmehspeci ¢ relationshipsthat are used
by DynaMIT's supply simulator while simulating the movemen of vehicleson the

network. Speci cally, this Te cortains the characteristicsdiscussedn Equation 4.7.

DynaMIT alsorequiresinformation regardingaggregatedriver characteristicsthat
are used while generating the population of drivers. These include trip purpose,
information sourceand value of time, and are de ned for ead origin-destination pair
that appearsin the demand le. The socio-economic characteristics are usedby
DynaMIT's route choicemodels. Trip purposecan fall within the categoriesWORK,
LEISURE and OTHER. Guided driversreceiw information regardingupdated travel
times during their trips. This sourcecould be an in-vehicledevice. Unguidedvehicles
would not have accesdo updated network information during their trip, exceptin
the vicinity of Variable MessageSigns(VMS) and ChangeableMessageSigns(CMS).
The value of time re°ectsthe importancethat driversplaceon trip traveltime, andis
a critical componert of the route choicemodel. The °exibilit y to handletime-varying

socio-economiccharacteristicsis built into the DynaMIT system.

A Te cortaining time-v arying traxc sensor counts is usedby the O-D esti-
mation and prediction module within DynaMIT. The data recordedby the detectors
is speci ed in this Te after aggregatingall sensorsover a commontime interval du-

ration.

DynaMIT useshistorical estimatesof link travel times while assigninginitial
routes to drivers. Thesetravel times are the result of an equilibrium betweenthe
demand and supply in the transportation network. It should be noted that these

time-dependert inputs are alsoan output of our calibration exercise.

In addition to the inputs discussedabove, DynaMIT's demandsimulator requires
error covariance and autoregressiv e matrices , that are to be estimated by our

calibration process.
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5.2 Supply Side Calibration

The calibration of the supply simulator parameterswithin DynaMIT falls outsidethe
scope of this thesis, and is reported in Kunde (2002). In this section, we presen a
brief review of the essetial details of this processfor completeness.Calibration of
the supply module entails the estimation of lane group capacitiesand the parameters
in the segmefrspeci ¢ speed-densiy relationships. Lane group output capacities
at intersectionsare complex functions of the signal cortrol logic and timing data.
Capacitieswere initially estimated by approximating the signal logic basedon the
recommendationsof the Highway Capacity Manual.

The speed-densiy relationshipswereestimatedby tting curvesthrough the plots
of obsened speedsagainst densities. The 1373segmets were separatedinto eleven
categoriesbasedon the type of segmen (freeway, arterial, ramp, weaving section)
and the di®eren typesof relationshipsobsened in the sensorreports.

A subnetvork extracted from the Irvine test network wasusedto further re ne the
supply model parameterestimates. Dynamic speeds(computedfrom °ow and density
measuremets) wereusedasthe criterion during this step. Figure 5-8 shovs a sample
comparisonbetweensimulated and \observed" speeds.It should be noted that these
supply parameterestimateswere merely initial values. They weremodi ed at various
stagesof the demandcalibration processn orderto obtain consisten estimatesacross

both demandand supply models.

5.3 Demand Side Calibration

We now describte the demand calibration processon the Irvine data set. This dis-
cussionis split acrossseeral sections. We rst presen the details that preparethe
ground for the actual calibration exercise. This includesthe generationof the path
choiceset, de nition of the period of study, generationof initial seedO-D °ows, and
a statemen of the critical simplifying assumptions. We then proceedto outline the

stepsin the actual calibration processbeforepreserting our major ndings.
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Figure 5-6: Subnework Calibration: Freeway Sensor

5.3.1 Path Choice Set Generation

The rst stepin the calibration processwasthe generationof a good set of paths for
eat O-D pair of interest. Optimum parametersfor the path generationalgorithm
were identi ed so as to capture most of the feasible paths for every O-D pair. A
suitable path set was obtained by using 100 random draws to complemen the set
of link-elimination-based shortest paths from ewery link to a destination node. Rec-
ognizing the needto replicate most of the freeway-basedpaths, an internal freeway
\bias" of 0.6 was usedto force the path generationalgorithm into preferring paths
with longerfreeway sections. The random draws helped augmert this setwith arterial
paths. All unique paths shorter than twice the shortestdistancewereincludedin the
“nal path set. Manual inspection con rmed that most of the practical alternatives
had been selectedin the path generationstage. The nal set cortained a total of

