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Preface

Dissidence and controversy are what bring science forward.

Agreement and acceptance rarely stimulate experiments and progress.
Thor Heyerdahl.

Outline. In this chapter the reader may find the contents and the purpose of this book,
and a framework general enough to encompass almost all TTT tools. Beside the reader
may find a proposal of nomenclature. Main emphasis in this book is on the mathemat-
ical features of models and algorithms for travel demand assignment to a transportation
network. Implementation and application issues will be the topics of a future companion
book (possibly by other authors) as well as control and design tools.

Since hunting gathering era human brains have evolved to be more sensitive to var-
iations in space and/or time of the surrounding environment rather than regularity
and uniformity; (mostly unconscious) representations of location over space and
evolution over time allowed human beings to survive in challenging conditions. This
is still the case: a pedestrian wishing to cross a urban street tries to anticipate evo-
lution over time of the locations of the surrounding vehicles.

Developing a (mathematical) model of real systems, as common in modern
applied sciences, is a more conscious way to follow that ancestral attitude.

Even though future were perfectly determined by past, according to Beowulf’s
well known statement “Fate will unwind as it must!” (but not to authors’ opinion),
still it may not be perfectly forecasted due to lack of enough information about past,
to uncertainty affecting forecasting methods, .... Thus, however desirable, in several
cases a precise model providing deterministic description and forecasting of system
state cannot be developed, and the most general modelling tools include both
dynamic and stochastic features together with space characterisation.

It should be remarked that any kind of representation or model mentioned above
is, as beauty, in the mind of the beholder; therefore dynamics or stochasticity are
features of (mathematical) models only, a sort of social constructions agreed by
the modeller community, not be confused with the object of their applications, such
variations in space and/or time in a real system. Along this line of reasoning
observations of real world are facts, whilst models are opinions about them.

The focus of this book is the use of mathematical modelling methods to assist
in the understanding, prediction, policy assessment and design of transportation
systems; but what is a “transportation system”, or most pertinently what do we
mean by it for the purposes of this book? Firstly, it contains the infrastructure,
the pavements to walk on, the roads on which we cycle, drive or may use a bus

Xi



]
Xii

Preface

or taxi, the train tracks, as well as the fleets of buses, airplanes and trains that are
used to run services and transport goods. Secondly, it contains the users of the
transportation system, namely the people who choose where, when and how to
travel, as well as the goods operators and suppliers who decide how and where
to transport their goods. Thirdly, it contains the various public and private organi-
sations responsible for planning, operating, pricing and providing information on
the infrastructure.

Such a “system” contains many interacting elements. A traveller may decide to
drive to their normal place of work during a more busy (congested) period of the
day than they would normally, and by doing so contributes additionally to the
congestion for that day. This congestion may delay other road users who are using
some of the same roads, but perhaps travelling between an entirely different origin
and destination to the first traveller. The additional delay experienced may, on the
other hand, hold back the second traveller so that traffic is in fact more freely
running that it might be on some downstream stretch of road on their intended
route. This may cause the responsive traffic signals at an intersection to trigger
at a different time, and so influence some other travellers. On the other hand,
our second traveller has such a bad experience of travelling that day that they
decides to try a different route when they make that trip next time, whereas the first
traveller decides that re-adjusting their departure time would be wise in the future.
As this happening, a private transport operator decides to introduce a new high-
speed train service in the area, which our first traveller then decides to use on some
subsequent day, thus alleviating some of the pressure on road capacity. At the same
time as all these interactions are on-going, each minute of every day, a transport
planner is deciding on how to make adjustments to achieve some policy objective,
and as a result introduces on some subsequent day a new high-occupancy vehicle
lane for certain hours of the day.

This is only one example. Making sense of such systems is no simple task.
Mathematical models are a tool for capturing at least some of this complexity,
assisting those who are responsible for planning and designing such systems for
the ‘public good’. They allow location-specific data to be systematically used to
calibrate a model to particular locale. Importantly, the models that will interest
us in this book have a clear forecasting capability, allowing the modeller to study
“what-if” scenarios. These scenarios may range, for example, from studying the
impact of potential future changes to travel demand patterns, the effect of alterna-
tive control measures, or the impact of policy measures on travellers’ experience
and network performance.

