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Abstract—The response by road drivers to traveler
information is not well understood due to the hetesgeneity in
how drivers may react differently to provided information. In
this study, we explicitly consider drivers’ asynchonous
response to information, by assuming that drivers ave
different decision intervals. Within this new modeing
framework, we develop a simulation platform to stug how
people make use of information at disaggregate leivand how
drivers’ day-to-day route choice behavior would imgct the
system performance at the aggregate level. In pacular, we
will study efficiency and stability under different distributions
of decision intervals and information provision sclkemes. This
model is different from existing ones, since it eXgitly
incorporates drivers’ heterogeneous response freqoeies, and
is computationally more efficient. This study couldlead to a
better understanding on impacts of information provsion on
drivers’ behavior in transportation networks and a better
design of advanced traveler information systems.

I. INTRODUCTIONAND OVERVIEWOFTHE STUDY

[4]. To have a better understanding of the poteimipacts
of rich and traffic information, it is important tenderstand
how information provision schemes would impact drss
decisions in route and other choices.
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In the literature, there are many studies on dsiveay-to-

N emerging direction in Intelligent Transportationday route choice behaviors and the correspondimgrdics
Systems (ITS) would be to integrate vehicles andf a transportation system in ATIS. On one hand,

infrastructure in a network of information exchasdg@mown
as the Advanced Traveler Information Systems (ATT3)e
basis of such a system is easy accessible andaéedtaffic
information from two different entities: drivers@&network.
For example, different traffic signals will help thstribute

detailed, personalized, and decentralized reaI-ting:

information about traffic flow, congestion, and ethraffic

conditions through such a medium as the Interrief2]. In

the future, drivers' behavior could be significarithpacted
by information sources, available knowledge, preites
power, and risk evaluation procedure (see Figure 1)

information provision is not explicitly consideredy all
vehicles are assumed to have access to full infismaf a
transportation system. In these studies, drivemosh their
routes stochastically [6], [7], deterministicall§][ or based
on game theoretic evaluations [9]-[12]. On the othand,
ormation provision schemes and their impactddwners’
oices are explicitly considered [13], [14]. Ekigtmodels
of day-to-day route choice behaviors are usuallyedaon
utility maximization principle based on their peptiens of
travel times on different routes [3], [7], [15]. [b5], drivers
switch their routes if the improvements in traveld exceed
some threshold level based on a bounded-ratiordgitysion

However, it has been argued that excessive infeomat ,o4el. There have been many other studies on rearni

provision could cause over-saturation,
concentration, and other problems [3]. It is alsown that
the decision maker has bounded rationality, sineehas
limited capabilities for gathering and treating amhation
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over-reactio nrocesses and decision rules [14], driver's pefeept

updating schemes [16], drivers’ compliance to guida
[17], and heterogeneous behaviors [18], [19].

In these and many other studies, however, it isigely
assumed that drivers make synchronous decisions and
evaluate their alternative route choices based vailadble
information every day. But in reality, due to hatand other
constraints (e.g. all vehicles don't have accessfulb
information of a transportation system), driversnsut
available traffic information and make a decisionlyo
infrequently. That is, different drivers can havifedent
response frequencies to information provision, dhnelir
decisions are usually asynchronous. In [20], it whewn
that different drivers can have different rhythnmsl dabits.



Such rhythms and habits can be related to driveosio-
demographic characteristics, commitments to spe@fjular
activities, and valuation of time. Therefore, italso likely
that different drivers have different temporal thys when
choosing their routes from day to day. That isfedént
drivers can have different frequencies in consgltiraffic
information and making day-to-day route choices.the
literature, however, drivers' heterogeneous
frequencies to traffic information are not explicistudied.

