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Foreword

Cascetta et al. discuss a dynamic assignment model for a general network, which follows a
nonequilibrium approach in which flow fluctuations are modeled as a stochastic process and
includes a model of dynamic network loading for computing within-day variable area flows
from path flows. The sensitivity and operational characteristics of the model are tested by
analyzing some effects of control measures on a small realistic network. The authors state
the results show the proposed model is a valid tool to estimate the effectiveness of some
traffic engineering measures and/or information systems.

In the second paper, Hamerslag and van Berkum discuss the use of road transport infor-
matics, which aims to optimize the utilization of existing facilities in the transportation system
serving three main goals: alleviation of congestion, diminution of air pollution, and reduction
in incidents. The authors discuss providing the road user with information whereby stochastic
and deterministic assignments are compared for both networks with and without congestion.
To let information have also effect on destination choice and the spatial distribution of
activities, the assignment models were combined with different distribution models. Simu-
lations show that the amount of kilometers driven decreases when travelers are provided
with better and more information.

In the third paper, van Vuren and Walting discuss the application of the concept of multiple
user class equilibrium assignment to the modeling of route guidance systems. In particular
its role in modeling guided and unguided drivers is discussed, as well as its ability to lead to
guidance strategies that are effective even with a high proportion of drivers equipped.

In the fourth paper, Smith and Ghali describe a dynamic assignment/control model for
evaluating urban traffic control schemes and route guidance strategies. The model is based
on the dynamic assignment program CONTRAM for each fixed-road network subject to a
given overall pattern of dynamic demand. The model evaluates all eight combinations of four
responsive traffic control policies and two route guidance strategies on the assumption that
the route guidance is accurately obeyed. The model given results for all required demand.

In the next paper, van Grol and Bakker discuss the linear processor array (LPA), which
is a one-dimensional parallel computer with highspeed buffered interconnections between
each pair of neighboring process boards, parallel accessible by both a control board and a
general host computer, forms a transparent concept for the programmer. The optimally
configured boards together with the high speed intercommunication allow a cost/performance
improvement of a factor of 100 compared with a minisupercomputer like the Convex Cl1.

In the sixth paper, Papageorgiou and Messmer discuss a deterministic, microscopic mod-
eling framework for dynamic traffic phenomena or networks consisting of freeways and/or
urban streets for nonelastic but time varying traffic demands. A feedback methodology is
applied to the network model so as to establish dynamic traffic assignment conditions. More
specifically, a multivariable feedback regulation with integral parts and simple controller are
developed and tested for a particular network traffic model.

In the paper, “In-Vehicle Information Systems: Modeling Traffic Networks, and Behavioral
Considerations”, Bonsall and Perry argue that because that sources of data in drivers reaction
to route guidance is sketchy an interactive route choice simulator might provide substitute
data. The use of IGOR to collect data under the European Drive initiative is described. The
authors state that the acceptance of an item of advice depends on its (objective) quality, time
drivers knowledge of network, and on the extent to which advice is corroborated by other
evidence. The value of IGOR and its results are discussed.

In the paper, “Comparative Assessment of Origin-Based and En Route Real-time Infor-
mation Under Alternative User Behavior Rules”, Mahmassani and Shen-te Chen discuss the
effects of real-time traffic information, supplied at the origin of the trip or along the way
(enroute) on the system’s performance under alternative behavior rules governing path se-
lection in the network. Simulation experiments are performed to investigate the effect on
overall performance as well as the incidence of benefits (costs) across user information groups

v



vi

of four experimental factors, behavioral rules, governing users’ response to real-time infor-
mation, sources of information, consisting of point-of-departure or in-vehicle (or both),
prevailing “initial”” conditions in the system and market penetration, i.e., the fraction of users
with access to real-time information in the network. The results of these simulation experi-
ments are discussed.

In the last paper, ‘“Laboratory Assessment of Driver Route Diversion In Response to In-
Vehicle Navigation and Motorist Information Systems”, Allen et al. describe the first phase
of a two part study of driver use of in-vehicle navigation systems. The second phase will
apply driver behavior data to a traffic simulation model. The objective of the driver behavior
experiment was to compare the effect of four navigation systems on driver diversion decision
when faced with traffic congestion. Three of the systems were based on a heading up map
display. The fourth system comnsisted of simplified symbolic directions and distance to change
information.
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Evaluation of Control Strategies Through a
Doubly Dynamic Assignment Model

E. Cascerta, G. E. CANTARELLA, AND M. D1 GANGI

A within-day and day-to-day dynamic assignment model for a
general network has been proposed recently. The model follows
a nonequilibrium approach, in which flow fluctuations are mod-
eled as a stochastic process. It includes a model of dynamic net-
work loading for computing within-day variable arc flows from
path flows. In this paper, the sensitivity and the operational
characteristics of the model are tested by analyzing some effects
of control measures on a small realistic network. The results of
these applications show that the proposed model is a valid tool
to estimate the effectiveness of some traffic engineering measures
and informative systems. It also appears that some control mea-
sures cannot be assessed correctly without the explicit simulation
of the demand elasticity over departure times and of the day-to-
day adjustment process determined by users’ memory and
forecasting.

Recently, the stochastic process approach to the analysis of
transportation system dynamics (Z,2) has been extended to
account for both within-day and day-to-day temporal fluc-
tuations of demand and flows (3). Following this approach
the evolution of the system over time is analyzed rather than
seeking an equilibrium or self-reproducing solution (if any),
as in within-day constant (4,5) and within-day dynamic equi-
librium models. The latter can be developed on the basis of
deterministic (6,7) or stochastic (8,9) users’ behavior models.

The stochastic doubly dynamic model, described in this
paper, allows the simulation of system adjustments following
network modifications, the role of habit in users’ choices, and
the effects of some informative systems and control strategies.
In addition, the model can be extended to cover the case of
real-time informative strategies, allowing users to change their
path en route.

In this paper, the general structure of the model is briefly
outlined. Potential applications to a small real-size network
are then presented to show the effects of traffic engineering
measures, different demand structures and levels, and differ-
ent types of informative systems.

DYNAMIC DEMAND/SUPPLY INTERACTION
MODEL

Day-to-day dynamics refers to system variations occurring
between successive reference periods, which can be part of
the day, (e.g., the morning peak period) or the whole day.

Dipartimento di Ingegneria dei Trasporti, Universita degli Studi di
Napoli, FEDERICO 11, Via Claudio, 21-80125, Napoli, Italy.

In the following, the reference period will be called “day”
and denoted by index “¢”.

Within-day dynamics refers to variations taking place within
the day and is analyzed by dividing the day into n, subperiods.
In the following, the generic subperiod will be called “inter-
val” and denoted by index “A”; with no loss of generality,
the interval length will be assumed constant and equal to T
units of time.

Definitions and Notations

The transportation system is represented by a network; the
generic origin-destination (O-D) pair is denoted by i, the
generic path of the network by k, and the set of indexes
relative to paths connecting the O-D pair i by K.

The total number of users deciding whether, when, and
how to travel between each O-D pair i is denoted by d;; it is
assumed to be known and constant in each day r. Elasticity
of the demand level; that is, changes in the number of users
traveling each day, can be simulated by defining a fictitious
interval (h = n, + 1) corresponding to the choice of not
moving at all. The disutility associated with this alternative is
defined by the utility of not moving at all.

Let F}, be the flow of users following path k and leaving
during interval h of day ¢. These values, arranged in a vector
F', are assumed to define the state of the system at day .
Demand and path flows are related, since

d.»=zzFi,k )]

h  keKi

If p*(h,k) denotes the fraction of users leaving during interval
h of day t and following path k & K, between the O-D pair i,
the path flow can be expressed as:

Fip=d; - ﬁ’(h,k) keK, (2)

An obvious simplification occurs if the demand temporal
profile or the departure time fractions j,(h) are fixed. In this
case, the choice fractions can be expressed as p'(h,k) = pi(h)
- p'(k/h), k € K. Elasticity of the demand level; that is, changes
in the number of users traveling each day, can be simulated
also in this case, by introducing a fictitious path (k = 0)
between each O-D pair to simulate, though only descriptively,
the choice of not moving at all.

Let f!, be the flow on arc a during interval 4 of day ¢, and
JS" the corresponding arc flow vector. In a within-day dynamic



framework, the definition of arc flow is not unique because
time and space averages do not coincide any longer. The
operative definition of arc flow then depends on the modeling
framework adopted for network loading, as reported in the
section on the model of users’ behavior.

The correspondence between arc flows, however defined,
and path flows (network loading mapping) can be formally
expressed as

= ) ©))

Let C}, be the average generalized travel cost on path k
leaving during interval & of day ¢, and C’ be the corresponding
travel cost vector. Path travel costs are generally functions of
the arc travel costs, which in turn are functions of arc flow
vector; therefore, the following formal relationship holds:

C = Cl(/‘l) (4)

Strictly speaking, travel costs are random variables with
average values that can be expressed as a function of arc flows
by means of arc cost functions. The probability of the occur-
rence of a given cost vector conditional to the path flow vector
can thus be expressed by Equation 3 as

PrCIf] = PriCIf(F)) ©)

On the other hand, most assignment models ignore the
dispersion of travel times around their mean values; in this
case, the conditional probabilities in Equation 5 can be sub-
stituted by the usual expression

C = C(F) (6)

obtained by combining Equations 3 and 4.

Stochastic Process Model

It appears realistic to assume that the number of users F, is
an integer. Then, the number of feasible states, that is, path
flow vectors with nonnegative components and consistent with
the demand as defined by Equation 1, is finite.

For the dispersion of users’ behavior and the intrisic ran-
domness of some parameters (number of users, network con-
ditions, travel costs, times, etc.), it is assumed that the system
takes different states in different days. Furthermore, these
states cannot be exactly forecasted by the analyst.

In other words, the actual values of fractions p'(h,k) for a
given day cannot be predicted in advance. Therefore, the
evolution of the system among feasible states in successive
days can be described as a stochastic process, with properties
depending on the hypotheses made on users’ behavior and
network configuration. Interval/path fractions are realizations
of random variables, whose average values are the choice
probabilities p‘(h,k), which can be obtained by a properly
defined model (see the next section for an example).

The probability Pr[F'] that the system is in a given state F*
at day ¢ can be computed, at least theoretically, from choice
probabilities:
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PHF = PrFIp'(h,k) Yh,k] (7)

It can be reasonably assumed that users choose paths and
departure times using information about times and costs that
have occurred in previous days C'~', C'~2, . . . , either be-
cause this is the only available information or because it com-
plements information supplied by an informative system.

If some travelers choose using a real-time informative sys-
tem, choice probabilities depend also on times and costs in-
curred in the current day. More precisely, in the case of a
real-time trip planning system, departure time and path prob-
abilities depend on costs incurred at most up to the departure
interval, in the case of a real-time route guidance system, path
choice probabilities depend on costs up to the arrival time
(computed from the departure time and the travel time). Sim-
ilar conditions occur if an adaptive route choice behavior is
assumed for users. Then the following will result:

p'(h,k) = p'thk)[C, C—1, C'2, .. ]

Moreover, if it is assumed that users have a limited memory,
that is they are significantly influenced in their choices at most
by a limited number (m) of past days, then the following
results are obtained:

p'(hk) = p'th,k)[C,i=10,...,m] ®)

Since path travel times and costs in congested networks
depend deterministically or stochastically on arc flows, it turns
out that the probability that the system is in a given state F'
at day t depends on the states occupied by the system in m
previous days. Combining Equations 5, 7, and 8

PrFIF, F'-1, . . ., =]
= PFIp'(hK)[C7, i = 0, ..., m]] - Pr[CIF]
CPHCYFY - PG R ©)

If path costs are assumed not to be random variables, then

PrFIF—1, . .. Fm)
= P{FIp(hK)[C-\(F-Y, 0 =1,...,m]}

It can be proven, by using results of m-dependent Markov
chains (2) that the process admits a unique stationary prob-
ability distribution and it is ergotic if, in addition to the limited
memory assumption (Equation 8), the following (sufficient)
conditions hold:

1. Choice probabilities, given the same sequence of costs
relative to the previous day, and possibly to the same day,
are time homogeneous, that is, invariant with respect to a
time translation:

p(hl)[C—,i=0,...,m]=p'(hk)C" ", i=0,...,m]
e ="4Li=0,...,m

2. For each pair of different states there exists at least one
sequence of feasible states, with strictly positive transaction
probabilities, from one to the other.
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The stated conditions depend only on the assumption that
behavioral rules are constant over time, and do not depend
on any assumptions about the particular type of users’ choice
behavior and the information available to them, apart from
that of finite memory. In other words, different types of choice
models can be used for departure time and path choice, such
as random utility or noncompensatory models in so far they
do not assume that users’ experience influence their behavior
thereafter.

It is also worth noting that random events modifying net-
work performances, such as accidents and bad weather con-
ditions, can be included in the proposed framework if their
occurrence probability law is stable over time.