These models are, in some respect, always wrong, as always the case in all
applied sciences. They always omit or over-simplify or incorrectly capture some
phenomenon, and so when using them it is always important to be as clear as possible
on the limitations of the model, what it is not able to capture as well as what it is
representing. The modeller has the responsibility to communicate this to the
decision-maker, however much the decision-maker may not like to hear it. To do this
effectively, we believe we need a clear, standard reference system’ for dynamic
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transportation analysis, in order that particular models and model assumptions fit
into such a unified framework. Developing such a consistent and systematic treat-
ment is a major goal of this book, and therefore we take some time and care in defin-
ing and explaining our terminology, assumptions and concepts, and how these relate
to both the real-world and to common methods used for modelling dynamic trans-
portation systems.

Purpose of this book

Travel and transportation play a central role in the lives of most of the world’s pop-
ulation. Transportation provides both a means of trade in moving goods, and a way
of moving people to engage in employment, education, social and other activities.
If we had observed the same geographical area over a period of past decades, we
would likely have seen that the size and structure of employment, production and
residential areas had changed over time, and these changes had in turn changed the
requirements and pressures on the transportation system. At the same time, these
changes will have made environmental, social and economic impacts, some
positive and some negative, with some winners and some losers. It is natural then
to ask whether we can hold a mirror to the past, and use it to see into the future; at
least then we may be able to react in a better way to the inevitable changes the
mirror shows us, and thereby as a society expend resources more efficiently (in
the sense of less negative and more positive impacts). It is only one more step
to then realise that the mirror analogy is limited, that unless we believe the future
is pre-determined we may influence it by our actions, both as individuals and as
organisations. Understanding such influences and their likely consequences then
provides a way of not only ‘managing’ a transportation system more effectively,
but also positively engineering it to improve the lives of the people using it.
The current book fits into this wide area of ‘transportation planning’, and partic-
ularly the field of transportation modelling which aims to postulate mathematical
systems that broadly approximate the changes and processes underlying such
phenomena.

Space and time are two intrinsically important aspects to understanding travel-
lers’ needs and what transportation systems can supply. Let us firstly consider space.
The type and density of activities are not distributed evenly across a city or region,
and there are fixed geographical features (rivers, mountains, valleys, etc.) that influ-
ence the feasibility of different transportation options across an area. Dense, ‘verti-
cal’ residential areas provide very different challenges to more sparsely distributed
ones. There also complex interactions that play out in the transport infrastructure; a
congested road or overcrowded bus may be partially the result of travellers avoiding
overloaded facilities, meaning that a good solution will not be understood without
considering system-level interactions between the various travel needs of people/
organisations and the services and facilities which are provided. Over the last
50 years the transportation community has developed rather sophisticated ways of
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representing these kinds of spatial interactions, typically by representing the infra-
structure as a network (mathematical ‘graph’), and by considering various levels
of sophistication in representing the behavioural responses of travellers (e.g. from
the perfectly informed traveller to random utility approaches). At the same time,
however, it should be mentioned that while the individual fields have developed
to a high level, it is relatively rare to find a consistent integration of demand model-
ling and network modelling.

There are rather well developed (if not always consistent) methods, then, for con-
sidering ‘space’; so what about ‘time’? While travel time, as a disincentive in making
travel choices, is a central aspect of transportation planning, by the word ‘time’ we
are instead referring here to changes that occur over time (“dynamics”). As there is
considerable potential for confusion, let us very early on make a clear distinction:
changes on a ‘within-day’ time-scale are the kind of changes that we would expect
to see as we made a journey on a particular day, or if we compared our travel expe-
rience with someone travelling by the same route/service but at a different time on
that day (there are many other ways to characterise this kind of time, but these exam-
ples suffice for now). On the other hand, changes on a ‘between-day’ time-scale con-
cern, for example, the way in which we might adapt our travel choice next time we
make a journey, based on our travel experiences today. While researchers have been
aware of both ‘within-day’ and ‘between-day’ effects for several decades, it is only
relatively recently that a concerted effort has been made to develop tools and
methods to explicitly model them. On the within-day scale, this has been achieved
by introducing and adapting methods from traffic flow theory for use in network
models. On the between-day scale, it has involved bringing in new techniques from
both applied mathematics (for deterministic dynamical systems) and probability the-
ory (for stochastic processes).