II. A NEw MODEL OF DAY -TO-DAY ROUTE CHOICE

BEHAVIORS

In this paper, we introduce a new model of daydg-d
route choice behaviors, where players have diftedenision
intervals and make asynchronous decisions. In ssenee,
drivers are considered to play asynchronous garitessach
other in a road network. Here we assume that taeists a
distribution of the random variable of responsejfiencies
or decision intervals. As in other driving behasgiodrivers'
decision intervals could be affected by their
demographic characteristics, commitments to spefjular
activities, and valuation of time [20]. In additiotheir
decisions intervals could be impacted by charatiesi of
available traffic information, including the avadilty,
nature, and quality of information, as well as #iigband
other characteristics of road networks.

A. Model Description

Different from existing modeling frameworks, thiodel
separates drivers' response process into two stefiee first
step, a driver decides whether
information or not. In the second step, once aairdecides
to consult available traffic information, s/he withake a
choice of available routes. Here characteristicdmfers,
road network, and information could impact bothpst®f
drivers' response, including the distribution patteof
decision intervals and decision rules. In this gtude are
interested in a simple model, where drivers alwelysose
the shortest path, but their decision time intexvare
stochastic.

Indeed,
information, it is equivalent to choosing the cutreoute.
Thus the model is consistent with existing one-stegels in
terms of route choices. Compared with existing freworks,
however, this method
introducing one more step. As shown in the follayin
simulation results, even with the deterministicteoahoice
rule, no over-reaction is observed due to the bgtareity in
drivers’ decision intervals. In addition, the nearhework is
computationally more efficient by introducing deéois
intervals: drivers only evaluate their alternativesites on
their decision days.

In this simulation framework, we can further invgate
the
information sources, different perception updatschemes,
market penetration rate of ATIS, accuracy of infation,
link performance functions, number of participardad so
on. At this point, we want to introduce a figurepkining

respons

sSecio

to consult available

if a driver decides not to consult traffic

introduces more flexibility by

impacts on system performance of heterogeneous

how in our framework the aggregate behavior isrédselt of
individual decisions (see Figure 2).
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Fig. 2. System level versus individual level.

Our model could be used for a better understanain@S
and the influence of the communicative process tred
information provision stage, matters that are emging to
deal with.

Assumptions and Limitations

In addition to the fundamental assumption of
heterogeneous decision intervals (Al), some other
assumptions are made in this study:

- (A2) Each driver has a constant decision interval.

- (A3) Accurate pre-trip information is available at
drivers.

- (A4) Drivers only make pre-trip route decision
choice. We do not consider en route decision in
response to information received during the trip.

(A5) Drivers choose the shortest route.

- (A6) Drivers make decisions based just on histbrica
information, and no predictive information is used.
(A7) Traffic congestion is simply described by &tat
link performance functions.

In reality, these assumptions could be too limita the
modeling framework can be easily extended to adcam
more realistic situations. But here we arbitraritgke these
simplified assumptions, since this study is intehd®
understand basic impacts of heterogeneous dedigienvals
on system-level performances.

In this section, we discuss day-to-day route cloice a
simple road network with different numbers of pleye
different distribution patterns of drivers’ decisiintervals,
and so on.

SIMULATION STUDY FOR ATWO-LINK NETWORK



A. Network and Congestion Model - Power Law distribution: decision time intervals
Our simulation scenario consists of a two link ratw follow a power law distribution with parameters b
shown in Figure 3: (location parameter of Pareto distribution) amd
(shape parameter). Note that the mean is infiite f
a<1 and the variance is infinite fax2.
Route 1
D. Initial Route Choices
At the beginning of the simulation on day 0, driverre
» assumed to choose their route considering the violp
possible scenarios (initial conditions):
- All random route choice.
- All choose route one (or alternatively all choose
route two).
- Half and half: drivers redirected equally to each
considered route.

Route 2

Fig. 3. Representation of the studied network.