Because of the existence and unicity of the stationary dis-
tribution, one distribution of path flows can be associated to
each demand-supply system, independent of the starting con-
figuration. Process ergodicity allows the computation of flow
means and moments through the simulation of only one re-
alization of the process. It is worth noting that the mentioned
properties are satisfied regardless of the type of arc cost
functions.

Obviously it is still possible to study transitions between
two stationary states of the system. In this case, the ergodicity
property no longer applies, and flow moments must be com-
puted over repeated simulations of transients.

The stationary probability distribution of flows could have
different modes, denoting a situation comparable to that of
multiple equilibria. However, in the proposed stochastic proc-
ess approach, the whole probability distribution for each arc
flow can in principle be computed, although in the multiple
equilibria case no method known to the authors guarantees
information on all equilibrium configurations.

Solution Approach

In the following, a solution approach for computing expected
values and moments of time-varying arc flows, both in steady
state and transient conditions, will be described briefly.

Full specification of the assignment model requires a mod-
eling of departure time and path choice, of users’ learning
and forecasting mechanisms, and possibly of the informative
strategy and users’ reactions. Most models proposed in the
literature to simulate the aspects given previously could be
adapted to fit into the proposed framework. For instance,
departure time choice could be simulated by a random utility
model (10) or by the “bounded rationality”” model proposed
by Mahmassani and Chang (11,12). A possible specification
will be described in the next section.

The number of users choosing each departure interval/path
alternative in a given day can be obtained from choice prob-
abilities by using a Monte Carlo simulation or by substituting
probabilities to fractions. In the latter case, the resulting se-
quence is a pseudo realization of a stochastic process. An
obvious simplification occurs when fractions pi(4) are exog-
enously given (prefixed demand profile).

Once that choice fractions and, consequently, path flows
are known for the current day, arc flows can be computed by
a dynamic network loading method, as described in a follow-
ing section. Arc flows allow the computation of travel times
and thus the update of travelers’ information and forecasts to
be used for modeling choice probabilities of the next day.

Flows for each arc of the network and for each interval in
the reference period can be used for two purposes. The first
is to estimate stationary means and moments for arc flows;
the second is to estimate means and moments during tran-
sients caused by any modification in the network, in the de-
mand, or in both the network and the demand.

The reaching of stationarity can be checked by performing
a Student’s-f test on the differences between average arc flows
in each interval over two successive sequences of days.

MODEL OF USERS’ BEHAVIOR
Users’ Choice Behavior

Users’ choice behavior has been modeled by the random util-
ity model proposed by Small (10) and reformulated by Ben
Akiva et al. (I3). This model has been slightly modified to
explicitly introduce a “habit effect” in users’ choices. In par-
ticular it is assumed that each day only a fraction £ of users
reconsider the previous days’ choice, and that they give an
extra utility to the alternative chosen the previous day.

It is assumed that each user deciding how (path k) and
when (departure interval ) to travel at day ¢ associates to
each alternative (,k) a perceived utility expressed by the sum
of a systematic utility and a random residual error.

The systematic utility represents the average predicted util-
ity, whereas the random residual takes into account different
perception errors made by users (e.g., relative to travel times
and costs) and the dispersion of some characteristics withir
the population of decision makers (desired arrival times, re-
ciprocal substitution coefficients, missing attributes, etc.).

The systematic utility V%, can be expressed using a modified
version of the model proposed by Small (10) as the sum of
disutilities relative to the generalized transportation cost and
to early or late arrival penalty:

_i.k = =1 = P} (Buéﬁuk
# MAX{BZi[(Di . 81i) - E;zk]s 0}

+ MAX{B3:‘[ Zk - (D:' + 52;)]7 0}) (10)

Wi = pel0,1] if (h,k) is the alternative chosen the

previous day,

= 0, otherwise this parameter reduces propor-
tionally the disutility for the choice of the
same path and departure time as in the pre-
vious day ¢ — 1, and attempts to capture the
conservative behavior of users;

C,. = average predicted generalized transportation
cost along path k starting during interval 4,
on day t;

By, = average predicted arrival time, starting dur-
ing interval 2 and moving along path k, on
day ¢, computed as (h — 1) - T + T4

T:, = average predicted travel time along path k
starting during interval #, on day f;

D; = desired arrival time, variable with the O-D
pair (and category) i; and



Bii» Bai» By =

reciprocal substitution coefficients, variable
with the O-D pair (and category) i.

This expression assumes that users of O-D pair i have a
tolerance interval [ —9,;, 8,] around the desired arrival time,
and early or late arrivals cause a disutility proportional to the
advance or the delay.

On day ¢ average values of predicted travel time and gen-
eralized transportation cost of path k leaving during interval
h can be computed through duly defined filters, which model
the learning and forecasting mechanisms used by the average
traveler, including the interaction with an informative system,
if any. Different filters can be used for different kinds of users,
for example, commuters versus noncommuters, informed ver-
sus noninformed, and so on.

Systematic utility has been defined assuming the general-
ized transportation cost to be equal to the travel time. The
average perceived travel time has been computed as a weighted
average of the previous day actual travel time T%,' and of the
previous day average perceived travel time 7%,

=1
Ti=72 @ =0Tl + (1 - 1) Th

i=1

=t T+ (1 -1 T' (11)

where T9, = T9, is a starting value. Values of 1 close to one
denote a stronger influence of the previous day travel time.
Similar filters have been proposed by Mahmassani and Chang
(12) and Iida et al. (14).

It has been assumed that each day a prefixed fraction of
users () takes into consideration the possibility of modifying
their previous day choice (but they do not necessarily have
to). The choice probabilities of the users that reconsider their
choice is simulated through a path/departure time nested logit
model:

p'(hk) = p'(h) - p'(kih) (12)
p'(kih) = exp[®,V5, )12 exp[©,V,] (13)
7
p'(h) = exp(0,Y}]/2 exp[0,Y]] (14)
/
where
©, = Weibull-Gumble parameter of the random residual

relative to the pair (h,k),

0, = (/62 + 1/0%)(-V2,

® = Weibull-Gumble parameter of the random residual
relative to the interval /4 only, and

Y, = (1/0,) - In 3, exp[0,V} ] is the logsum variable rel-
ative to interval 4.

I ®, = 0, the above model reduces to the factorialization
of a multinomial logit over the pair (%,k).

As it is known from the logit theory, coefficients @, are
inversely proportional to the standard deviation o; of the per-
ception error in path and departure time choice, respectively.
For each O-D pair values of coefficients ®; have been com-
puted by assuming a prefixed value of the variation coefficient
Cvy;, for each of them:

0, = I/(V6 - 0;) = 1.282/5, = 1.282/(Cv, - V) (15)
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where V is the value of utility obtained by averaging across
all the alternatives, the average perceived utility as given by
Equation 10.

Thus different quality in information can be simulated by
differentiating all the users of each O-D pair in two or more
types (e.g., informed and not informed) with different vari-
ation coefficients, and consequently, different values of ©,.

Users’ Behavior and Informaiive Sysiems

Generally users moving between an O-D pair are assumed to
choose at their origin the departure interval and a path k, to
reach their destination. After leaving the origin, rerouting
during the trip may occur because of adaptive behavior at
duly located diversion nodes (possibly at each node of the
network). Therefore, the actually used path k& may be different
from the initially chosen k,. The choice probability at day ¢,
p'(h,k), can be expressed as

p'th,k) = pi(h) - p'(klh) ke K,

where

pi(h) = probability of choosing departure interval A for
a user traveling between O-D pair /; and
p'(k/h) = probability to follow path k e K, from the origin
to the destination of O-D pair i, once departure
interval & has been chosen (it can be expressed
as the joint probability that the sequence of paths
from the origin to the first diversion node, be-
tween each pair of successive diversion nodes,
and from the last diversion node to the desti-
nation forms path k).

An informative system may supply information or indica-
tions to users before they start (pretrip) or while they are
traveling (en route). Moreover, the informative system can
use exclusively information about the network conditions in
the previous days (static) or combine them with information
about the network conditions that occurred during day ¢ (dy-
namic or real time) before the departure time (pretrip) or the
arrival time (en route). Different classes of users with different
types of available information can be taken into account.

The behavior of users not advised by an informative system
can be modeled through usually adopted users’ choice be-
havior models, as the one described in the previous subsec-
tion. The same kind of models, with a different parameter
specification, can be adopted to deal with users advised by a
static pretrip informative system (an example is given in a
subsequent section).

A slight modification is needed in the case of a real-time
pretrip informative system: Let

plj = h] = pi(h)

be the choice probability that begins the trip between O-D
pair i during interval 4 of day ¢,

s =1 s ith =1
p.-[JEh]{= 1 - z:lp;[j: m] ifh>1
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be the choice probability that a user begins the trip during
interval & or later; and

pili = hj=h] = pihih, h +1,.. .}

be the choice probability that a user begins the trip during
interval A conditional to leaving not earlier than interval .
This can be computed using a choice behavior model (as the
one described in the previous section) assuming as choice set
thyh +1,.. .}

Since

pilj = hj=h] - plj=h]
=plj=hnNj=z=h] =plj=H
the choice probabilities p'(h) can be recursively computed as

) =p(AAL2, .. -
pﬂo{:;mmuh+L..»-Q—-zpmm>

m=

ith=1
ifth>1

Once choice probability pi(k) has been computed, the path
choice probabilities p'(k/h) can be computed through a users’
behavior model. The resulting stochastic process maintains
all the previously mentioned stationarity and ergodicity
properties.

If a static or dynamic en route informative (or route guid-
ance) system is operating for some users, the choice proba-
bilities for the departure interval # and the initially chosen
path k, can be computed as described previously. Then during
the dynamic network loading stage at duly located diversion
nodes (beacons of the route guidance system, or each node
of the network), users are allowed to reroute onto a new path,
and so on, until the destination is reached, according to a
behavior model and the information or indications supplied
by the route guidance system (as better explained in the next
section).

A DYNAMIC NETWORK LOADING METHOD

In this section, a model for dynamic network loading; that is,
computation of time-varying arc flows from a given path flow
pattern in a given day ¢, is described and compared with other
state-of-art models. A solution algorithm is also presented
(3). In the following, superscript ¢ will be omitted for the sake
of simplicity.

Notation

Notations used in this section are as follows. Vectors and
arrays are not explicitly cited.

k = path,
a = arc,
a' = arc (if any) following arc a on path k,
h = interval,
j = interval,
(j,k) = group leaving during interval j and trav-
eling on path &,

fon = arc flow,
F;. = path flow,
l, = running arc length,
4., = queue at the end of interval,
Q., = capacity,
s/ = abscissa on running arc,
u,, = 1, = undersaturation delay,
Van = Vo (f,) = running speed,
wit = waiting time for queuing arc,
Yik = arrival time at arc a,
a . -
Y = arrival time at arc a’,
a'h Py
Zjk = z,,h(y,".) = oversaturation delay, and
ai .

o = crossing fraction.
a

Statement of the Problem

Previously it was stated that the relationship between arc and
path flows in a within-day dynamic context is not trivial. It
was also observed that arc flows are not even uniquely defined
in this case. It is still possible to express the relationship
between path and arc flows, however defined, in a way that
is formally similar to the within-day uniform case.

Denoted by ok e[0,1], the fraction of path flow F,, contrib-
uting to arc flow f,,, named crossing fraction, the flow on arc
a can be expressed by

L = }2}( O‘LIZF}k (16)

If arc a does not belong to path k, or the starting interval
of flow F,, follows interval h(j > k), or flow F,, does not
occupy arc a during interval A, the fraction o is equal to
zZero.

Crossing fractions can be arranged in matrices such as
A, = {aff}%, arc-path crossing matrix between arc-flows dur-
ing interval 4 and path flows leaving in interval j. Denoted
by f;, the arc flow vector during interval # and by F;, the path
flow vector leaving during interval j, Equation 16 can be stated
in matrix form as follows:

h
Jn = }:} Ahj : Fj (17)
=

For the whole day Equation 16 can be expressed as
f=AF (18)

where

f = arc flow vector for the whole day,

F = path flow vector for the whole day, and

A = arc-path crossing matrix for the whole day formed by
matrices 4,; withA,; = O (it h <j, A is alow triangular
block matrix)

It is worth noting that the arc-path crossing matrix A is a
generalization of the usual arc-path incidence matrix, because
the following should result:

nh
> ok, =1 (19)

m=1



if all the users entering the network during interval j leave it
in some interval h = j.

Generally, crossing fractions o5, depend on the definition
adopted for arc flows, the network topology, and the time
needed to reach arc a traveling on path k. Therefore, they
depend on the travel times on arcs preceding arc a along path
k, which in congested networks are function of the arc flows.
Hence, it generally results that

A = A() (20)

Therefore combining Equations 18 and 20 the following
fixed-point problem is obtained:

fr=A")F eay

A dynamic network loading method is essentially an algo-
rithmic definition of crossing fractions, that is of relationship
ok = ok (f) needed to solve Equation 21.

It is worth noting that in noncongested networks in which
travel times and delays are constant and independent of arc
flows, the arc-path crossing matrix does not depend on arc
flows and Equation 21 reduces to f* = AF, as in the case of
within-day constant demand.