The new student to this field is faced with an extremely challenging task to digest
and assimilate these developments, with their various assumptions, approaches and
need to draw on different aspects of mathematics. In fact, it is also a challenge for the
experienced researcher to keep fully abreast of developments in this field, as without
detailed reading it is often unclear where a new paper fits within the literature, and
how it complements or advances previous developments. The intention of this book
is to bring together the theoretical work in this field in an internally consistent way.
This means unifying transportation network modelling theory, travel choice theory
and traffic flow theory, while drawing on relevant mathematical concepts from oper-
ations research, matrix algebra, dynamical systems, statistics and simulation. Our
intention is that the book is self-contained, so does not require additional reading,
although we suggest further reading for those interested. In order to assist us in this
goal of being self-contained, we supply a mathematical supplement which outlines
the main mathematical ideas that we will draw on.

Apart from the pedagogical aim, to assist newcomers to the field, it might be
asked: why do we wish to set out a consistent theoretical approach to such problems?
What advantage does it give? One answer might that it is a purely aesthetic objective,
that having a single unifying theoretical frame is satisfying purely in its own right.
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Certainly we would admit that personally we do find satisfaction in this aesthetic
quality, however we feel that it has much greater significance than this, for several
reasons. Firstly, as we shall show, it provides a way of using theory to assess what we
might expect from applying such a modelling approach to any case-study, for exam-
ple in terms of uniqueness, stability or reproducibility of its predictions. These have
important implications for project evaluation, and may not be self-evident from com-
putational application alone, especially given the complex nature and interactions
involved in such models. Secondly, our book is an attempt to integrate the state-
of-the-art in a way that we hope generates a kind of feedback effect with the aca-
demic community, whereby our work provokes a reaction either in terms of disagree-
ments with our method of integration, or the stimulus for new research directions,
which in turn will impact on the future state-of-the-art. Thirdly, we intend that
our approach leads to a kind of taxonomy of models that facilitate easier communi-
cation of assumptions, by reference to a common modelling frame. This is important
in order that forecasting is not seen as a kind of supernatural divination, akin to ‘read-
ing’ tarot cards, but so that uncertainty over assumptions made and trends assumed
can be properly communicated to decision-makers.

Given the task to bring together several theoretical fields, it has been necessary to
keep the focus of the book firmly on the development of forecasting methods. In
order that the book be of a manageable size, we therefore do not consider two activ-
ities that might be said to ‘bookend’ the task of forecasting, namely calibration and
design. We should mention, however, that the approaches described are, we believe,
especially suited to these two activities. In the case of calibration, as we write this
book we are in a period of unprecedented data availability, ranging from various
kinds of ‘tracking’ data (from mobile phone activity, GPS or Bluetooth, for exam-
ple), to archived detector data over long periods, and other means of inferring activity
patterns (e.g. shopping transaction data, video surveillance). Such data reveals a
complex, time-of-day-varying, daily-varying, heterogeneous pattern of travel behav-
iour that is not only poorly captured by steady-state approaches, but is actually rather
difficult to ‘project’ onto the conventional ideologies. Moreover the approaches pre-
sented that are developed from probability theory provide a means of calibrating
such models using formal statistical inference. In terms of design, the process
approach we develop allows us to examine how likely it is that the system could
be influenced to attain and operate under very different transportation system designs
to the present. The traditional, ‘comparative statics’ approach, on the other hand,
only allows us to assess alternative designs on the premise they are attainable from
the present.