90360rigin-destination paths.
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Figure 5-7: Subnework Calibration: Ramp Sensor

5.3.2 Dening the Period of Study

The period of interest was de ned as the AM peak, from 6:00 AM to 8:30 AM1.
Howewer, it had to be ensuredthat the rst interval we estimated had minimal \in-
terference" from vehiclesdeparting in prior time intervals’>. Calibration was begun
at 4:00AM, when sensordndicated that the network was predominartly empty. The
study interval was divided into equal subintervals of length 15 minutes. This dis-
cretization was basedon probe vehicle data that indicated maximum travel times of

the order of 10 minutes along the freeways and major arterials.

5.3.3 Generating Seed O-D Flows

A reasonablestarting estimate of the O-D °ows was constructed manually to start

the O-D estimation process.The planning matrix of static O-D °ows wasdistributed

1Flows were found to drop beyond 8:30 AM.
2Estimation of X, requiresknowledge of as, which is not known initially .
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Figure 5-8: Subnetvork: SpeedComparison
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acrossthe time intervals within the study period. The fraction of “ow assignedto
a particular interval was proportional to a peak factor that was computed for eath
sensoras the ratio of the counts measuredin the current interval to that measured
acrossthe peak period. The peak factor for ead O-D °ow was approximated by
consideringan average of the primary sensorsthat measuredthe O-D °ow under

study.

5.3.4 Simplifying Assumptions

Seeral assumptionswere made in order to accommalate practical considerations
while estimating the model parameterswith the limited data available. The error
covariance matrices V, and W, were assumedto possess diagonal structure, in
order to ensurethat we had enoughobsenations to estimate the elemeis of these
matrices from just one day of data. The structure of the error covarianceswas also
assumedto remain constart acrossthe peak period, thereby further increasingthe
number of obsenations. The autoregressie matricesf: wereassumedo be diagonal,
meaningthat the deviations of °ow betweenO-D pair r from their historical values
depend on prior interval °ow deviations betweenO-D pair r alone. The O-D °ows
themseheswerefurther grouped into high, medium and low categories,and common

autoregressie factors were estimated for ead °ow class.

5.3.5 Error Statistics

The following error statistics were usedin analyzing the results:

49,07
1. Root Mean Square(RMS) Error = i(y.Nu D)

. q N ( L 9)2
2. Root Mean SquareNormalized (RMSN) Error = =P
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4. Weighted Root Mean SquareNormalized (WRMSN) Error =

100



where w;, the weight asseiated with measuremenhi, is the inverseof the variance
of the correspnding measuremen error. The weighed statistics were computed in
order to discourt the e®ectof large measuremen errors on the objective function

value.

5.3.6 Calibration Approac h

Three days of data were set aside for model calibration. The calibration process
utilized thesedi®eren days of data sequetially, and attempted to re ne the param-
eter estimateswith ead additional day of data. The seedO-D °ows computed from
the static planning matrix were usedastarget “ows for the O-D estimation module.
Thesedirect measuremets were treated as in Equation 3.9. In the absenceof any
initial error covariance estimates, a weighted least squaresapproad was adopted,
with the sensorcourts being assignedigher weighs than the target O-D °ows. This
step was employed in order to extract all the O-D °ow information from the sensor
counts, and downplay the importance of the seedO-D °ows. The weights used for
O-D °ows were not kept constart acrossthe O-D pairs. Low °ows (as indicated by
the planning matrix) were assignedhigh weights in order to maintain them in an ac-
ceptablerange,and capture the fact that sud °ows normally exhibit low variability.
Flows for eat time interval were estimated sequetially using the GLS formulation
outlined in Section2.4.