Several methods have been proposed to solve the dynamic
network loading problem, which in any case could be solved
by a discrete simulation technique (microsimulation), al-
though at the expense of a large computational effort. Gen-
erally, these methods give different results depending on the
different hypotheses adopted.

Some methods do not explicitly formulate and solve the
fixed-point problem (Equation 21). They are based on a gen-
eralization of network loading procedures used in static de-
terministic user equilibrium (6,7). A different method to in-
directly solve the problem (Equation 21) has been proposed
recently by Vythoulkas (9). This model is based on the dis-
cretization of a differential equation for each arc, expressing
the relationship between the time derivative of the number
of users on the arc and the difference between inflow and
outflow.

All the preceding methods rely on assumptions that do not
rule out some counterintuitive results such as overtaking be-
tween vehicles traveling on the same path and vehicles leaving
in different times. In addition, these methods can hardly be
extended to include en route diversions from the initially cho-
sen path, because of the computational burden of keeping the
identity of diverted path flows.

In the following, a new method for dynamic network load-
ing is described, which directly solves the fixed-point problem
(Equation 21), thus overcoming some of the drawbacks of the
other proposed methods.

General Hypotheses and Definitions

The set of all users leaving in the same interval j and following
the same path k is called group or packet (j,k). All users of
a group are assumed to experience the same trip as the group
leader, whose departure occurs at a prefixed instant (the mid-
dle or the beginning) of the interval. Hence, if an arc is oc-
cupied by the leader of a group during an interval, it is oc-
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cupied by all the users belonging to that group (grouping
hypothesis).

This assumption appears acceptable for usual O-D demand
flows and interval lengths. In any case its realism can be
improved by reducing the interval duration, or by subdividing
a group into smaller units. Currently, an enhanced model for
dynamic network loading relaxing this hypothesis is being
developed by the authors.

In the following it is also assumed, for simplicity, that a
user group follows the path chosen before starting the trip
until its destination is reached. However, the described method
can be easily extended to include while-trip rerouting. In this
case, at duly located diversion nodes (eventually each node
can be a diversion node), group (j,k) traveling on path k may
reroute on a new path k' from the diversion node to the
destination, thus becoming group (j,k — k'). This can be the
result of a simple adaptive behavior or of the interaction with
aroute guidance system, providing indications or information.
In both cases, a choice model is needed to represented users’
reactions resulting in a change from path k to path k'.

Two types of arcs requiring different modeling approaches
will be considered in the following:

® Running arcs (e.g., a stretch of a street): for which the
time needed to leave the arc is continuously spent along its
length; and

® Queuing or waiting arcs or bottlenecks (e.g., a junction
approach): for which delay occurs only at the end of the arc,
assumed of null length, because of queuing due to capacity
constraints.

Obviously the simwated network can include both types of
arc.

Let v,, be the average running speed on running arc a, with
length /,, during interval 4. Running speed is assumed to be
the same for all users traveling on the arc during interval A
(equal running speed hypothesis), regardless of when they
have entered the arc.

Let u,, be the undersaturation delay for queuing arc a,
during interval 4. Undersaturation delay is assumed to be the
same for all users entering the arc during interval h (equal
undersaturation delay hypothesis) regardless of when they have
entered the arc.

Let 2% be the oversaturation delay for group (j,k) joining
the queue at bottleneck arc a during interval A. It is assumed
to be equal for all the users of group (j,k) (group specific
oversaturation delay hypothesis) and depending on the arrival
time of group (j,k) at arc a during interval 4. For undersaturat-
ed conditions, the oversaturation delay is equal to zero.

Group Movements on the Network

Let y/% €[0,T] be the arrival time of group (j,k) at arc a during
interval £. It is meaningfully defined only if arc a belongs to
path k and interval j precedes interval h, that is j = h (other-
wise it is assumed equal to zero by convention). In the fol-
lowing it is always assumed that arc a belongs to path k, and
interval j precedes interval &, that is j = h. Let g’ be the arc
(if any) following arc @ on path k. Naturally the exit time
from arc a of group (j,k) is equal to the arrival time at arc

!

a.



Cascetta et al.

If group (j,k) has not yet reached arc a during interval A,
yik = 0; vice versa if group (j,k) has already left arc a before
interval A, y’k = T. Moreover, it is assumed that the arrival
time is equal to zero for the first arc occupied during interval
h.

The difference, T — yi, between the interval length T and
the arrival time y/ at arc a is the time still available to group
(j,k) to move on arc a during interval h.

A group (j,k) arriving at a running arc a during interval A
needs a time /,/v,, to entirely cover the arc. It can be proven
that the exit time from arc a [or the arrival time at the next
arc a’ (if any) on path k)] and the abscissa reached on arc a
by group (j,k) by the end of interval h are given by (also
shown in Figure 1)

y{zlfh MIN[TS y,nlil + (la - s{:;l*l)/vah] (22)
st = MIN[L,, sl + (T = yi5) * Vil (23)

assuming that

yi% = 0if arc a is the first occupied by group (j,k) during
interval k;

yik = 0if group (j,k) has left from arc a before interval 4;

yik = Tif group (j,k) has not yet reached arc a by the end
of interval h;

sk =10

g% = 0if group (j,k) has not yet reached arc a by the end

of interval h; and

I, if group (j,k) has left from arc a by the end of

interval A.

il

ik
St

If group (j,k) enters queuing arc a during interval A, the
time needed to exit the arc is equal to the total delay: u,, +
2% . whereas the time still available to move is given by the
difference T — y’%.

If u,, + 2% = T — yik, group (j,k) leaves arc a during
interval & and enters the next arc a’ (if any) on path k at time

Vi = Vi + Uan + 2, (24)
Vice versa, if T — y¥% < u,, + zJ%, it remains on the arc. Let
Wln’;n = Uy + zﬁll;a i (T . y'g;v) = 0 (25)

be the time needed by group (j,k) to leave arc a at the end
of interval h (residual waiting time).

If group (J,k) is still on queuing arc a at the beginning of
interval 4 + 1, it should stay queuing for a time wi. If it
results that 7' = wi | the exit time from arc a for group (j,k)
or the arrival time on the next arc a’ (if any) on path k is
given by

Vikner = Wi (26)

otherwise it should stay on arc g for a time

Wiher = Wi, = T 27)

If group (j,k) reaches its destination during interval A, it
leaves the network and it turns out that s = [, or wk = 0
for all arcs on path k, and m = h. Groups that do not reach
their final destination by the end of the reference period can

be left on the network without any loss of generality.

Computation of Crossing Fractions

To compute crossing fractions from running speeds and delays,
an operational definition of arc flows has to be formulated.

7S a

-
K
Vaht1
la
a
Sia.:,‘ Vah
+ { +—> @)
h hl
¥ T 4+ T $-
jk Kk
Yah y;’ el

-

—t

FIGURE 1 Group movement for a running arc.
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For the grouping hypothesis, the average number of users
per unit of time on running arc a during interval £ is given
by

(ZF,k-T-LTagk,,(t)dz)/T

Where

8% (1) = 1if group (j,k) is on arc a at time £; and
3% (¢) = 0 otherwise.

Moreover, for the equal running speed hypothesis, the time
spent by group (j,k) on arc a during interval # is equal to the
traveled length divided by the average running speed, that is

T
[ o0y e = (st~ ot v

Therefore, the average density on arc a during interval A,
which is equal to the average number of users per unit of time
divided by the arc length, is given by the expression
2[:]/( (sl — o) (Vant 1)
jk

The flow f,, on running arc a during interval 4 can be
defined as the product of the average density and the average
speed:

fah = Zk F}'k ’ (sjalz i s{zl;lfl)/la
i

Therefore from Equation 16, it turns out that

k — {cjk ik
ok, = (st — sﬁz(h—l))/la

Also from Equation 23 it turns out that

ik ( ik ik
OIS 1\ Vo Vi)

= MIN{(T — yi5): Vanllor (1 — s /1)} (28)
Moreover it results that
s, = sl o+ ol -, (29)

Similarly for a queuing arc, the flow can be defined as the
time average in flow. For the grouping hypothesis, it turns
out that if group (j,k) reaches arc a during interval A, the
corresponding crossing fraction is equal to one, it is equal to
zero otherwise:

— 1 — ik

() {: QT — o O (30)

For both types of arcs, if group (j,k) stops on arc a during
interval A, it turns out that o/ = 0 for any arc i following arc
a on path k. If group (j,k) reaches its destination, it exits
from the network and it turns out that o/, = 0, m > h,
acek.

It can be proven that this relationship is satisfied by the
preceding proposed definition of crossing fractions, for groups
leaving the network by the end of the simulation period.
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Solution Approach

In this section, the crossing fraction definition described in
the previous section is used to build up a fixed-point for-
mulation of the dynamic network loading problem, according
to the considerations in section, “Statement of the Problem.”

Summarizing the results of the preceding section, the cross-
ing fraction of group (j,k) on a running arc depends on the
running speed and the arrival time at that arc. On the other
hand, for a queuing arc, the crossing fraction of group (j,k)
depends on the arrival time at that arc.

In turn, according to next preceding section, the arrival
time of group (j,k) at arc a can be sequentially computed for
each arc of a given path from running speeds and delays, by
Equations 22 through 27.

Hence crossing fraction o% is a function of running speeds
and delays on arcs preceding arc a on path k. In the case of
a running arc it is also a function of the running speed on that
arc, whereas if it is rclative to a queuing arc it does not depend
on the delay on the same arc. Then, it generally results that

ol = ol (sih 1, Wik 1, Vi, W, Z) (31)
where v,, u,, and z, are, respectively, the vectors of running
speeds, undersaturation, and oversaturation delays occurred
on the network during interval A.

Average running speed is assumed to be function of the

vector of the arc flows during interval A, f,, through usually
adopted cost-flow functions:

Van = Vap (fh) (32)
The undersaturation delay is assumed flow-independent:
Uan = ﬁah (33)

According to a fluid approximation deterministic model, it
turns out that

Z{zl;r = Zah(qahﬁlafahay{zl;i (34)
= MAX[(quhfl/Qah + (fah/Qah - 1) yjalil)’o]

where
q.,» = queue on arc a at the end of interval 4 (assuming

an = 0);

capacity of arc a during interval h (it can vary in
different intervals, for example in the case of a var-
iable traffic light system).

i

Qah

Therefore, the expression for crossing fractions can be for-
mally rewritten as

ol = oG (s W1, Gan—1, i) (35)

If crossing fractions are sequentially computed through this
equation for each interval k, values &% _,, w ., and q,,_,
relative to previous intervals are known. In this case, there-
fore, the only unknown arguments are arc flows relative to
interval A, and it results that

o, = ol (fi) (36)
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Combining Equations 36 and 16, the fixed-point problem
(Equation 21) is obtained, which can be decomposed in a
sequence of fixed-point problems since A is a low-triangular
block matrix:

f;rk = ; Am(fif') ’ Fj (37)

Each of the problems (Equation 37) can be solved by usual
fixed-point methods, as described in the following algorithm:

=00 = fo
REPEAT
=4+ 1

el = i A, (S F,
O = (a + Bl) - e® + (1 = (o + BN)) - f4-V

UNTIL f® — f6é-V < ¢

fo = fO
where
Jo = assigned arc flow pattern,

& = assigned tolerance vector, and
a, B = parameters in the range [0,1].

It is worth noting that the results of the algorithm are not
affected by the sequence in which groups are examined and
loaded on the network.

Comparisons of this algorithm with alternative specifica-
tions and an analysis of effective values for parameters « and
B are reported elsewhere (15). In the following, o = 0.10
and B = 0.00 will be adopted, and the initial flow pattern is
assumed equal to the average flow pattern over the previous
days for the same interval. :

NUMERICAL EXAMPLES

In this section some results relative to an application of the
proposed procedure to a realistic network are described briefly.
The test network refers to the town of Battipaglia, Italy, with
about 30,000 inhabitants. Supply data are relative to the real
network, global O-D demand has been generated through a
simple gravity model, and choice behavior has been modeled
by adapting literature models, as described previously.

This example aims to test the proposed procedure on a real
case. For this reason no specific conclusions about the case
studied or comparisons with observational data are reported.

Test Network

The network used to test the model is shown in Figure 2. It
has 62 nodes, 168 arcs, 269 O-D pairs, and is connected by
891 paths. A total travel demand of 4,970 users was consid-

e centroid

O node

FIGURE 2 Test network.

ered. The parameters adopted for the choice behavior model
described previously are as follows:

Fraction of users reconsidering  Parameter

Their previous day choice Q=05

Reciprocal substitution coeffi-

cients B, =1,B,=1,and B, = 4
Logit variation coefficients Cv, = Cv, = 0.20 + 0.40
Extra utility weight w = 0.10
Filter parameter T = 0.90

Davidson’s cost functions were adopted for running arcs
giving:

Vah(fnh) . va/[l A 02 'fah/(Qah i fah)]

where v, is the free-flow speed and Q,, is the arc capacity.
The value 0.2 is a calibration parameter that should be esti-
mated by using actual data. For f,,/Q,, = b, (with b, positive
and less than one), the tangent approximation has been con-
sidered to avoid computational problems with asympotic func-
tions. The greater the value b,, the more sensitive to conges-
tion the function is. In the following a value 0.80 is used,
unless otherwise stated. For simplicity, no bottleneck was
introduced in the network.