Even given our decision to focus on the theoretical development of forecasting
methods, space limitations mean that it has still been necessary to be selective in
terms of the kinds of problem considered. This means we exclude many important
areas, such as the routing of freight vehicles, the use of taxis (or taxi-like vehicles),
and the behaviour of pedestrians in continuous space, such as a square. Given its
rather long association with dynamic processes, and the practical use of disequilib-
rium forecasts, it would have been interesting to have included a consideration of
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land-use and transport interaction models. Methodologically, it would have been
very relevant to include a consideration of tour-based and activity-based approaches,
given their natural association with scheduling during the day, and a more thorough
study of microscopic approaches, given their natural relation with stochastic process
models. Perhaps the most natural extension to our work would have been to include
mode choice (integrated with route/service and time-of-day choice) in a fully multi-
modal modelling approach. The list could continue, and we would have sufficient to
write several books. No doubt we will irritate many people by the problems we
decided to include and exclude, but in the end we satisfied ourselves that our choice
of what to include was a kind of metaphor for how a modeller in practice must
approach a real-life study: ultimately, not all processes may be represented in a cho-
sen modeller, and so the modeller must always accept (often unwillingly) that there
are potentially important aspects that are outside the remit of the model chosen. If the
task of a modeller is to provide the tools for a modelling tool-box, then we hope that
we can be considered to have provided a good selection of screwdrivers and chisels,
and hope that others in the future can add to this box with their own selection of saws
and hammers.

Looking to the future, modelling faces unprecedented challenges and opportuni-
ties. On the one hand, it must rise to the challenge of representing ‘new’ forms of
transportation, such as autonomous and/or connected vehicles, electric bicycles
and shared mobility services, and the seemingly ever more complex ways that lives
are organised; for example, if we plan a business meeting in an autonomous vehicle
in such a way that the trip ends at a social meeting point at some prescribed time
(greater than the minimum time to reach that point), what do we consider the purpose
and destination of the trip to be, and what value-of-time and routing principle may be
consider operating? How might we model populations of individuals being trans-
ported around a city in coordinated, shared transportation?

These challenges are balanced by new opportunities in terms of the richness and
extent of the data we may expect. Some have argued that such data may be of
such extent that models are no longer required, since we might expect to have
almost complete observation of travel movements and related phenomena. Actu-
ally, we believe the contrary to be true; this is exactly when models are needed
most. The quantity of data from such sources is potentially overwhelming and
diverse, and models may then be used to extract key patterns from this morass
of information. Furthermore, even with perfect observation of the past, we return
to our original question of whether we will simply use it as a mirror for the future.
Without forecasting tools we will be unable to consider how the future might
change and how we might influence it in a beneficial direction. In an era of
“big data”, we need even more than before simplified, abstracted models that
are able to provide an indication of the likely future trajectory of our transportation
system, and the influence that individuals, organisations and policy-makers may
have on such a trajectory.
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Contribution of this book

Most branches of engineering were founded on physics (and/or chemistry) developed
from late 19th century, and now are well-established. This actually is the traditional
image to common folks of an engineer: a person able to solve practical problems that
are well rooted on a specific background, for instance electronics, hydraulics, etc.,
through specialised mathematical tools. Good examples within transportation engi-
neering are analysis and design of components such as vehicles (and their engines),
facilities, etc., and traffic engineering, developed by applying a metaphor derived
from fluid dynamics, which deals with the behaviour of several vehicles sharing
the same facility and the design of traffic control devices, such as traffic lights,
ATC, etc.,.

At the beginning of 50s of the last century a new paradigm was introduced, by
linking together the contributions of several authors, leading to the (abstract) systems
engineering, where emphasis is on mathematical representation of a problem rather
than its physical background. This is a new type of engineer: a person able to solve a
practical problem considering it as a whole through an ever increasing box of non
specialised mathematical tools.

For what may now be considered a charming synchronicity, John G. Wardrop, in
his seminal presentation held on 24 January 1952, and published in June (Wardrop,
1952), founded transportation systems engineering, including both analysis and
design. In his paper, he proposed a wide and comprehensive review of traffic engi-
neering, but at the same time, he understood that traffic engineering techniques can
be used only to analyse the performance of a single component (cfr p. 344). He also
stated that a transportation system cannot be studied on a single element basis, but as
a whole system indeed (note that he actually used the word “system”).