Se\eral iterations were performedin conjunction with the O-D estimation stepto
determine an optimal set of parametersfor the route choice model. The utility V. of

ead path is a function of two travel time componerts:
Vi= oty + Ot (5.1)

wherett .. andtt_. arethe arterial and freeway componerts of the travel time along

pathi, , isthe coexcient of arterial traveltime, and , is the freewnay bias®. Di®eren

SFreeway bias attempts to capture the driver's preferencefor a freeway section over an arterial
section of the sameimpedance.
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combinations of the parameters ., and  were tried , to cover a wide range of

1 2

route choice situations. Obviously, one would expect | to carry a negative sign,
while —, would be a positive number between0 and 1. Table 5.1 summarizesthe
last few iterations of this seard process. Iterations 1 through 6 represem (, ,)
of (-0.03,0.77),(-0.04,0.75), (-0.035,0.75),(-0.03,0.75), (-0.04,0.78) and (-0.04,0.80)
respectively. The optimal value for (", ,) was found to be (-0.04, 0.80) (as seen
from Figure 5-9), and wasidenti ed after the third day of data wasprocessed A very

high value of 40 for the Path-Sizeexponert ° was also selectedfor best model t 4.

Iteration RMS RMSN | WRMS | WRMSN

1 9.77E+03| 1.3012| 87.7477| 0.0117
1.01E+04 | 1.3440| 61.0514| 0.0081
9.68E+03| 1.2891| 53.0597| 0.0071
9.89E+03| 1.3175| 52.0614| 0.0069
9.76E+03 | 1.3002| 49.2280| 0.0066
9.67E+03| 1.2874| 47.9872| 0.0064

OO WN

Table 5.1: Error in Fit to Counts for Varying Route Choice Parameters

Once the °ows for all intervals had been estimated using the rst day of data,
the error covarianceswere estimated from the resulting residuals, as descrited in
Section3.4. The O-D °owswerethen re-estimatedfor day 1 usingthe new covariance
estimates. The resulting O-D °ows and simulated courts were usedto re-estimate
the error covariancesagain beforemoving to day 2.

Data from day 2 was processedn a mannersimilar to day 1, with a slight di®er-
ence. The O-D °ow estimatesobtained from day 1 weredesignatedas historical °ows
for day 2, and Equation 3.5wasusedto computethe target °ows for subsequentime
intervals. The day 1 estimatesfor the rst interval were usedastarget °ows for the
‘rst interval in day 2. The error covarianceswere estimated beforeproceedingto day
3. The treatment of data from day 3 wasidentical to that from day 2.

Figures5-10to 5-14graphically depict the comparisonof estimatedand obsened

sensorcourts during the o®-peak period leadingto the AM peak. Having thus con-

4Sud a high value of ° is consistert with the 'ndings of Ramming (2001), who reports best t
as°! 1.
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Figure 5-9: Route Choice Parameter Estimation

“rmed that we have a reasonableestimate of the network state at the commencemen
of the peakperiod of interest, we focuson the peakperiod for statistical comparisons.
Similar visual comparisonsfor intervals in the peak period are presened in Figures
5-15to 5-17 after processinghe third day of data. Tables5.2 and 5.3 summarizethe
error statistics that measurethe performanceof the calibration algorithm at various
stageS. While the RMSN errors were found to be stable acrossthe four estima-
tion iterations, the progressin the estimateswas indicated by the Weighted RMSN
(WRMSN) errors, that accoured for the variability in sensormeasuremets. Table
5.3 clearly indicates an improvemert in 't with ewvery additional day of surveillance
data processed.

Analysis of the calibration algorithm's performancewas also evaluated by com-
paring the time-varying sensorcourts reported by the supply simulator againstthat

recordedby the surweillance system (Figure 5-21). It was found that the courts on

SMore detailed numerical results are presened in Appendix A
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Initialization | day 1 | day 2 | day 3
6:00 0.09 0.11 | 0.13 | 0.11
6:15 0.17 0.13 | 0.16 | 0.15
6:30 0.09 0.09 | 024 | 0.11
6:45 0.11 0.11 | 0.23 | 0.11
7:00 0.13 0.13 | 0.11 | 0.10
7:15 0.15 0.14 | 0.11 | 0.24
7:30 0.13 0.12 | 0.24 | 0.11
7:45 0.14 0.14 | 0.15 | 0.22
8:00 0.16 0.13 | 0.16 | 0.21
8:15 0.23 0.16 | 0.18 | 0.23