The simulation period lasts 60 min (the morning peak hour
from 7:30 a.m. to 8:30 a.m.). It has been divided in 12 intervals
with a length T = 5 min. Users are allowed to leave in the
first 6 intervals (from 7:30 a.m. to 8:00 a.m.); the last 6 in-
tervals have been included for system clearing—to allow all
users to reach their final destination. A common decided
arrival time has been assumed equal to 7:50, with §, = 2.5
and §, = 2.5.

The stationarity test was adopted on the basis of the com-
parison of the arc flow time means over two successive
10-day periods. Longer periods are not efficient, because they
delay the time at which stationarity is recognized. On the
other hand, using shorter periods the results of the test can
be affected by periodic solutions.
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Simulation of Traditional Control Strategies

The effects of some modifications in demand and supply have
been simulated to evaluate the capabilities of the proposed
model. Simulation scenarios were generated as follows:

® N1—an increase of total demand from 4,970 to 6,608;
and

@ N2—an increase of tolerance 8, = 8, = 7.5.

Case N1 is aimed at showing the effects of an increase of
congestion, and case N2 represents a demand management
measure (flexible work times).

The excess generalized cost (computed according to Equa-
tion 10) and travel time per user—difference between the
actual and the zero-flow values—are compared with the re-
sults obtained without any modifications (STD) in Table 1,
together with the average percentual changes in departure
time and path demand patterns over successive days. Two
different values of the variation coefficient of perception error
(Equation 15), Cy = 0.20 + 0.40, were used.

As expected, an increase of travel demand causes an in-
crease of the generalized cost and travel time per user (case
N1).

An increase of the tolerance band causes a significant re-
duction of generalized cost per user, and a smaller decrease

L -
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TABLE 1 COMPARISON OF DEMAND MANAGEMENT
STRATEGIES

Excess Excess Changing

General Cost Travel time users

(min) (min) (fraction)
Cv 0.20 0.40 0.20 0.40 0.20 0.40
STD 5.39 6.77 3.48 2.37 .002 .000
N1 6.94 8.36 3.40 3.65 .010 .000
N2 4.46 5.14 3.00 3.25 .000 .010

of travel time. The first effect is a result of the reduction of
late or early arrival penalty for users keeping their departure
time, whereas the second one can be attributed to elasticity
over departure times and a reduction of congestion (case N2),
as shown in Figures 3 and 4, which report the departure (con-
tinuous line) and arrival (dashed line) profiles for cases N1
and N2.

Generally it seems that quite different values of the coef-
ficient of variation of perception errors cause not great mod-
ifications of costs.

In all cases, the modifications in the demand structure with
respect to the previous day values are very small, confirming
the substantial stability of the day-to-day adjustment process
adopted in spite of the quite high influence of the previous

]
—— |
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FIGURE 3 Departure and arrival profiles for case N1.
demand
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FIGURE 4 Departure and arrival profiles for case N2.
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day information in the memory filter (r = 0.9 in Equation
20).

Simulation of Informative Control Strategies

Using the travel demand value equal to 6,608, the effects of
the introduction of a pretrip informative system based on
historical data has been modeled. The drivers’ reactions to
the information provided was simulated by eliminating their
inertia to change (the fraction Q of users reconsidering the
previous day choice was set equal to one, and no “habit”
externality was considered, p = 0) and by assuming a much
lower dispersion in their choices with respect to the “‘predicted
costs” given by the system, Cv = 0.05. Moreover it has been
assumed that time and cost forecasts supplied by the inform-
ative system are less dependent on the recent past (filter pa-
rameter T = 0.50 in Equation 20).

Some scenarios were examined considering different “mar-
ket penetration” of the informative system:

@ T1—1 percent of users are informed,

@ T2—10 percent of users are informed,

e T3—50 percent of users are informed,

® T4—90 percent of users are informed, and
@ T5—100 percent of users are informed.

The results are reported in Table 2, together with the results
of case N1 as reference (i denotes informed users).

As expected, informed users experience lower generalized
costs than noninformed ones (with a reduction of about 20
percent), and a small increase of travel time, since they have
a better perception of the trade-off between travel time, even
in congested intervals, and early or late arrival penalty. As

demand
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TABLE 2 COMPARISON OF INFORMATIVE STRATEGIES

Excess Excess Changing

General cost Travel time users

(min) (min) Fraction
Cy 0.20 0.40 0.20 0.40 0.20 0.40
N1 6.94 8.36 3.40 3.65 .010 .000
T 6.94 8.35 3.39 3.65 .010 .000
? 5.45 5.51 3.72 3.97 .020 .000
T2 6.79 8.39 3.30 3.53 .005 .010
i 5.35 5:57 3.67 3.88 .018 .024
T3 6.37 7.67 2.93 2.93 .002 .000
i 4.88 491 3:27 3.33 .006 .000
T4 6.40 7.53 2.47 2.38 .000 .000
i 4.87 4.85 2.90 2.90 .006 .003
T51i 6.51 6.51 2.65 2.65 .010 .010

NoTE: * denotes informed users.

an example, Figure 5 shows the departure and arrival profiles
for case T2 for noninformed users (above) and informed users
(below).

In addition, for more than 50 percent of informed users,
generalized costs decrease for both types of users, as the
fraction of informed users increases, leading to conditions
which are better than the case N1. However, the difference
between noninformed and informed users is not greatly af-
fected by the fraction of informed users.

All these effects occur both for low (0.20) and high (0.40)
values of the variation coefficient of the perception error of
noninformed users; the value of this parameter does not affect
the level of costs of informed users, a reduction of about 20
percent and 30 percent, respectively, occurs in comparison
with noninformed users.

To show the sensitivity of the network to travel time func-
tion specification, the same scenarios have been simulated

NONINFORMED USERS

interval
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FIGURE 5 Departure and arrival profiles for case T2 (b, = 0.80).
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FIGURE 6 Departure and arrival profiles for case T2 (b, = 0.90).

assuming a value b, = 0.90 instead of 0.80, considering only
the lowest value for the variation coefficient for noninformed
users. These results are shown in Table 3. The results of the
previously examined cases are generally confirmed. However,
as a comparison with the results in Table 2, an increase occurs
more in generalized cost than in travel time, since the values
of travel times for arc flows close to capacity are higher and
the users should spread their departure times to avoid conges-
tion, thus less users can be on time. As an example, Figure
6 shows the departure and arrival profiles for case T2 for
noninformed users (above) and informed users (below).

The preceding results, although inconclusive, indicate that
informative control strategies may lead to better system con-
ditions, in addition, as the fraction of informed users increases
the performance of the system as a whole may become better
both for informed and noninformed users.

TABLE 3 COMPARISON OF INFORMATIVE STRATEGIES

Excess Excess
General cost Travel time Changing users
(minutes) (minutes) Fraction
Cv 0.20 0.20 0.20
N1 8.70 3.84 .010
T1 8.70 3.83 .010
i 7.27 4.14 015
T2 8.66 3.78 .000
i 7.24 4.10 .000
T3 9.07 3.48 .036
i 7.62 3.81 .074
T4 7.68 2.82 .021
i 6.04 3.41 .060
T5i 6.08 3.38 .048

NOTE: % denotes informed users

CONCLUSIONS

In this paper some applications of a model recently proposed
for the doubly dynamic traffic assignment to a transportation
network are described. In particular, the model has been
specified and used to simulate the effects of different control
measures, ranging from flexible working times to a trip plan-
ning informative system on a small but realistic network.

Although the results are by no means conclusive as a result
of the exogenous assumptions made especially about users’
bchavior, they appear to give somce insights about both the
potential of the model and the effectiveness of alternative
control measures.

The results show that the proposed model is a valid tool to
simulate the relevant effects of control strategies in different
scenarios. It also appears that some control measures cannot
be correctly assessed without the explicit simulation of the
demand elasticity over departure times and of the day-to-day
adjustment process based on users’ memory and forecasting.

The effectiveness of an informative system appears to be
greatly affected by the type of users’ behavior and by the
informative strategy followed. Also, the type of control strat-
egy and memory depth play an important role on the network
performance.

The results suggest that a careful evaluation is needed to
assess the effects on the network performance and the benefits
of informative control strategies, and that the impacts on both
informed and noninformed users should be taken into
account.
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Effectiveness of Information Systems in
Networks With and Without Congestion

Rupr HAMERSLAG AND Eric C. vAN BErRkUM

The use of road transport informatics (RTI) is a recent devel-
opment thal optimizes the vuse of existing facilities in the trans-
portation system and serves three main goals: alleviation of
congestion, diminution of air pollution, and reduction of inci-
dents. RTI instruments deal with traffic information. Examples
of RTI systems are pretrip planning, roadside displays, radio data
system—traffic message channel, and in-car navigation. To model
the effects of providing the road user with information a method
is used in which stochastic and deterministic assignments were
compared for both networks with and without congestion. To let
information also effect destination choice and the spatial distribu-
tion of activities, the assignment models were combined with
different distribution models. The amount of information that
travelers have was translated to a “level of uncertainty’ measure.
The more informed a traveler is, the lower the level of uncer-
tainty. Since the effects appeared to be network dependent, a
number of different networks were examined. Simulations show
that the amount of kilometers driven decreases when travelers
are provided with better and more information.

The use of road transport informatics (RTI) is a recent de-
velopment that optimizes the use of existing facilities in the
transportation system and serves three main goals: alleviation
of congestion, diminution of air pollution, and reduction of
incidents. RTI instruments deal with traffic information. Sys-
tems such as pretrip planning, roadside displays, radio data
system—traffic message channel, and in-car navigation are all
part of RTI. From a planners’ viewpoint, it is essential to
know the possible impact of RTI on the traffic system. One
way to predict effects of RTI is to model individual travel
behavior and to incorporate information explicitly as a model
component. In this way, the effect of information on travel
behavior can be simulated. Before this can be done, however,
it is necessary to model the current situation, in which the
traveler is not perfectly informed and therefore makes non-
optimal choices.

In many existing models it is assumed that people have
perfect knowledge of all travel alternatives. This assumption
means that the usefulness of providing information to trav-
elers cannot be determined. In the approach presented in this
paper, the classic four-stage model is central. The key issue
is, however, that the perceived travel times instead of the
objective travel times are being used in all stages. Therefore,
a measure of uncertainty is introduced. Uncertainty affects
not only route choice, but also destination choice and the
spatial distribution of activities. A further assumption is that

R. Hamerslag, Departments of Civil Engineering and of Mathematics
and Informatics, Delft University of Technology, P.O. Box 5048,
2600 GA Delft, The Netherlands. E. C. van Berkum, Bureau Gou-
dappel Coffeng, P.O. Box 161, 7400 AD Deventer, The Netherlands.

information reduces uncertainty. So by using models in which
route choice, distribution, or location of activities, or all three,
are influenced by the (perceived) travel times and the out-
comes for different levels of uncertainty are compared, it is
possible to get an insight in the effects of information.

RELATED STUDIES

In recent years, many approaches have been presented to
provide insight into the possible benefits of information sys-
tems in transport.

The feasibility of the Comprehensive Automobile Traffic
Control project (1) was studied by using a simulation model
in which the noninformed users choose their route on the
basis of various factors, such as travel time, length of the
route, number of lanes, number of turns, and so on, and the
informed users choose their route solely on the basis of travel
time. It was found that in Tokyo travel time could be reduced
by 6 percent and fuel consumption by 5 percent. Tsuji et al.
(2) investigated the effectiveness of a route guidance system
by using a mathematical model. Among other factors, they
used travel time reduction as a measure of effectiveness. The
outcomes, however, must be related to the heavy assumptions
undcr which the model is valid. The reduction in travel time
was found to be 11 percent. van Vuren (3) tried to model the
effectiveness of route guidance by using a multiuser class equi-
librium and stating that the noninformed users behave greed-
ily, as in an deterministic user equilibrium, whereas the in-
formed users behave according to the principle of a system
optimum. The results were found to be unrealistic because
the uninformed users were better off.

Koutsopoulos and Lotan (4) modeled the impact of infor-
mation on travelers by using a stochastic user equilibrium and
stating that information systems reduce the variance in travel
time. They found a reduction in travel time of about 5 percent,
dependent on the assumed reduction in variance.

Mahmassani and Jayakrishan (5) modeled the effectiveness
of a real-time information system on a small test network with
three parallel highways and a number of switching possibili-
ties. The researchers chose one information supply strategy
and focused on the users’ reaction by defining them as bounded
rational individuals. An important result was that the system
performance might actually worsen by myopic local actions
of the drivers. Van Berkum and van der Mede (6) presented
a dynamic approach that simulates rational, uncertain, per-
sistent individuals who base their decisions on experience and
have a limited knowledge of alternatives.