Hence, starting from a small example, he proposed his now widely known two
principles to model travel demand distribution over alternative routes in a transpor-
tation networks (cfr p. 345). Then, he stated that these two criteria must be extended
to deal with a whole network, where route are broken into links possibly shared by
other routes, even though (cfr p. 348) in the case of a network of roads the theoretical
problem becomes very complicated. This way, John G. Wardrop introduced the main
elements of any effective model of a transportation system:

« auser behaviour model, which simulate how level-of-service, say journey times,
affects user choices, as expressed in his paper by the two criteria (travel demand);

» aperformance model, which simulate how user choices, say flows, affect level of
service, say journey times; it is made up by a network model representing
topological features and, at a link level, by performance — flow relations derived
by applying traffic engineering techniques (transportation supply).

Besides, he greatly stressed The Value of a Theoretical Approach (cfr p. 326) as the
only effective one, thus stating that models within a specific theory should be devel-
oped. These models, now referred to as travel demand assignment to transportation



Xviii

Preface

networks, are the basic tools to simulate a transportation system. It is also worth not-
ing that, pointing out that the user behaviour is likely selfish and does not lead
towards the most efficient pattern, he stated the need of supply network design.

From the seed planted by J.G. Wardrop the still growing tree of the modern Traf-
fic and Transportation Theory (TTT) emerged. A general overview of existing prob-
lems and tools of TTT is given below in order to point out the contribution of this
book. TTT studies the interactions between the level of service provided by trans-
portation systems and the results of several types of user choice behaviour, which
may regard in a hierarchical order from bottom to top:

+ driving, concerning interactions between users travelling on the same facility and
their effects on travel time, ...;

* routing, concerning connections between origin and destination of the journey,
parking location and type, possibly departing time, ...;

» travelling, concerning transportation mode, time-of-day, destination, frequency,

+ mobility, concerning car ownership, driving licence acquisition, ... .

On top of the above hierarchy there are the kinds of user behaviour addressed by
land-use/transport interaction theories.

Tools of TTT have reached a very advanced and sophisticated level, and large-
scale applications are a current practice. Most of these tools are based on explicitly
behavioural modelling approaches, which grant clear interpretation of parameters. A
taxonomy is given in Table 1 below where for brevity’s sake kinds of choice behav-
iour others than routing and driving have not be explicitly considered. A brief review
of these tools is given in the four sections below to introduce the nomenclature used
in this book and the contents of the chapters of this book.

(in round parenthesis the number of the corresponding section below.)

Traffic analysis

This section briefly discusses methods for traffic analysis, which addresses the
effects of driving choice behaviour, and are usually derived from Traffic Theory,
described in details in Appendix B, also discussing Queuing Theory for bottlenecks.

Table 1 Tools of TTT.

Problems methods

Modelled Analysis descriptive—

behaviour predictive Decision prescriptive

Driving Traffic analysis (2.1) Traffic control (2.3)

Driving and Transportation systems Transportation systems control and

routing analysis (2.2) design (2.4)
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Under steady-state conditions (introduced in Chapter 1) the most commonly used
model to describe vehicles flowing along a street (railway, airway, ...) is the so-
called fundamental diagram (FD) describing the relations among density, flow
and (space average) speed. In particular, in the stable regime speed is a decreasing
function of flow, that can be used to specify travel time functions.

When steady state conditions do not hold, within-day dynamics (introduced in
Chapter 1) in a link should explicitly be taken into account through three kinds of
macroscopic models, described in details in Appendix B:

+ continuous in space and time;
+ discrete in space and continuous in time;
» discrete in space and time.

The full specification of all the above models requires an equation describing the rela-
tion between speed and flow or between speed and density, to be derived from the FD,
as well some network equations to lead to within-day dynamic assignment models.

In appendix B mesoscopic and microscopic modelling approaches will also be
described.

Transportation systems analysis

This section briefly discusses methods for transportation systems analysis, which can
be distinguished into methods for:

» travel demand analysis,
+ transportation supply analysis,
» demand-supply interaction analysis, or assignment.

Before applying any of the above methods some preliminary steps should be carried
out. The study area is delimited and divided into zones, where a journey starts or ends,
and main infrastructures and services are singled out to support journeys between any
pair of them. Then, users are distinguished, following a 5W approach, with respect to.