Table 5.2: RMSN Errors from Four Estimations

Initialization | day 1 | day 2 | day 3
6:00 231.87 23.36| 11.37| 9.66
6:15 150.92 16.77| 17.44| 16.63
6:30 230.51 14.92| 10.35| 9.23
6:45 159.67 15.00| 10.63| 10.36
7:00 195.26 50.82| 7.59 | 7.31
7:15 156.34 23.14| 13.19| 7.39
7:30 108.79 13.30| 21.04| 13.83
7:45 157.03 16.32| 7.81 | 15.97
8:00 107.66 13.94| 9.41 | 9.77
8:15 132.07 35.54| 8.44 | 18.53

Table 5.3: WRMSN Errors from Four Estimations

freeway links were replicated with a high degreeof accuracy while the courts on ar-
terial and ramp links were subject to a small degreeof stochasticity. This error could
be largely attributed to approximations made while corverting the vehicle-actuated
signal cortrol logic at intersectionsinto segmetrspeci ¢ capacities. Recen researt
in this area has subsequetly led to the integration of a capacity translator in Dy-
naMIT, that allows for the online adjustmert of segmen capacitiesat intersections.

This addition was however, not included in this study.

A further ched involving the O-D °ows was performedto ascertainthe variation
of O-D °ows with time. A comparisonof the dynamic estimated °ows for one of the

most heavily traveled O-D pairs (Figure 5-22) againstthe initial seed®°ows indicate
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that the dynamic seed’°ows obtained from the static planning “ows is indeeda good
approximation of the actual °ows, and provide a reasonablestarting point for the

calibration process.
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Figure 5-10: Days 1, 2 and 4: Courts from 4:15AM to 4:45AM
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Figure 5-11: Days 1, 2 and 4:
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Figure 5-12: Day 1: Courts from 5:15AM to 5:45AM
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Figure 5-13: Day 2: Courts from 5:45AM to 6:15AM
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Figure 5-14: Day 2: Counts from 6:15AM to 6:45AM
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Figure 5-15: Estimated Counts for 6:45to 7:00 AM
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Figure 5-16: Estimated Courts for 7:00to 7:15AM
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Figure 5-17: Estimated Counts for 7:15to 7:30AM
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Figure 5-18: Estimated Cournts for 7:30to 7:45AM
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Figure 5-20: Estimated Cournts for 8:00to 8:15AM
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Having usedthe rst three days of data to obtain the °ow and error covariance
estimates, we proceededto estimate an autoregressie processthat would form the
basisfor DynaMIT's predictive capability. The deviationsof the day 3 estimatesfrom
their historical value$ were computed,and regressionsimilar to Equation 3.13were
run. An autoregressie processof degree4 was found to t the data best, with an
additional degreecausingonly a marginal improvemert in t (by reducingthe RMS
error from 30.04to 29.84). Separateparameterswere estimatedfor O-D pairs falling
within low, medium and high °ow brackets’. The estimated factors are summarized

below:

2 3 2
gl/giil W, W, 1/2242 §0:4186 0:2840 0:0103 | 0:1841

yged yed yed  1pmed 0:3408 0:2280  0:0642 0:78817  (5.2)
oW oW 1how 1o, 0:2076 0:1124 0:0547  0:0359

3

5The estimatesfrom day 2 were usedas historical °ows here.
"Historical °ows higher than 600 vehicles/hour were classied as high, while those lower than 280

vehicles/hour were designatedlow.
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The predictive ability of the calibrated DynaMIT systemwas evaluated through

validation tests.

5.4 Validation of Calibration Results

The calibrated systemwastestedfor its estimation and prediction performanceusing
data that was not a part of the original calibration exercise. Data from day 4 was

usedfor this purpose.

5.4.1 Validation of Estimation Capabilit y

The processof validating the estimation capability of the calibrated DynaMIT system
was similar to the actual calibration process.The best historical O-D °ow estimates,
error covariancesand route choice parameterswere used along with a new day of
traxc surveillancedata to re-estimatethe O-D °ows. The resulting simulated sensor

courts were comparedagainstthoserecordedby the eld sensors.