This network represents one origin-destination pair
connected by two alternative routes. Leit) and nx(t)
represent the numbers of drivers using routes 12amowl day
t, respectively. Here the total origin-destinatidowf Q is

constant: E. Systemwide Performance Measures
We measure the performance of the whole trafficesys
Q =n,(t) +n,(t) (1) by both efficiency and stability. We measure thficigincy

by the number of days for the system to convergeser
Let Cy(t) and C,(t) represent the travel time on routes 1 an@quilibrium. In particular, we use the first dayy avhich
2, respectively. Here we assume that the correspgnd Ci(t) = Cy(t), as the measure of efficiency. It can also be
performance functions considered are linear andrgim the understood as a delay time measured in days. Bylista

following: we mean the variance in route costs after usetileduin is
first reached. We will study the values of effiaigndelay)
C(t)=04 ﬁ(t) £ 0.2 ) a_nd the equmpnum oscillation frequency (stapjlitfor

Q different scenarios.

C,(1) = 05[5% +0.4 3) IV. RESULTS

Clearly route 1 is shorter than route 2 here.
In our simulations, we set an original input @£1,000
vehicles per day.

A. Convergenceto User Equilibrium

In this subsection, we consider route choices 60Q,
drivers for 3,000 days. Initially all drivers udeetside road

B. Information Provision Schemes 2, and their decision intervals are from 1 to 1,8@9s. Here
For drivers to make decisions on daynformation can be all drivers obtain average travel times on bothtesusince
provided in three different information provisiochemes: their last decision time step. In Figure 4, we destate the

- Previous day’'s information: average travel time ofractions of drivers and travel times on both rgutErom
each route on the previous day when the decisien hiigure 4, we can see that the system convergessé¢o u

to be made. equilibrium after about 900 days, but it neverlesttdown at
- All historical information: average travel time onthe equilibrium. This confirms the observation 1] that
each route from day O to d&. route choices based on historical knowledge cad kea

- Historical information since last decision timeoscillating behavior. Although the system oscikatround
period: each driver is provided the average times equilibrium, we do not observe serious over-reastidNote
both routes since his/her last decision time step.  that here we assume drivers always choose theeshoouite.

o .. The non-existence of over-reaction is a signifiddifference

C. Distributions of Decision Intervals between the new two-step model and existing ore-ste
In this study, we consider the following distritarti models.
patterns of drivers’ decision intervals: )
- Uniform distribution: decision time intervals folloa ~ B- Influence of the Number of Drivers, Q
uniform distribution between 1 and the largest In this subsection, we consider the impacts ofrtheber
decision interval. of drivers Q on system performance. In Figure 5, we
- Normal distribution: decision time intervals follosy demonstrate the evolution of route choice fractidosing
normal distribution with meanp and standard 3,000 days for 1,000 and 100 drivers. Initially vers
deviationc. equally split their choices. Here all drivers ohtaverage
- Exponential distribution: decision time intervalstravel times on both routes since their last denisime step,
folow an exponential distribution with meanand drivers’ decision intervals follow a uniformstlibution
parametefp. between 1 and 500.
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Fig. 7. Delay versus mean paramateiExponentially distributed decision
time periods (0.93x + 1.93,R0.99). Information since last decision time
period strategy provision.

We also have had interesting results (clusteredresur
following a power law relationship) when plottindnet
existing relationship between delay and stability.

Generally we can conclude that if we have a moreasp
out decision time periods (more heterogeneous) the
convergence will be better (smaller standard dmnah the
steady state), but it takes longer time to reaetetjuilibrium
(efficiency issue). The obtained results reduchgdecision
time periods range are really interesting; we gettds
response in terms of efficiency (faster convergenoce
equilibrium) because more trip-makers decided ttaite at
the same time, but at the risk of leading to anllatog

From Figure 5, we can see that the number of drivepehavior.

barely impact the delay in reaching equilibrium.t Boore
drivers would make the system more stable, as nveg®in

fractions are smaller in the top figure.