WHO: socio-economic characteristics and grouped into categories (or into
commodities for freight),

WHY: trip purpose,

WHAT: trip frequency,

WHERE: trip origin and destination [for simplicity’s sake we will assume that
each journey is defined by a single trip, thus trip-chains or tours are not
considered],

WHEN: time of day (morning vs. afternoon peak period, day of week vs.
weekend days, winter vs. summer, special events, usual vs. emergency
conditions, ...).

Once trip origins and destinations have been singled out, itineraries between each
pair of origin and destination can be defined, possibly distinguished by category,
purpose, .... Then, each itinerary can be broken down into links, each link being
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a stretch of street, railway, airway, ..., with common characteristics. In the most gen-
eral case an itinerary is a routing strategy including both pre-trip and en-route choices
depending on information available to users.

2.2.1 Travel demand analysis

During each time-of-day, users belonging to different user categories, with different
trip purposes, and journeying between different origin—destination pairs interact each
other and compete to access same infrastructures and services, thus for easy refer-
ence any combinations of user category, trip purpose, origin—destination pair is
called a user class (u.c.). Given a time-of-day, for each user class the travel demand
flow defines.

HOW MANY users are moving in the study area.

Travel demand flows can be estimated through statistic methods giving the so-
called origin—destination travel demand flow matrices (or o-d matrices for short).
They are assumed constant in the following, since, as already stated above, kinds
of choice behaviour others than routing and driving are not explicitly considered
in this book. Thus, the travel demand model describes:

HOW users reach their destinations from their origins.

Travelling choice behaviour can be modelled through any discrete choice anal-
ysis theory (e.g. Random Utility, Fuzzy Utility, Prospect, ... theory), as described in
Appendix A. Under within-day dynamic conditions, user departure time choice
behaviour should also be taken into account through pre-fixed proportions or through
a further choice model, where the utility function includes penalty for early or late
arrival with respect to desired arrival time.

2.2.2 Transportation supply analysis

Methods for transportation supply analysis combine methods for traffic flow analysis,
with methods derived from the Theory of Congested Networks, including synchronic
and diachronic networks, described in details in Chapter 1. In this book tools for
modelling continuous supply, e.g. pedestrians moving in a square, are not considered.

The connections between trip origins and destinations are described by an ori-
ented graph, such that each link is described by an oriented arc between two nodes
and each itinerary is described by a route, with nodes modelling junctions. Moreover,
each origin and each destination is modelled through a further node connected to the
main network through connecting arcs (or connectors) not corresponding to links
(see Section 1.2).

Under steady-state conditions a flow and a transportation cost are associated to
each arc; usually cost is a combination of several attributes regarding time (on-board,
waiting, delay due to junctions, ...), money (fuel cost, tolls, fees, ...), and reliability
(dispersion indices of travel time, ...

The transportation supply model describes:

HOW MUCH it costs to users reach their destination from their origins.

Within-day dynamics greatly affects the transportation supply model, since arc
flows and costs depend on time, moreover the flow of an arc also depends on the
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position within the arc. The flow entering an arc at a given time depends on travel
time to reach the arc, generally through different paths, the travel time of each of
these paths depends on the travel time of each arcs previously traversed, which in
turn depend on the flow that has traversed them. Therefore, within-day dynamic
models require that HOW LONG it takes to users to reach their destination from their
origins is explicitly modelled (if travel time is different from transportation cost).

2.2.3 Assignment

Traditional equilibrium assignment searches for mutually consistent arc flows and
costs. It was first introduced under steady-state conditions by Wardrop (1952),
who named it User Equilibrium (UE).

Equilibrium assignment may effectively be formulated through fixed-point
models which can be easily extended to deal with several types of assignment
Fixed-point models can easily be specified combining together the three equations
of the transportation supply model and the three equations of the travel demand
model, as described in Chapter 3, starting from assignment to uncongested networks
described in Chapter 2.