Hamerslag and van Berkum

The approach that is followed in this paper is an extension
of the work of Koutsopoulos and Lotan (4). The situation of
recurrent congestion was also studied in this research. But
whereas Koutsopoulos and Lotan restricted the effects of bet-
ter information to route choice, the impact on destination
choice and the location of activities has also been studied here.
Another difference is that the amount of uncertainty in their
approach was initially too small. Further, they examined one
network, whereas different networks are studied here. Be-
cause the results are network dependent, it is difficult to com-
pare results, but the results they found on route choice are
on the same order of magnitude as the results presented in
this paper. The results gained from the present research are
not comparable with the results found by Mahmassani and
Jayakrishan. They studied the reaction of people on dynamic
traffic information that reports the actual traffic conditions.
When drivers react myopically, this information becomes in-
valid. An adjustment process will occur, which in the end will
lead to an equilibrium. This equilibrium is focused on in this
paper. This further implies that the information given to the
drivers is in some sense not real-time information but rather
future-time information.

MODELING APPROACH
General

The main hypothesis of this study is that the fact that people
are uncertain about travel times on links has more effects than
only on route choice. There will also be effects on destination
choice as well as on the spatial distribution of activities. People
make trips because they want to perform activities that are
spatially separated. In the traditional four-stage models, the
spatial distribution of activities is fixed. In this study models
are used that include the spatial distribution of activities as
endogenous. Users choose a route by minimizing some meas-
ure of cost. In this study travel time will only be used as cost.
Travelers do not possess perfect information about the net-
work they travel on. This means that people do not minimize
the objective time but rather the perceived travel time.

Destination choice can also be modeled by using a cost
minimization procedure (8). Because of the observation made
previously, this means that in determining the origin-
destination (O-D) flows, the perceived cost or travel time
must also be used. A basic assumption here is that route choice
is made on the basis of the same perceived travel times as
destination choice and the location of activities are made.
Traffic information affects the perception of travel times in
the network. The perceived travel times will be modeled as
stochastic variables whose distribution is influenced by the
amount of available information.

The approach that has been followed uses the traditional
four-stage model as a basis, although an adjusted form has
been developed. The following assumptions are therefore
needed:

@ All people base their decisions on what they know; and
@ People base their route and destination decisions on the
same perceived travel time.
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In order to make the approach not too complex the following
limitations have been adopted:

® The total number of trips is constant under all levels of
uncertainty;

@ All people have access to the same level of information;

e Information is assumed to be good and true; and

@ No distinction has been made between different modes
and purposes.

Route Choice

Link travel times on the network are defined as stochastic
variables. The variance in travel times—that travel times are
unpredictable to a certain extent—may be understood as un-
certainty of travelers. Consequently, users will have different
perceptions of travel times on the links.

A deterministic user equilibrium (DUE) can be defined as
the situation in which no traveler can improve his or her travel
time by unilaterally changing route (9). This definition as-
sumes that every traveler has an exact knowledge of travel
times and flows on all links in the network. A stochastic user
equilibrium (SUE) can be defined as the situation in which
every traveler thinks that he or she cannot improve the travel
time by unilaterally changing routes (9,10). This definition
assumes that travelers have different perceptions of travel
times. Comparing a SUE with a DUE enables estimating the
effect of providing information to travelers (or reducing their
uncertainty) on the traffic system (4,11), because this com-
parison can be translated as comparing travelers with exact
knowledge of all travel times in the network with travelers
with different perceptions of travel times in the network.

In networks without congestion the DUE assignment be-
comes a simple all-or-nothing assignment, where the SUE
assignment becomes a classic stochastic assignment (12,13).
The impedance Z,, of a link a in a network for person p is a
function of a number of variables X, such as time, cost, and
distance and their relative importance 3, plus some measure
of uncertainty. We define

Zap = ; Bk ’ Xak i enp (1)

where e, is a noise term. The resulting route choice model
depends on the distribution of ¢,,. It is supposed that e,, is
normally distributed with mean 0 (13), which yields a probit
model for route choice. The introduction of the noise term
e,, can be explained by stating that (a) behavior cannot com-
pletely be explained by all X,’s, (b) individuals have different
perceptions of the X,,’s and their relative importance there-
fore may differ, and (c) individuals are uncertain about the
exact value of the X, ’s, especially because these values differ
in time. Instead of impedance, generalized cost, or general-
ized time only travel time will be considered as a measure for
deterrence in this study.

The travel time on a link a in a network without congestion
is

Z,=2,+ o« R VZ, )
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where

Z, = mean travel time of link a,

draw from a normal [N(0,1)] distribution, and

a = factor determining the variance (from now o will be
called level of uncertainty).

=
Il

The value of a is dependent on the chosen dimension (/4).
Given an O-1) matrix, o can be determined by comparing
true with model flows. When the dimension is minutes, it has
been estimated that 0.5 < o < 1 for a regional network with
relatively few alternative routes (15). Furthermore, Bovy (14)
developed an efficient methodology for estimating o from
observed flows.

In reality the uncertainty will, among other things, be a
function of the frequency with which a person travels between
a certain O-D pair. The lower the frequency, the higher the
uncertainty. In this study, the uncertainty is assumed to be
equal for all travelers.

The travel time of a link in a network with congestion is

Z,=2Z +a-R-VZ, 3)
with

4
" 9a
Z,,~Z,,[1+T<C>] 4)
where

Z, = the mean travel time of link a,
g, = the flow on link a,
¢, = the capacity of link a,
R = a draw from a normal [N(0,1)] distribution,
a = the level of uncertainty, and
7 = a parameter dependent on the definition of capacity.

Destination Choice and the Location of Activities

Because the distribution process is a utility maximization pro-
cess (or disutility minimization), information will also have
impact on destination choice resulting in a distribution of flows
and the location of activities. In this study, the following
interaction model with elastic constraints is used (16):

min 2, (2 T, —m " -A,) + > (Z Ty =ik Di) (5)

Subject to
T; = 6lmQ.X, exp[—0.4 In*(Z, — d; + 1)] (6)
where
T;; = number of trips between i and j,
I, m; = equilibrium factors,
Q:, X; = polarities,
Z,; = objective travel time between 7 and j,
A; d; = arrivals and departures, and
d,; = difference between objective and perceived travel

time between zones i and j.
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In solving the model, the terms 1/(1 + g) and 1/(1 + h)
become important. These terms will be called elasticities. Thus
when g and h are both 0 the elasticities become 1 and the
model turns into the classic gravity model with fixed con-
straints. To coordinate spatial planning, transportation de-
velopment, and spatial development, the model with elastic
constraints was developed. The value of the equilibrium fac-
tors in Equation 6 is a function of the extra effort needed to
comply with the constraints. In poorly accessible areas, the
value is high and, inversely, in easily accessible areas the value
is low. When the number of arrivals and departures is seen
as dependent, though not exclusively, on the accessibility, the
objectives in Equation 5 must become elastic.

Combining the Assignment and the Distribution Model

To determine the effects of information on route choice, route
and/or destination choice, and/or the location of activities,
the following models must be compared:

@ In the case of no congestion, a distribution model with
and without elastic constraints will be compared with the same
model but combined with a stochastic Burrel assignment.

® In the case of congestion, first the DUE assignment will
be combined with the distribution model without (10,17) and
with elastic constraints (8). Second, the same combination
will be made, but with the SUE assignment.

To combine a SUE assignment with a distribution model,
including the assumption that both models deal with the same
perceived travel times, it is necessary to determine how the
perceived travel times must be used in the distribution stage.
In the proposed distribution model there is one value for
travel time between each O-D pair. In reality this travel time
is different for every individual (perceived travel time). Start-
ing with Z;,, the perceived travel timc between i and j along
route r of person p, person p chooses that route with the
smallest perceived travel time. Therefore, it holds that

Z

i.p

= minr Zijrp (7)

Suppose the population B is divided in two groups, B1 and
B2. Persons belonging to B1 find route ! the best, and persons
belonging to B2 do not, so

Zipy=Z;,,YpEBlandr # 1 (8)

ijlp ijrp

For persons belonging to B2 it holds that

Zy,=z2,,Yp€EB2 %)
So
Zjp = Zy, YV p € (B1UB2) (10)

Suppose there are N persons in B, then

1 1
zZ, = = g Z,,and Z,, = 5 % I (10.1)
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Using Equation 10 it holds that
7= Ziy (10.2)
The same result can be derived for every route r, so

Z, = Zy Vr (11)
Thus the perceived travel time between any O-D pair used in
the distribution stage is always less than or equal to the per-
ceived travel time of any of the chosen routes between the
OD pair.

The difference between the best route and the travel time
between an O-D pair is dependent on the network. When,
for instance, one route is by far the best so that every traveler
between that OD pair will choose that route, the equal sign
in Equation 11 holds for this particular route. When there is
a spreading over the routes for all r the less than sign will
hold. When the level of uncertainty o becomes larger, the
spreading in routes becomes larger and Z; will decrease, or
in other words the difference between model travel time and
the mean perceived travel time of the objectively seen best
route (which is by definition the objective travel time of the
best route) becomes larger. So in the distribution stage the
following travel time is used:

V4 d

i if

Where Z; is the mean perceived travel time of the objectively
seen best route between zone i and j; d;; is an increasing
function of o (obviously when o = 0, also d; = 0).

Models and Algorithms

To study the effects of more or better information on route
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rium assignment with a given, fixed O-D matrix. To study
the effects on destination choice and on the resulting O-D
flows too, the “A + D model” is used. In this model, a
stochastic equilibrium assignment and distribution with fixed
constraints are combined. In the O-D matrix, the numbers
of departures and arrivals are fixed for each zone. The cell
volumes solve Equation 5 subject to Equation 6 with g =
h = 0.

To study the effects of activities on the locations, the “A +
D + L model” is used. In this model, a stochastic equilibrium
assignment and distribution with elastic constraints are com-
bined. In the O-D matrix, the numbers of departures and
arrivals are variable for each zone, but the total number of
trips is fixed. The cell volumes solve Equation 5 subject to
Equation 6 with g and 4 not necessarily equal 0.

In Figures 1 through 4, the separate algorithms for the
congestion situation are depicted. Basically, the methodology
as proposed by Evans (/7) is followed. The steps that have
to be executed more than once because the draw must take
place m times have been depicted with a thick line. In the
case of no congestion, the step where new travel times are
computed becomes trivial.

A generalized description of the used algorithm is

1. Read network;

2. Draw link travel times for every link;

3. Determine travel times from shortest routes between

every O-D pair;

4. Repeat No. 2 and No. 3 m times;

5. IF model = A THEN
read O-D matrix

ELSE determine mean travel times with the travel times

per draw determined in No. 3. Determine O-D ma-
trix with elastic constraints (A + D + L) or with
fixed constraints (A + D) using a Gauss-Seidel in-
teration procedure to solve Equation 5 subject to

choice the “A model” is used, which is a stochastic equilib- Equation 6;
CAR LINK RANDOM
NETWORK TIMES FUNCTIONS
ROUTES
oD~

MATRIX
A-O-N
FLOWS

CAPA- DELAY FLOWS o[FLows

CITIES TIMES

FIGURE 1 A model, congestion.




CAR LINK RANDOM
NETWORK TIMES FUNCTIONS
TIMES
OD PAIRS
ROUTES
oD~ — ACTt-
MATRIX VITIES
A-O-N
FLOWS
CAPA- HELAY FLOWS FLOWS
CITIES ~TIMES
FIGURE 2 A + D model, congestion.
CAR LINK RANDOM
ETWORK TIMES FUNCTIONS
TIMES
0D PAIRS
ROUTES
oD- ACTI-
MATRIX VITIES
A-O-N
FLOWS

CAPA- DELAY I FLOWS
_CITIES TIMES

FIGURE 3 A + D + L model, congestion.

Entity that Is exogeneous in the model

Entity that Is endogeneous In the model

The thick arrow means that |t must be performed
several times, l.e. once for each draw.

[ ]
[ ]

FIGURE 4 Explanation for Figures 1 to 3.
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6. Subdivide the O-D matrix in m equal parts and load them
to the routes determined in No. 3, yielding loads q} for link
a,

7. load link a in iteration i the network with ¢! =
[g:! - G — 1) + qulli;

8. In case of congested networks: determine new travel
times; and

9. Go to No. 2 until stop criterion is reached.

EXPERIMENTS

The experiments were performed using the research facilities
of the Teacher Friendly Transportation Programs V90.2 (19).
In the stochastic assignments m, the number of draws was 4
and the number of iterations was 8. Because for every tree
of shortest paths, new travel times were drawn, the total
number of draws is 32 times the number of zones. Conver-
gence was no problem in all test networks. The number of
iterations was far less than expected in a combined distribution-
assignment procedure (10,20).

Networks

Earlier it was observed that the spreading of chosen routes
determines to some extent the value of d;. The amount of
spread is not only dependent on the size of the variance as
used in the stochastic assignments, but also on the presence
of (relevant) alternative routes. Obviously in a situation in
which there are hardly any alternative routes, the spread will
be small. Therefore it is important to investigate different
networks. In this study four regional networks with a diameter
of about 40 km (called REGIO, RING, SLOW, and CBD)
and one urban network with a diameter of about 15 km (TOWN)
were examined. For the regional networks only, the situation
without congestion is considered. For the urban network both
the situation with and without congestion are considered.