C. Influence of Different Decision Interval Distribution
Patterns

D. Influence of Information Provision Schemes

One of the main contributions of this paper is plad¢tern
that we have found between delay and stability grolaw
relationship) for scenarios that we have been rodeu
different information provision strategies and dem time
periods distributions (see Figures 8 & 9). The badea of

Considering a scenario where initially half of ttevers

select route 1 and the other half choose routedeoviding  this pattern is that larger values of delay leamisooth
information since last decision point for each drjwve have €quilibrium and vice versa, larger oscillatory béba is

introduced different decision time periods disttibns in
order to study the simulation results assuming ecfit

often related to small delay values.
We have run the simulations considering different

situations in terms of decision periods per eaclvedr information provision strategies and a wide raneifferent

(Q=1,000).

distributions of decision time periods running gi@ulations

The pattern drawn in Figure 7 is an example of hof@r different parameters as follows:

different parameters setting up the disseminatittervals
distributions could affect the efficiency of thessgm. We
should find a realistic balance among more spreatl o
(heterogonous) decision times, delay and equilibriu

Power Law distribution: changing parameter alpha
(0.6, 0.9, 1.2) (setting b=1).

Uniform distribution: testing different ranges ofute
decision dissemination intervals (days): [(1:1000),
(1:500), (1:333), (1:200), (1:100), (1:50), (1:25)]
Exponential distribution: testing different values
(10, 25, 50, 100, 150, 200, 300, 400).

Random distribution: testing different ranges afteo
choice decision dissemination intervals (days):
[(2:1000), (1:500), (1:333), (1:200), (1:100), (@5
(1:25)].



The results obtained under these circumstancdsyioly
a power law curve) are depicted in Figure 8:
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Fig. 8. Efficiency versus stability for each infation strategy provision
considered: mixed information strategy (y=2301-3% R?=0.986),

information since last decision time period stratefy=3846x13,
R?=0.978), everyday information strategy (y=82926% R?=0.981).

Uniform, exponential & random distributions of dgion time periods.

From Figure 8, we can see that the mixed informati
strategy which combines the three different typés
information provision considered (this informatistrategy
provision equally combines everyday

oscillations in the steady state and we do not oaréarger
delay values, the best strategy is a mixed infaonat
strategy combining uniform, random and exponential
distributions of decision time periods.
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Fig. 9. Efficiency versus stability with mixed infoation strategy.
Uniform, exponential & random (y=2301.3%!! R?=0.986) and power
law a (0.6, 0.9, 1.2) (y=1117.6%%, R?=0.976) distributions of decision

Otlme periods.

o]
V. CONCLUSION

information, The developed tools and gained insights could Wefiie

information since last decision time period and atwy for understanding how such new technologies asr-inte
information; the dissemination intervals of the ffica vehicle communications can help reduce congestioth a
information are followed by the combination of fouremissions through proper route guidance.

different probability distributions: uniform, powelaw, In this paper we made several contributions. A majo
exponential and random) has shown the best systenits hypothesis is that different people have differdatision

in terms of both efficiency and stability and clgar intervals and preliminary results of the experirsesuipport

outperforms the other information strategies priows

Otherwise, the worst results are obtained under
scenario that provides everyday information (cunivda
mean travel time) to each driver. In the upperdabghe plot
in Figure 8 we can see that this scenario leads sgstem
with the largest delay values and oscillationsi¢efficy and
stability issues). This situation is due to the ke
formulation that does not ensure good delay valfigse
drivers are not redirected equally to each consitleoute in
the time step 0 of the simulation (initially alliirs travel
the side road 2).

It is important to remark that we cannot introdece day
information strategy because the standard deviatioe the
equilibrium is reached equals zero in the most remdf
simulations.

It is observed that under a mixed information st
provision and power law decision time periods we the
best results in terms of delay when we are looKorgfast
convergence to the equilibrium with small oscitas (see
Figure 9). Besides, if we are looking for really aim

it. We will design further experiments to study thgacts of

tiigformation provision on drivers’ day-to-day routhoices.
We will develop experimental studies to realistical
estimate and provide the distribution of driverssponse
frequency in order to validate our study. This kvie also
our starting point to come up with an economictreteship
that evaluates the efficiency/delay trade-off.

In the future, we will examine the impacts of piie
information, differential information provision, meet
penetration rate and inaccurate information, priogd
suggestions on how to improve and realistically st
ATIS services to make transportation systems maables
and efficient.
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