RMSN WRMSN
day 3| day 4 day 3| day 4

6:00 0.11 | 0.12 9.66 | 8.77
6:15 0.15 | 0.16 16.63| 12.26
6:30 0.11 | 0.12 9.23 | 8.34
6:45 0.11 | 0.10 10.36| 6.97
7:00 0.10 | 0.12 7.31 | 6.29
7:15 0.14 | 0.13 7.39 | 4.72
7:30 0.11 | 0.20 13.83| 7.47
7:45 0.22 | 0.22 15.97| 8.40
8:00 0.26 | 0.26 9.77 | 891
8:15 0.42 | 0.42 18.53| 12.84

Table 5.4: Validation of Estimation Results

Table 5.4 summarizeghe resultsof the rst validation test. The rst two columns
indicate the RMSN error in courts from the last calibration run, and the validation
run respectively. Theseerrors were found to be fairly stable. The weighted RMSN

errors (contained in columns3 and 4) shaved a further slight negative trend, thereby
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indicating that the v e estimation iterations performedin total have moved in the
right direction with referenceto replicating the obsened link counts.
Having veri ed DynaMIT's ability to estimate O-D °ows, we next moved to eval-

uating its predictive ability.

5.4.2 Validation of Prediction Capabilit y

The validation of DynaMIT's prediction capability is critical for the evaluation of
the performanceof the DTA-based guidanceand traveler information system. For
this test, the calibrated systemwasrun from 4:00AM through 7:30AM. During this
run, DynaMIT estimated °ows for ead time interval until 7:30AM. The autoregres-
sive processwas now applied on the °ow deviationsto generateone, two, three and
four-step O-D °ow predictions (covering a one-hour prediction horizon), which were
then simulated by DynaMIT's supply simulator to generatesimulated sensorcourts.
The comparisonof simulated courts with thoseactually obsened by the surveillance
systemis summarizedin Table 5.5. As expected, the t to courts deteriorated as
the prediction interval moved away from the current interval. Figures 5-23 and 5-
24 graphically indicate a slight reduction in 't asthe prediction horizon increases,

thereby highlighting the importanceof arolling horizonapproad to tratc prediction.

RMSN WRMSN
day 4 | Validation day 4 | Validation
7:30 0.20 0.14 7.47 9.25
7:45 0.22 0.12 8.40 18.54
8:00 0.26 0.15 8.91 17.53
8:15 0.42 0.16 12.84 19.16
8:30 - 0.25 - 21.61

Table 5.5: Validation of Prediction Results
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5.5 Summary and Conclusion

In this chapter, we calibrated the DynaMIT/DynaMIT-P DTA system using data
collectedby atratc surveillancesystemin Irvine, California. We further validated the
estimation and prediction capabilities of the calibrated system. The results indicate
that the calibration methodology proposedin earlier chapters can indeedbe applied

to large urban networks with complexroutesto obtain robust parameter estimates.
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Chapter 6

Conclusion

We begin this chapter with an assessmenof the cortributions of this researt to
the state of the art of DTA model calibration methods, and conclude with some

suggestiondor future researt directions.

6.1 Research Contribution

This researt represetts signi cant extensionsto existing literature related to the

calibration and validation of Dynamic Tratc Assignmen Systems.Speci cally,

2 The methodology preserted hereis one of the rst attempts at the joint cali-
bration of route choice and O-D estimation and prediction models. It extends
existing O-D estimation approatesto handle the needsof a calibration pro-
cessand providesan integrated framework for the joint calibration of individual

driver route choice modelsin the absenceof disaggregatedata.

2 This thesisundertakesa detailed outline of the componernt stepsin the demand
calibration process,and analyzesthe inputs and outputs at eat stage. The
critical issue of starting the calibration processfrom static O-D data in the

absenceof reliable historical estimatesis also discussedand implemerted.

2 This work addresseghe issueof using seeral days of data to update the his-

torical databaseof O-D °ows, error covariancesand autoregressie factors.
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2 The casestudiesin this researt involve a real-sizedurban network consisting
of both freeways and arterials, and demonstrate the practical feasibility and
robustnessof the proposedcalibration approad. More importantly, the cali-
brated DTA system has been validated through evaluations of its estimation

and prediction capabilities, with very encouragingresults.