In Figures 5 to 7 some of the networks with their spreading
of activities and flows are shown. In Figure 8 the notation of
the activities is shown. The networks RING, SLOW, and
FAST are the same size (number of links, number of nodes,
distances) as CBD.

C—@

©-
®
®

®
®
@
©

@
@

o—®

FIGURE 5 Network CBD.

FIGURE 6 Network REGIO.

FIGURE 8 Notation of
activities.

In Figure 8 the radius of the outer circle is proportional to

L
[max (E Ty 2 T.»,-)] (12)
i J
The radius of the inner circle is proportional to

[abs (; -3 T>:|/ (13)
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The inner circle is open when

ST,<3T, (14)
i J

The description of the networks is as follows:

® CBD—network with speedways (100 km/h) pointed to a
central zone; other roads are 40 km/h;

® FAST—network with only specdways (100 km/h);

® REGIO—network like “CBD”, but more dense near the
center;

® RING—network with speedways in a ring around a cen-
tral area;

@ SLOW—network with only secondary roads of 40 km/h;
and

® TOWN—urban network; there are no trips to or from
the surrounding areas.

Level of Uncertainty, «

The simulations have been performed for all networks with
levels of uncertainty « = 0, « = 0.5, and @ = 1. For the
network TOWN a = 0.3 and o = 0.8 were also taken into
account.

Results

The results of the simulations for the urban network with and
without congestion are given in Tables 1 and 2. Resulits for
the regional networks without congestion are given in Tables
3, 4, and 5. For all networks, the amount of carkilometers
(vehicle miles) increases when the level of uncertainty in-
creases. Because provision of information can be translated

TABLE 1 CARKILOMETERS FOR
TOWN NETWORK, WITHOUT
CONGESTION, UNDER DIFFERENT
LEVELS OF UNCERTAINTY (KM FOR
a = 0 ARE 100)

o A A+D A+D+L
1.0 117 128 130
0.7 112 119 121
0.5 104 107 108
0.3 101 102 103
0.0 100 100 100

TABLE 2 CARKILOMETERS FOR
TOWN NETWORK, WITH
CONGESTION, UNDER DIFFERENT
LEVELS OF UNCERTAINTY (KM FOR
« = 0 ARE 100)

o A A+D A+D+L
1.0 124 129 136
0.7 118 121 126
0.5 106 109 110
0.3 102 103 103
0.0 100 100 100
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in a smaller level of uncertainty, it can be stated that providing
road users with information reduces the amount of carkilo-
meters. The results show that the gains differ per network.
A network means not only the set of links and nodes, but
also the initial tripends. This observation implies that it is
hard to compare the results of other studies with one another
and with these results, because different networks are used
in all studies.

The results for the networks as listed in Tables 3, 4, and 5
are more or less comparable. These results were calculated
with models that did not deal with congestion. The results for
the TOWN network show a larger increase in carkilometers
when a increases (See Table 2). This can be explained by the
fact that the TOWN network obviously contains more alter-
native routes than all the other networks. The spread in route
choice will be bigger for this network since there simply exist
more alternatives. Because the network outcomes in Tables
3 to 5 reflect few alternative routes, the effect on route choice
is small compared with the effect on destination choice (com-
pare the outcomes in Tables 3 and 4). The extra effect on the
location of activities is also small compared with the effect on
destination choice (compare the outcomes in Tables 4 and 5).
When looking at the network TOWN, the effects on route
choice are the largest. Change in destination choice and in
the location of activities are marginal compared with this ef-
fect. Because this network is more realistic than the other
ones, this observation may be generally true. By comparing
Tables 1 and 2, it follows that the effect of the provision of
information is larger in the network with congestion than
without congestion.

TABLE 3 CARKILOMETERS DRIVEN FOR DIFFERENT
NETWORKS, UNDER DIFFERENT LEVELS OF
UNCERTAINTY WITH THE A-MODEL (KM FOR a = 0
ARE 100)

o CBD RING SLOW FAST REGIO
1.0 102 103 101 105 103
0.5 100 103 101 101 101
0.0 100 100 100 100 100

TABLE 4 CARKILOMETERS DRIVEN FOR DIFFERENT
NETWORKS, UNDER DIFFERENT LEVELS OF
UNCERTAINTY WITH THE A + D-MODEL (KM FOR a =
0 ARE 100)

o CBD RING SLOW FAST REGIO
1.0 108 109 112 120 111
0.5 102 103 105 107 103
0.0 100 100 100 100 100

TABLE 5 CARKILOMETERS DRIVEN FOR DIFFERENT
NETWORKS, UNDER DIFFERENT LEVELS OF
UNCERTAINTY WITH THE A+ D +L-MODEL (KM FOR
o = 0 ARE 100)

o CBD RING SLOW FAST REGIO
1.0 113 113 113 123 115
0.5 103 103 105 107 104
0.0 100 100 100 100 100
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CONCLUSION

Trips and activities are a result of decisions people make.
These decisions concern route and destination choice as well
as activity choice. The actual choices depend on the perceived
travel times, rather than on the objective travel times. As a
result, travelers think they choose the best route, but this
route is not necessarily the best from an objective point of
view. Also destinations are chosen because they appear to be
close. This causes extra, unnecessary carkilometers.

The approach presented in this paper has a number of
assumptions and limitations about information:

e Information is seen as an abstract entity; it is not possible
to evaluate a specific information system or different types of
information.

® Because of the equilibrium approach the presented method
is able to predict the long-term effects of the provision of
information in a situation of recurrent congestion.

The results of this study should be looked at in light of these
assumptions as well as in light of the limitations this approach
has.

It was proven that the perception of two or more inde-
pendent routes is always less than or equal to the perception
of each of two or more routes together. The travel time of
the chosen route is systemically being underestimated. Pro-
viding information reduces the difference between perceived
travel time and objective travel time. This has an impact on
the choice of route, destination, and activity. As a result, the
amount of carkilometers decreases. The different test cases
show that the form of the network, with respect to the pres-
ence of alternative routes, is of importance. Further, the sim-
ulations show that in a situation with congestion, the decrease
of carkilometers is larger than in the situation with no conges-
tion. Currently it is not possible to quantify the effects of
information precisely because the present and future values
of a are not exactly known, uncertainty will only partially be
influenced by information, and only a part of the travelers
will use the information. On the other hand, through route
guidance, delays on intersections may be minimized (21) and
the influence that information about incidents could have is
neglected. With the above considerations in mind it seems
valid to state that information systems may decrease the amount
of carkilometers in urban networks by 15 to 20 percent and
in regional networks by 5 to 10 percent.
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Multiple User Class Assignment
Model for Route Guidance

ToMm vAN VUREN AND DAviD WATLING

The application of the concept of multiple user class equilibrium
assignment to the modeling of route guidance systems is the con-
cern of this paper. In particular, its role in modeling guided and
unguided drivers is discussed, as well as its ability to lead to
guidance strategies that are effective even with a large proportion
of drivers equipped. A review of previous route guidance model
work is given. A multiple user class model of route guidance is
then proposed and the properties of such a model are discussed.
Finally, a presentation of simulation results obtained from such
a model, for two real-life networks and for a number of route
guidance scenarios, is given.

One of the basic implicit assumptions in standard assignment
methods is that drivers and vehicle attributes are identical;
they do not differ from one another in either their travel cost
definition or their vehicle size or vehicle performance.

APPLICATION OF MULTIPLE USER CLASS
ASSIGNMENT TO ROUTE GUIDANCE

Dafermos (1) was probably the first to realize the limitations
of this assumption, and to propose as a remedy a mulitiple
user class (MUC) model, which takes differences between
drivers and between vehicles into account. These classes may
differ in (&) vehicle type or size, (b) travel cost definition,
and (c) network restrictions (2). Within each class, however,
driver and vehicle attributes are identical. Typical classes could
be lorries (particularly in conjunction with lorry bans), com-
muters (minimizing some measure of generalized cost), busi-
ness travelers (minimizing travel time), and tourists (following
road signs).

In a MUC assignment model all classes are to be assigned
to the network in interaction with each other, so that in equi-
librium for each class “no-one can improve his or her (per-
ceived) travel cost by unilaterally changing route,” and in that
respect MUC assignment is clearly an extension to the stan-
dard, single class assignment model.

The relevance of the MUC concept for route guidance mod-
eling is evident. In a situation with some kind of in-vehicle
route guidance at least two user classes can be defined: those
who are equipped, and those who are not. In fact three groups
could even be distinguished; namely, those who follow com-
plete guidance, those who follow partial guidance (because
they either lose their way or their confidence in the advice),
and those who do not follow guidance at all. Each of these

Institute for Transport Studies, University of Leeds, Leeds LS2 9JT,
England. T. van Vuren’s current affiliation: Frank Graham Con-
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user classes would have a different cost definition and possibly
even different network restrictions (e.g., if the guidance net-
work does not include all existing roads for environmental or
computational reasons).

A number of cost definitions for each user class can be
distinguished on the basis of one’s representation of route
choice in reality and the assumed routing criterion in the
guidance system. The assumptions made in our model are
illustrated in the following table and will be discussed next.

Case

A B C
Guided UE SO SUE
Unguided SUE SUE SUE

The authors believe that drivers currently make perceptual
errors in their routing decisions. If it is assumed that these
will be removed by the guidance system, a combination of
stochastic user equilibrium (SUE) and user equilibrium (UE)
assignment, as in case A, will occur. Along the same lines, a
combination of guided drivers following a system optimum
could be envisaged, so as to improve network conditions ex-
plicitly, and unguided ones following a SUE route pattern,
as in case B.

Then, if it is expected that the system not provide flawless
information (because of communication delays or forecasting
errors), the two classes could both follow a SUE (case C),
but the variance in randomized link travel times would be
lower for the equipped vehicles. In fact, the model presented
here allows for all three guidance criteria to be implemented
simultaneously, to given proportions of the equipped drivers,
although for the purposes of the numerical results described
later, the three cases will only be examined individually. For
brevity, throughout this paper cases A, B, and C will often
be referred to as the UE routing strategy, the SO routing
strategy, and the SUE routing strategy, respectively.

The tool of MUC assignment now allows the investigation
of the various future scenarios by comparing resulting network
costs of different guidance strategies, and by changing the
proportion of drivers per user class, the spread in link time
errors, and the level of congestion, using real-life networks.
In this paper, the development of such a route guidance sim-
ulation model, based on MUC assignment, will be described
and selected simulation results will be presented.

PREVIOUS ROUTE GUIDANCE MODEL WORK

Earliest reported route guidance related model work was car-
ried out by Kobayashi (3) who used a simulation model to
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assess benefits of the Comprehensive Automobile traffic Con-
trol System (CACS) route guidance system by comparing
shortest routes for guided drivers with routes for nonguided
drivers on the basis of road length, number of lanes, per-
centage of trunk lanes, and number of right and left turns.
The network consisted of 99 intersections and 286 directional
links; Kobayashi estimated a maximum total possible reduc-
tion in travel time in this network of 6 percent, at a level of
take-up of 50 to 75 percent, compared with observed travel
times in Tokyo. Tsuji et al. (4) set up a mathematical model,
on the basis of the stochastic nature of travel time, even under
guidance. The proportion of guided vehicles was assumed so
small, that no influence on nonguided vehicles was expected.
Comparing the expected travel time of guided routes with
those of alternative routes, they estimated an expected re-
duction in travel time for guided drivers of approximately 11
percent, which compared well with the observed reduction in
the CACS system of some 12 percent. Al-Deek et al. (5)
compared shortest route travel times with the observed route
pattern using TRANSYT-7F in the Los Angeles SMART cor-
ridor, and found that for recurring congestion the travel time
savings of route guidance would be negligible (less than 3 min
per trip of on average 25-min length). A similar approach was
adopted by Rakha et al. (6) who compared routes based on
free flow costs (for unguided drivers) and those based on
minimum costs (for guided drivers). These assumptions are
clearly not valid in congested situations, which probably ac-
counts for the possible total network travel time savings they
recorded of up to 21 percent. An interesting finding of their
simulations was, however, that a large proportion (85 percent)
of total possible savings was achieved with the first 20 percent
of equipped vehicles.