Equilibrium assignment may be regarded as a special case of day-to-day
dynamics (see Chapter 1) that mainly affects the travel demand model, in this case
indeed both the utility function and the choice function are specified through recur-
sive equations. This approach allows to explicitly modelling evolution over time
through deterministic and stochastic process models, as described in Chapters 4
and 5.

Methods for within-day dynamic equilibrium assignment (traditionally called
Dynamic Traffic Assignment) follow the same structure of steady-state equilibrium
assignment. Still user departure time choice behaviour should also be taken into
account; moreover, the flow and cost consistency relations are non-linear as dis-
cussed above; therefore, several results available for steady-state equilibrium no lon-
ger apply. Moreover, each of the three kinds of macroscopic models described in
Section 2.1 leads to different assignment methods that can hardly be put under a
common framework to highlight their mutual relationships, let alone mesoscopic
and microscopic models. Within-day dynamics may be combined with day-to-day
dynamics leading to so-called doubly dynamic assignment. These topics are
described in Chapter 6.

Traffic control

Most methods for traffic flow control are based on the description and prediction of
traffic flows without any modelling of routing choice behaviour.

They include fixed sign strategies, such as priority junctions or roundabouts
designed off-line, as well variable sign strategies, such as ramp metering or traffic
lights. The latter may be applied off-line to support transportation planning or in sim-
ple cases when there is no need of adaptive control or on-line to support real-time
traffic management.
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On-line applications requires sensors for flow monitoring and within-day
dynamic models for flow prediction, such as those described in Section 2.1, or simple
data-driven methods, such as methods from time series analysis, Bayesian networks,
Artificial Neural Networks (ANN).

All these topics are out of the scope of this book.

Transportation systems control and design

Methods for transportation systems control and design provide optimal features of
transportation interventions taking into account their effects on travel demand,
say on user route (and departure time, if the case) choice behaviour (quite often under
the assumption of constant demand flows). This is usually achieved by considering
any model for equilibrium assignment as a constraint embedded within the whole
optimization model underling the design method.

Methods for transportation systems or better transportation supply control and
design may be grouped into:

» Methods for transportation systems control or transportation network capacity
design, or for Continuous Network Design, such as network signal setting
design with equilibrium constraints, bus frequency design, ...;

* Methods for transportation network topology design, or for Discrete Network
Design, such as Urban Network Design, including both signal setting design
and lane allocation with equilibrium constraints [lane allocation cannot
consistently be carried out without including signal setting design too], design of
bus lines, ... .

On-line transportation systems control methods can also be combined with Intelli-
gent Transportation Systems (ITS) such as Advanced Transportation Information
Systems (ATIS), which may provide information or indications. In this case any
information or indication provided to users should be consistent with the control
strategy and the user reaction leading to closed-loop systems; satisfactory models
of such systems are still an open issue. Currently no method is available to design
all features of a transportation system, possibly including a ITS.

According to an arguable but long since established tradition, measures regarding
restricted area access policy, parking policy, tolls, congestion charge, and the like,
are collectively known as Travel Demand Management (TDM) measures. Needless
to say travel demand resulting from the free choices made by users cannot be cen-
trally managed, but only be described. These kinds of interventions should be con-
sidered part of transportation supply design within a consistent plan also including
kinds of interventions mentioned above.

All these topics are out of the scope of this book.
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Scope of this hook

On deciding on the scope of the book, we decided to make several restrictions, omit-
ting explicit treatment of several important topics, on the grounds that we wish the
content of the book to be of a manageable size for the reader to appreciate. This is not,
however, intended to suggest a boundary of what is possible with the presented
framework; on the contrary, we hope that our work encourages other to cast future
modelling advances within the presented conceptual frame. While there are many
limitations of our work, which we discuss as the detailed treatment unfolds, there
are several aspects that deserve particular mention at the outset. Firstly, we will
consider only journeys that occur from a single origin to a single destination. This
excludes tours, for example a home-shop-work journey with multiple destinations,
as well as good deliveries to multiple locations. Secondly, we consider only networks
consisting of a single mode, and make no explicit treatment of inter-modality (e.g.
park-and-ride, or a goods delivery combining truck with last-mile delivery by
bicycle). Both of these exclusions are significant, but we have made this choice
in order to keep the material more manageable, and in any case the study of such
issues within a fully dynamic transportation systems is to our knowledge an open
research question.