6.2 Directions for Further Research

The focus of this thesis was on a generalframework for the calibration of the de-
mand models within a DTA system. We have discussedhe componert stepsin the
process,and the factors involved in obtaining the inputs and outputs at ead step.
We addressedissuesrelating to starting the processfor the rst few days of data,
when se\eral key inputs are likely to be either unavailable, or unreliable at best. We
further preserted a framework for setting up a historical databaseof O-D °ows, error
covariancesand autoregressie factors, and outlined someapproatesto updating this
databasewith multiple days of surweillancedata. There are se\eral issues,howe\er,

that could be pursuedasfurther researat.

6.2.1 Updating Mo del Parameter Estimates

While this work has consideredthe within-day variability in O-D °ows, a common
underlying processwas assumedo govern all four days of data usedin this researb.
A topic for further researt could include the analysis of correlations acrossmulti-
ple days of data, and excient estimation methods to handle the same. Sut e®ects
would be important especially when the calibration objective is expandedto include
the creationof a strati ed historical databasecovering a wide range of demandcondi-
tions and tratc scenarios.Criteria for suc strati cation scdhemescould include day
of the week, weather conditions, special everts, sdheduled workzone operations and
inciderts.

Yet another issueis the importance of the starting seedO-D matrix. Clearly, the

seedplays a critical role in the calibration processparticularly whenthe assignmenh
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matrices are obtained from simulation models. With a suzxciently large data set
encompassingse\eral months of data, one would expect the starting seed°ows to
have a negligible e®ecton the nal °ow estimates. The limited size of the data set
available for this researt, howewer, preverted us from exploring this ideain greater

detalil.

6.2.2 Simultaneous estimation

DynaMIT employs a sequetial approat to O-D estimation, primarily from consid-
erations of real-time computational exciency. The calibration process,howeer, is
o%ine, and a simultaneous approad would be expectedto yield more excient es-
timates. One might therefore considerreplacing the sequetial GLS O-D estimator
with alternative estimation methods sud as a simultaneous GLS estimator, or the
Kalman Tter-based o%ine smaothing technique deweloped by Ashok (1996). This
approad, howewer, would require the computation and storage of assignmeh ma-
trices from all past intervals that in°uence courts in the currernt interval, and can
be computationally prohibitive. The developmen of excient storagescemesmight

yield a more robust calibration methodology.

6.2.3 E®ect of number of sensors

The size of the O-D estimation problem depends on the number of sensorson the

network. In the perfect scenario,there would be as many sensorsas O-D pairs, so
that the unknown O-D °ows can be obtained in a simple manner. Unfortunately,

sud is rarely the case. The number of sensorsis often far lower than the number
of °ows we wish to estimate. It would therefore be interesting to study the e®ectof
network coverage(in terms of the number of independert sensors)on the robustness
of the O-D °ow estimates. One could also attempt to identify an optimum coverage

level to ensureconsiste and robust estimation.
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6.2.4 Handling inciden ts

An important aspect of tratc estimation and prediction is the handling of inciderts.
An extensionof this study could include the analysisof DynaMIT's estimation and
prediction capabilities under unexpected demand uctuations, and its ability to gen-
erate consistemh route guidanceto minimize the impacts of the disturbance. A re-
quiremert for sud a study is the availability of a rich data set encompassinge\eral
months of surveillancedata, including detailed recordsof acciders and inciderts that

causedcapacity reductionsin the network.

6.2.5 Driv er behavior models

The driver behavior modelsin a DTA systemwould be composedof seweral network-
related attributes that might explainthe choicesmadeby travelers. In fact, driversin
the real world might canceltheir trips or switch modesbasedon information provided
to them by the ATIS. Under congestedconditions, drivers might also changetheir
departure times in order to beat the rush. Sud deviations could be expected to
seriouslyimpact the O-D estimation module. Recen enhancemets to DynaMIT's
behavioral models have added the functionality to model these complex decisions.
Future work could study the e®ectof sud driver behavior on the exciency of the

“nal estimates,and on the quality of DynaMIT's predictions.