Breheret et al. (7) used the heuristic dynamic assignment
model CONTRAM (8). They assumed unguided drivers to
follow an approximate stochastic user equilibrium on the basis
of prevailing conditions, whereas guided drivers followed op-
timum routes on the basis of current conditions. If multiple
routes were calculated in an attempt to find a user equilibrium
reassignment, guided drivers obtained travel time benefits of
up to 15 percent; most of these benefits were obtained before
a level of take up of guidance of 10 percent of the driver
population. In this model, the reassignment of guided drivers
benefited nonequipped drivers also with travel time reduc-
tions of up to approximately 4 percent. Finally, under these
assumptions most of the total network travel time savings (of
up to some 5 percent of total travel time) was achieved at a
level of take-up of approximately 20 percent [see for e.g.,
Rakha et al. (6)]. If, however, reassignment for guided drivers
was calculated by a single, shortest route, total network, travel
times invariably increased, which indicated possible problems
with systems that advise single routes. Even when unguided
drivers were allowed to reassign because of the changed con-
ditions, resulting network travel time savings of such a system
were negligible or negative. Smith and Russam (9) also re-
ported on a CONTRAM-based model study, in their case of
the possible benefits of AUTOGUIDE in London. Whereas
unguided vehicles were assumed to base their routes on the
average demand pattern and subsequent link costs, guided
vehicles were routed along actual optimum routes (for a ran-
domly perturbed trip matrix). They found an estimated av-
erage journey time saving of 6 to 7 percent for guided vehicles,
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which actually decreased with an increase in take-up. Un-
equipped vehicles benefited also by the guidance system, with
travel time reductions of up to 3 percent, resulting in overall
network travel time savings of 2.5 to 6.0 percent.

Van Vuren et al. (10) employed a MUC assignment model
to investigate the situation in which unguided drivers follow
a user equilibrium while guided drivers are assigned according
to a system optimum. These researchers were mainly con-
cerned with conditions on the cost function that guaranteed
existence and uniqueness of a solution. Their main finding
was that for a combination of system optimal and user equi-
librium drivers and for the family of cost functions considered,
only a polynomial cost function gave rise to a convex min-
imization problem (hence guaranteeing existence and unique-
ness properties). Further discussion of these findings appears
subsequently. Numerical results given by Van Vuren et al.
were limited. Koutsopoulos and Lotan (/1) assumed that route
guidance would reduce the perception errors in link travel
time estimates by participating drivers, so that their model
consists of a stochastic user equilibrium assignment of two
user classes with different variances in the (normal) distri-
bution of random perturbations in perceived link costs; these
cost functions did not satisfy conditions for existence and
uniqueness, as derived by Daganzo (12). Scenarios they in-
vestigated on a 204-node network were level of information
(influencing the perception errors by guided drivers), per-
centage of take-up, and the level of recurring congestion.
Clearly, an increase in the quality of information resulted in
a reduction in perception errors by guided drivers, and there-
fore in a reduction in their travel times. The advantage of
guided drivers over unguided drivers in average travel time
was roughly 4 percent, independent of the level of take-up,
and an increase in congestion actually reduced the benefits
of route guidance. Although these results are obviously rather
limited, the most important finding by Koutsopoulos and Lo-
tan is that in their model unguided drivers did not benefit at
all from the improved route choice by the guided vehicles.
This finding conflicts with the generally held belief [see for
e.g., Jeffery (13) and Smith and Russam (9)] that route guid-
ance benefits nonusers too.

For a corridor consisting of three parallel highways plus
connecting links, Mahmassani and Jayakrishnan (14) built a
model based on route-switching assumptions for drivers that
receive dynamic network information. The main conclusions
for this simple network were as follows. For optimum resulting
travel times both for the equipped drivers and for the system
as a whole, route switching should only take place if the
alternative route for the trip remainder is at least 20 percent
shorter than the existing route, indicating possible instability
problems for systems that advise optimum routes (like ALI-
SCOUT and AUTOGUIDE), as compared with systems that
provide in-vehicle information (such as PATHFINDER).
Second, benefits for individual drivers decreased with an in-
crease in participation, whereas benefits for the system as a
whole (generally) increased with such an increase; above 50
percent participation the increase in benefits was negligible.

The results of these various model studies are clearly rather
ambiguous. Hypotheses about the route choice and interac-
tion of guidéd and unguided drivers strongly influence the
model outcomes. Often the models used in these studies are
heuristic or they are only valid under rather strong assump-
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tions. This is not to belittle the importance of these model
studies: it merely shows the current problems in understand-
ing and anticipating the behavior of future route guidance
systems.

DEVELOPMENT OF THE MODEL

The MUC model of a route guidance system will now be
introduced, building on the concepts described in the first
section of this paper. The demand for travel (as represented
by the mean origin-destination matrix) is assumed to be fixed,
as are the network supply conditions. It is also assumed that
the whole network is available to the guidance system. Av-
erage cost-flow relationships are supplied for each link. In all
cases, ‘‘cost” is measured in terms of travel time and so the
words cost and time will be used interchangeably.

The model consists of four user classes, the demand level
for each being a fixed (known) proportion of the origin-
destination matrix. Three of the user classes correspond to
vehicles equipped with a guidance device, and for two of these
three equipped classes it is assumed further that the guidance
system is provided with perfect information and that the guided
drivers adhere totally to the route recommendations. The first
class consists of unguided drivers, each of which aims to min-
imize his or her own personal cost of travel, but in general
fails to do so because of imperfect knowledge of the traffic
conditions. This class is modeled by a SUE, the “perceived
cost” for each link following some specified distribution (dis-
cussed later). The second class is a subset of the equipped
vehicles wherein each driver is guided so as to minimize his
own personal travel cost. The perfect information assumed
to be available to the guidance system is used to eliminate
the perception errors, that is, they follow a Wardrop user
equilibrium. The third class consists of a second subset of the
equipped drivers, which are guided so as to minimize the total
system cost [system optimal (SO)J, again using the perfect
information available. The fourth class consists of the re-
maining equipped drivers. The aim of the guidance system
for this class is again to recommend routes according to a UE
pattern; however, to represent the effect of errors in the jour-
ney time prediction methods or of drivers not adhering com-
pletely to the recommendations, they are modeled by a SUE,
but with a distribution for the stochastic variations, which is
different from that of the unguided drivers.

The four user classes interact with one another, in the sense
that the flows of one user class affect the costs, and hence the
route choice, of the other user classes. In this way, the as-
sumption is that under such steady-state conditions, the un-
guided drivers will tend to change their routes in response to
the new route choice of the guided drivers.

Van Vuren (10) concluded that for a guidance system with
user equilibrium unguided drivers and system optimal guided
drivers, the only link cost functions c, of the family which was
established by Van Vliet et al. (2) to ensure existence and
uniqueness of a multiple user class equilibrium were of the
polynomial form:

¢, = d, + bF; (1
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e
I

= the total flow on link a,
., = aconstant representing fixed effects such as free
flow travel time,
b, = a constant, and
k (>0) = a link independent constant.

.
[

In the more general four user class model considered here,
the same result of Van Vliet et al. (2) cannot be used because
the properties were established only for the deterministic cost
case, whereas here a mixture of stochastic and deterministic
costs are used. Results established by Daganzo (12) may be
used, however, for a similar (though more general) family of
cost functions to those of Van Vliet et al., but for the case in
which some of the classes may have stochastic costs. Then,
in a similar way to Van Vuren et al., by applying the work
of Daganzo, it follows that the equilibrium for our more gen-
eral four user class model is guaranteed to exist and be unique
(with respect to link flows and user class/link costs) for cost
functions of the form in Equation 1. In this case, ¢, is the
actual link travel time for all drivers. In the assignment, how-
ever, each class will be associated with a different cost: the
unguided drivers making random perception errors with
Equation 1 as the mean; the guided SUE drivers experiencing
different random errors because of imperfect recommenda-
tions, and so on; the guided SO drivers using marginal costs
corresponding to the actual costs (Equation 1); and the guided
UE drivers using the actual costs (Equation 1). That Dagan-
z0’s results may be applied to guarantee the above conditions
on the equilibrium may be verified as follows.

It is well known that a system optimal assignment in the
one user class case with link costs ¢, may be obtained by a
user equilibrium assignment with marginal link costs c, given
by

’
a

dc
=g, + F,==
Ca a d Fa

c

To obtain, then, the required routing pattern with actual link
costs (Equation 1), the user class costs c,; for link a and user
class i must be

Ca = Cap = Ca4 = dn + [anI:;]

il

Co = d, + (k + 1) [bF¥]

where user class 1 consists of the unguided drivers, and the
remaining classes are the guided drivers, following (respec-
tively) UE, SO, and SUE routing; perceived costs are there-
fore stochastic for user classes 1 and 4, and deterministic for
user classes 2 and 3. It may be seen that the user class cost
functions above are indeed of the form required to apply
Daganzo’s work. Furthermore, Daganzo’s conditions require
that the variance of the perceived journey time distribution
is flow independent. This condition has been noted variously
by authors investigating the single user class stochastic user
equilibrium case: Sheffi and Powell (15), Daganzo (16) and
Sheffi (7). In the last reference, Sheffi suggests—for a probit-
based route choice model—the use of a standard deviation
of link a perceived cost of 6c,,, where c,, is the free-flow
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travel time and 6(>0) is a constant. In the guidance model
proposed here, normally distributed perception errors for the
unguided drivers are used, but with a standard deviation of
0cYE, where c'F is the travel cost for link a corresponding to
a (deterministic) user equilibrium flow pattern for all drivers.
This is preferred because it is more closely related to the idea
that larger perception errors are made with larger travel times
and greater congestion, rather than using the free-flow travel
time which may be more related to the physical characteristics
of the link (for example, an uncongested freeway would have
arelatively large free-flow travel time and would thus counter-
intuitively tend to result in large perception errors). The guided
SUE drivers are modeled in the same way, except that their
link travel time standard deviation is WcVE, where 0 < ¥
< 0 (i.e., guidance tends to reduce the size of the errors made
by equipped drivers). The errors are distributed indepen-
dently among user classes and among links. It is noted that
this model is somewhat unrealistic in one respect, because the
journey time prediction methods will tend to be more precise
with larger levels of take-up—data on actual travel times
relayed to the guidance system from the beacons will relate
only to equipped vehicles, and so an increase in level of take-
up will essentially lead to an increase in sample size. It would
be expected, then, that the variance of the random errors
would be a decreasing function of the level of take-up. Be-
cause no suitable relationship of this kind was available, how-
ever, it was necessary to retain the assumption of a constant
error variance relative to the proportion of vehicles equipped.

Finally, Daganzo proposes a solution algorithm for the mul-
tiple user class equilibrium problem with stochastic costs, which
is essentially an extension of the method of successive aver-
ages, as introduced by Sheffi and Powell (15). Convergence
of this algorithm to the equilibrium solution is guaranteed for
the cost functions considered here. Daganzo’s scheme was
implemented as follows:

1. Set fQ = 0, a, i, where f? refers to the estimate of the
equilibrium user class flows at iteration r. Set r = 0.
2. Calculate F© from

Fo= 3 15
J

and hence the costs c{? corresponding to F® (V a, i).
3. For each user class i
(a) Sample a set of link error terms 6, (V a) from the
specified probability distribution, by a pseudo-randomi-
zation process, and set

CH =" +0Va

(b) Perform an all-or-nothing assignment for this user class
using the randomized costs C{? —yielding a set of user
class link flows g& (V a)

(c) Set

fgrn = (1= UnfQ + 1rg? (¥ a)
(d) Set

FO = FP — 9 + f§7° (Y a)
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and recompute the costs corresponding to F?—store again

in ¢ (V¥ a)

(4) Setr = r + 1 and return to Step 2 until the predetermined
number of iterations are complete.

The main advantage of the guidance strategy described in
the preceding may be seen to be that it anticipates the effect
of rerouted traffic on travel times in the network, and in this
way, directs traffic to one or more routes. It would be hoped
that such an approach would be effective even with a high
proportion of equipped vehicles (and this will be investigated
for the test networks studied here). The single route strategies
currently being considered for field trials [Von Tomkewitsch
(18) and Belcher and Catling (19)] are likely, on the other
hand, only to be of use when the proportion of equipped
vehicles is small, so that rerouted traffic has only a relatively
small effect on delays [see the earlier comments on the find-
ings of Breheret et al. (7)]. Increasing the frequency at which
such single route strategies are updated as the level of equipped
vehicles increases is clearly one possibility, but there are lim-
itations on this frequency imposed, for example, by the time
it takes to communicate information from the beacons to the
guidance system. In the future, then, as the popularity of route
guidance grows, multiple route strategies are likely to be an
essential component of the guidance system.

A second notable feature of the model is that it supposes
unguided drivers will respond to the new routes taken by the
equipped vehicles, and will aim to choose new routes which
minimize their personal (perceived) travel cost. Given that
an equilibrium-based assignment is accepted here as a rea-
sonable approximation to the long-term average route choice
under steady state conditions, then the assumption seems nat-
ural that unguided drivers will—in the long run—still seek
minimum cost routes when guided drivers are in the network.
It is recognized, however, that this is a strong behavioral
assumption, neglecting any loyalty drivers might have had to
their chosen routes before guided drivers were introduced
[compare with Mahmassani and Jayakrishnan (74)], and would
in any case be much more difficult to justify in situations where
a frequently updated dynamic route guidance system was in
operation.

TEST RESULTS

The guidance strategy was implemented using an adaptation
of the simulation model SATURN (20) and the solution al-
gorithm of Daganzo, as described previously. The two real-
life networks considered were those of Weetwood (an area
of Leeds) consisting of 70 zones, 104 intersections, and 440
links; and of Barcelona consisting of 110 zones, 820 intersec-
tions, and 2,547 links. The cost functions used were of the
form of Equation 1, where k was given the value 5 for both
networks. (The two networks had been calibrated originally
using different powers in the cost functions on different links—
the value 5 was chosen as it was approximately the average
of all these powers, in both cases).