6.3 Conclusion

An integrated approad to the calibration of demandmodelswithin a Dynamic Tra+c
Assignmen systemwas preserted in this thesis. The route choice and O-D estima-
tion and prediction models were jointly calibrated for a large-scaleurban network,
using data collected by a real traxc surveillance system. Validation studies indi-
cated encouragingresults regarding the estimation and prediction capabilities of the
calibrated system. Further work involving larger data setsand more complexDTA

models would signi cantly extend the state of the art of real-time tratc simulation
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model calibration and validation.

125



126



App endix A

Tables

RMS | RMSN WRMS WRMSN
6:00 27.71 0.09 75223.04| 231.87
6:15 59.59 0.17 52672.55| 150.92
6:30 35.85 0.09 03143.59| 230.51
6:45 51.88 0.11 76971.29| 159.67
7:00 64.74 0.13 | 100490.59 195.26
7:15 79.48 0.15 83111.06| 156.34
7:30 77.16 0.13 65180.36| 108.79
7:45 80.89 0.14 03435.59| 157.03
8:00 96.78 0.16 64204.88| 107.66
8:15 128.71| 0.23 73878.42| 132.07

Table A.1: Error Statistics for Day 1 Data (initialization)

RMS | RMSN | WRMS | WRMSN
6:00| | 3554 0.11 | 7577.61| 23.36
6:15| | 46.35| 0.13 | 5854.21| 16.77
6:30| | 38.05| 0.09 | 6030.49| 14.92
6:45| | 53.39| 0.11 | 7230.90| 15.00
7:00| | 65.27| 0.13 | 26153.72 50.82
7:15| | 72.77| 0.14 | 12302.60 23.14
7:30| | 73.17| 0.12 | 7967.53| 13.30
7:45| | 85.47| 0.14 | 9712.34| 16.32
8:00| |78.30|] 0.13 | 8314.34| 13.94
8:15| | 89.87| 0.16 | 19882.89) 35.54

Table A.2: Error Statistics for Day 1 Data
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RMS | RMSN | WRMS | WRMSN
6:00 38.04 | 0.13 | 3401.00| 11.37
6:15 55.73| 0.16 | 6072.21| 17.44
6:30 57.16 | 0.14 | 4105.82| 10.35
6:45 60.12 | 0.13 | 5017.08| 10.63
7:00 55.47 | 0.11 | 3843.48 7.59
7:15 60.65 | 0.11 | 6990.40| 13.19
7:30 79.04 | 0.14 | 11514.79 21.04
7:45 85.47 | 0.15 | 4561.13 7.81
8:00 93.50 | 0.16 | 5559.81 9.41
8:15 100.06| 0.18 | 4810.94 8.44

Table A.3: Error Statistics for Day 2 Data

RMS | RMSN | WRMS | WRMSN
6:00 37.71| 0.11 | 3183.22 9.66
6:15 56.14 | 0.15 | 6194.73| 16.63
6:30 48.35 | 0.11 | 4034.87 9.23
6:45 59.19 | 0.11 | 5444.57| 10.36
7:00 58.14 | 0.10 | 4053.42 7.31
7:15 80.18 | 0.14 | 4259.06 7.39
7:30 68.10 | 0.11 | 8313.14| 13.83
7:45 133.17| 0.22 | 9705.44| 15.97
8:00 129.67| 0.21 | 5953.61 9.77
8:15 131.48| 0.23 | 10495.00f 18.53

Table A.4: Error Statistics for Day 3 Data

RMS | RMSN | WRMS | WRMSN
6:00 39.81 | 0.12 | 2886.65] 8.77
6:15 57.76 | 0.16 | 4340.39| 12.26
6:30 47.63 | 0.12 | 334241 8.34
6:45 46.88 | 0.10 | 3435.29] 6.97
7:00 65.21 | 0.12 | 3367.01] 6.29
7:15 71.71 | 0.13 | 2556.83] 4.72
7:30 117.26] 0.20 | 4400.79| 7.47
7:45 136.35| 0.22 | 5263.17| 8.40
8:00 162.64, 0.26 | 5514.74) 8.91
8:15 24445 0.42 | 7469.00] 12.84

Table A.5: Error Statistics for Day 4 Data
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