For each network, the guidance model was implemented
under the following:

1. Three different demand levels: 100 percent, 130 percent,
and 160 percent of the observed origin-destination flows, cor-
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responding to an average network speed (before guidance)
of approximately 15, 25, and 35 km/h, respectively;

2. Nine different levels of equipped vehicles: 0 percent, 5
percent, 10 percent, 20 percent, 30 percent, 50 percent, 70
percent, 90 percent, and 100 percent; and

3. Three different routing criteria: with equipped drivers
either all guided as a UE, all guided as a SO, or all guided
as a SUE (with two different levels of error in this latter case).

Finally, to decide upon a suitable value for a parameter 6,
which determines the link travel time variances for the un-
guided drivers, an idea from Breheret et al. (7) is used. For
a number of values of 6, the average inefficiency I(6) is cal-
culated by

1(8) = 100 (p(8) — 1) %

where

0) = Total system travel time under SUE(8)
PR = TTotal system travel time under UE

and where SUE(8) means an SUE assignment for the whole
origin-destination matrix, with parameter 6. That is, assuming
that drivers are aiming to follow a UE, () is a measure of
the average excess travel time incurred by their perception
errors.

For the purposes of this paper, for a given network, a value
for 0 is then chosen which gives rise to an inefficiency of the
order of 5 to 6 percent for each of the demand levels consid-
ered. The reasoning behind this is that various studies have
shown that the percentage wastage caused by drivers not ful-
filling their objective of choosing the minimum time or min-
imum distance route is of this order—for example, Lunn (27)
estimated the average excess on all journeys in Great Britain,
excluding commuter trips, to be at least 5 percent of total
costs; Wootton et al. (22) arrived at figures of 4 to 6.5 percent
inefliciency; and Jellrey (13), from analyzing times and dis-
tances corresponding to a sample of journeys made in the
United Kingdom, concluded that the average inefficiency of
drivers was around 6 percent. The use of inefficiency to build
a suitable route choice model for unguided drivers is ap-
pealing, in that it allows the calibration of the model against
observed data (though in a very coarse manner).

It should be emphasized here that although the use of inef-
ficiency in this way appears to be a sensible one, it has the
disadvantage that in specifying a value for 8, the system ben-
efit of UE guidance at 100 percent take-up is directly deter-
mined, and the benefits of other scenarios are clearly greatly
affected by the value chosen. It means therefore that the
model should not be used to infer absolute measures of the
effects of route guidance; its purpose is to compare the effects
of different levels of take-up, demand levels, routing strate-
gies, and so on.

The values of 1(8) for a number of values of 8 are given in
Figures 1 and 2. For Weetwood, there is a clear pattern of
an increased I(8) with increased 6, or greater demand. The
value & = 0.3 is chosen for the purposes of further investi-
gation, giving an average inefficiency of 6 percent over the
three demand levels. For the Barcelona network, the pattern
is somewhat different, with much less difference between de-
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mand levels and with the possibility of I(8) decreasing with
greater demand (demand level 1 showing greatest inefficien-
cies). It is still the case, however, that 1() is an increasing
function of 8. The value of 6 = 0.4 is chosen for future study.
There are two studies with which some comparison may be
drawn on this point of modeling unguided drivers. Breheret
et al. (7), in using a uniform error structure for perceived
costs (with flow dependent range), found the relationship
between inefficiency and spread parameter to be highly net-
work dependent and demand dependent—because of this,
and because they give no indication as to the size of the
networks or the absolute levels of congestion, it is difficult to
draw any further parallels with this work. Koutsopoulos and
Lotan (/I), on the other hand, used a very similar ““before
guidance” model to that considered here, the most notable
disparity being their use of a flow dependent perception error
variance of ¢c,(F,). For their study on a network of a similar
size to Weetwood, they used a value of ¢ = 0.5, which gave
rise to an inefficiency of around 4 percent (relative to the
UE, ¢ = 0, case) for the three demand levels considered.
Itis evident that quite large values of the spread parameters
are required to give realistic inefficiencies. In one respect this
is unappealing, since—as it makes sense to truncate the per-
ceived travel time distributions at zero—the randomization
may be biased (although for the values considered here the
bias will tend to be very small). A factor of greater concern
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is that in using the approach proposed in this paper to model
unguided drivers, some of the deficiencies of the model in
reproducing a realistic route choice criterion are contained in
6. There is part of the inefficiency, therefore, which cannot
be recovered by route guidance. In routing all guided drivers
as a SUE, a third component (in addition to errors in the
information used by the guidance system and the nonadher-
ence of equipped drivers to the recommended routes), which
contributes to the error terms, may be regarded as lack-of-fit
of the model to the observed value of 6 percent inefficiency—
the observed value was calculated by comparing minimum
time routes with what drivers actually did, and so also ac-
counts for drivers who were not intending to follow minimum
time routes.

The model was applied to the networks described, with
unguided drivers modeled by a SUE with 6 = 0.3 for Weet-
wood and 6 = 0.4 for Barcelona. From initial studies of the
Weetwood network, it appeared that to obtain a reasonable
degree of convergence, a large number of iterations would
be required—the stopping criterion chosen was the comple-
tion of 200 iterations. Although this may have been the case
too for Barcelona, the size of the network meant that such a
large number of iterations would be computationally prohib-
itive, and so only 30 iterations were carried out in this case.
The results are given in Figures 3 to 14. In the figures on
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system benefit (expressed in terms of total travel time, Figures
3toSand9 to 11), each of the four strategies is represented—
for example, the trend labeled SUE(0.2) refers to the strategy
in which all equipped vehicles are guided according to a SUE
with ¥ = 0.2. In the figures on individual benefits (Figures
6 to 8 and 12 to 14), results relating to the UE (broken line)



% 4
—¥- Gulded (UE)
ﬁ -5 Ungulded (VE)
- 2r ¥ Guided (8O)
g {3 Ungulded (80)
e
i
n
a
v
t
F
t
i
m
e

0 10 20 30 40 S50 60 70 80 90 100
Percentage guided

FIGURE 8 Individual benefits for Weetwood demand
level 3.

T
& 7.45
1
a
|
t
r 7.25
a
¥,
-3
i
} 7.05 | ¥ UErouting
m -5~ S0 routing
" - SUE(0.2) routing
—=—  SUE(0.3) routing
6.85 1 : | 2 ' ' N N T
0 10 20 30 40 50 60 70 80 90 100

Percentage guided
Time In thousand PCU-twuis

FIGURE 9 System benefit for Barcelona demand level 1.

UE rouling

T SO routing
o SUE(0.2) rouling
; SUE(0.3) routing
|
t
r
a
v
[:}
I
1
i
m
-]

132 ' " 1 t ' I L i

0 10 20 30 40 50 60 70 80 90 100
Percentage guided
Time in thousand PCU-hours

FIGURE 10 System benefit for Barcelona demand level 2.

30.3
=K~ UE rouling
- -5 sOrouling
—>¢ SUE(0.2) routi
? 208} {{ )roufng
a —=*—  SUE(0.3) rouling
|
t
r
a 293
v
d
|
t
) 28.8
m
e
28.3 L 1 ' s 3 s - : i
0 10 20 30 40 50 60 70 80 90 100

Percentage guided
Time in thousand PCU hours

FIGURE 11 System benefit for Barcelona demand level 3.

%
- Guided (UE)
g sk -B-  Unguided (UE)
2 ¥ Guided (SO)
g 1 Unguided (SO)
i s =t M———B"”%—H
a *
v
: o 5
s =]
T
. * 2 3¢
t
1
m *— 3%
2 o=y PR . A ) ) |

20 30 40 50 60 70 80 920 100
Percentage guided

FIGURE 12 Individual benefits for Barcelona demand
level 1.

% #
=¥ Guided (UE)
S T B~ Unguided (UE)
ﬁ ¥  Guided (SO)
g O  Ungulded (SO)
1
n
a
v
. 4
r
|
t
i
m
-]

0 10 20 30 40 50 60 70 80 20 100
Percentage guided

FIGURE 13 Individual benefits for Barcelona demand
level 2.



van Vuren and Watling

% 4
* =¥~ Guided (UE)
ﬁ % - Unguided (UE)
2 2r % Guided (SO)
g9 O Unguided (SO)
e
i
n
a i)
v
t e
r *
t * __ﬁ,_.——'
i -
8 : " ' |

0 10 20 30 40 50 60 70 80 90 100
Percentage guided

FIGURE 14 Individual benefits for Barcelona demand
level 3.

and SO (continuous line) routing strategies only are given,
with each separated into guided (star symbol) and unguided
(square symbol) vehicles. So that, for example, in Figure 6
the label “Guided (UE)” refers to guided drivers under the
strategy in which all equipped drivers are guided as a UE—
that is, case A in Table 1—and “Unguided (UE)” refers to
unguided drivers under the same strategy.

The first point to note is that in a small number of situations,
there is evidence of strange behaviour—first, in Figure 5, for
Weetwood at demand level 3 with 100 percent of vehicles
equipped, the total travel time arising from SO routing is
greater than that arising from UE routing, which clearly should
not be the case. For Barcelona at higher demand levels (Fig-
ures 10 and 11) a similar problem is evident—for example,
in Figure 11, an assignment with 70 percent guided according
to a SO routing gives a smaller total travel time than a 100
percent SO routing. This point will be addressed further in
the next section.

For the system benefit (as measured by total travel time),
it can be seen that for all of the routing strategies considered
and for both networks, guidance offers an improvement over
the base (no guidance) situation, for all levels of equipped
vehicles and all demand levels considered. In all cases, the
travel time saving becomes greater as the level of take-up
increases (with one or two exceptions—see preceding com-
ments on convergence), following an almost linear trend in
the Weetwood case. Below a 50 percent take-up, the per-
centage saving in total travel time tends to be higher with
higher demand levels, although in all cases the differences
between demand levels are not great. Concentrating specif-
ically on the UE and SO routing strategies, Figures 3 to 5
show that for Weetwood, the percentage saving in total travel
time due to guidance increases with demand for most levels
of take-up—for example, between 10 and 90 percent take-
up, UE routing gives savings of 0.5-4.0 percent, 0.9-5.6
percent, and 1.0-7.1 percent, respectively, for demand levels
1, 2, and 3; SO routing, on the other hand, gives respective
savings of 0.7-6.4 percent, 0.8—6.6 percent, and 0.8—7.0 per-
cent. The differences between demand levels are, however,
not great, and the same is true for the Barcelona network.
In this latter case, though, there is a slight decrease in the
benefits attainable at higher levels of take-up as demand in-
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creases (Figures 9 to 11)—the savings for 10—90 percent take-
up are 0.9-6.0 percent, 1.2-5.5 percent, and 1.2-5.3 percent
under UE routing for demand levels 1, 2 and 3 respectively,
and under SO routing the respective savings are 1.5-8.5 per-
cent, 1.5-7.7 percent, and 1.8-5.8 percent. On the whole,
for both networks, the pattern is as one may expect, with an
increase in total travel time savings as decreases for SUE
routing (down to ¥ = 0 for UE routing), all of these giving
rise to larger total travel times than SO routing.

For the benefit to individuals (the percentage decrease in
average travel time with the guidance system in operation),
it may be seen that for a UE routing, equipped drivers are
always better off with guidance. A striking feature is that this
benefit is approximately constant for all levels of take-up—
notably, the benefit is achieved at a very low percentage of
equipped vehicles (in fact at 1 percent take-up, not shown in
the graphs), and does not decrease notably at higher partic-
ipation levels. From Figures 6 to 8, it may be seen that under
UE routing, guided drivers save around 4 percent, 5 percent,
and 6 percent respectively for Weetwood demand levels 1, 2
and 3, whereas (Figures 12 to 14) the savings are around 8
percent, 7 percent, and 6 percent for Barcelona demand levels
1, 2 and 3. Under such a routing scenario, the change in travel
time for unequipped drivers is always small relative to the
benefit to guided drivers (always less than 3 percent, and
usually less than 1 percent, with an actual disbenefit for the
Barcelona network at demand level 1), although there appears
to be slightly greater benefit to them as congestion increases
from demand level 1 to demand level 3. In most of the sit-
uations, the benefit to individual unguided drivers also tends
to increase with level of take-up.

With SO routing, there is a disbenefit to individual guided
drivers on average, for lower levels of take-up (low being
levels of equipped vehicles less than of the order of 10 to 30
percent); for higher levels of take-up, on the other hand,
guided drivers experience a saving in travel time which in-
creases with level of take-up. Above 50 percent take-up the
savings for equipped drivers under SO routing are 3 to 7
percent for Weetwood and 5 to 9 percent for Barcelona, de-
pending on level of take-up and demand level. The journey
time saving for unguided drivers tends to be somewhat larger
here than with UE routing, particularly at lower levels of take-<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>