Through Chapters 1-4 main emphasis is on macroscopic modelling, then micro-
scopic methods are discussed in Chapter 5 on time-driven Stochastic Process models
for Day-to-day Dynamic assignment, and in Chapter 6 where macroscopic, meso-
scopic and (event-driven) microscopic modelling approaches to Within-Day Dynam-
ics are discussed. Data-driven methods are not discussed for brevity’s sake; anyhow
they seem more useful to solve specific problems, such short-term traffic forecasting,
incident-detection, ..., rather than providing a wide insight of traffic and transpor-
tation systems.

Summary
Major findings

Travel and transportation play a central role in the lives of most of the world’s pop-
ulation. Thus travel demand and transportation supply as well as their interaction
should carefully be analysed to effectively assess the effects of transportation plan-
ning policies and traffic control strategies. This book deals with travel demand
assignment to a transportation network, the main tool for transportation system anal-
ysis and planning. This preface describes the purpose and the contribution of this
book with respect to the current literature about the tools of Traffic and Transporta-
tion Theory.
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4.2 Further readings

A wide description of most of the tools of TTT may be found in the books by
Cascetta (2001, 2009); assignment tools are also described, but without a complete
and comprehensive analysis of mathematical features, on the other hand implemen-
tation is also discussed. Another widely used book is by de Dios Ortuzar and
Willumsen (2011), where implementation and application issues are discussed
with great details.
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Introduction

Giulio Erberto Cantarella
University of Salerno, Salerno, Italy

The knowledge of first principles, as space, time, motion, number,
is as sure as any of those which we get from reasoning.

And reason must trust these intuitions of the heart,

and must base on them every argument.

Blaise Pascal, Pensées (translated by W. F. Trotter).

Outline. In this chapter the reader may find the basic definitions and assumptions
used to develop the models presented in the next chapters. This is consistent with
the methodology common to applied sciences whose first steps are a preliminary
analysis aimed at providing a simplified description of the system under study and a
statement of assumptions about space and time modelling possibly including sto-
chastic approaches.

A model for transportation system analysis tries to describe the state of a transpor-
tation system as resulting from the interaction between travellers willing to travel and
transportation supply systems providing opportunities to them. In the this section and
the following ones we outline the methodology, common to all modern applied sci-
ences such as engineering and economics, applied in this book and the main assump-
tion supporting it. Reader of this book is assumed familiar with fundamentals of
Calculus, of Theory of Probability, and of Inferential Statistics.

Through all this book we keep clearly separated features of the real world, say
(data from) observations, and those of the modelling tools trying to use different
words as far as we can; for instance location over space and evolution over time come
from observations of the real word, while spatial and dynamic are adjectives only
used to denote models trying to describe these phenomena. Similar considerations
hold with regards to observed variations or fluctuations over space or time in real
world and to adjectives such as random or stochastic only used to denote models try-
ing to describe these variations as well as other sources of uncertainty. The following
examples may help understanding this point and to introduce some basic elements of
modelling theory.

Suppose that you are walking a path in a wood looking for seeds of horse-chestnut
trees to play conkers with a friend you expect will pay you a visit in the near future (or

Dynamics and Stochasticity in Transportation Systems. https://doi.org/10.1016/B978-0-12-814353-7.00001-7
© 2020 Elsevier Inc. All rights reserved.
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for any other reason). You may observe the number of seeds at the foot of each tree
along the path in a given day, location over space, and/or at the foot of a tree in con-
secutive days, evolution over time. The sample of observations can be collected in an
array of variables, such that the index describes the tree (space) or the day (time).

If the number of observations is too large to be easily remembered you may
compute the observed mean to have a roughly idea of the number seeds you
may find together with the observed variance to describe how dispersed the obser-
vations are around the observed mean. Both these values, as well as others indica-
tors from descriptive statistics, are to be considered as observations since they can
be computed from them through (simple algebraic) equations. [This aggregation
procedure introduces a source of uncertainty somehow different from the one dis-
cussed below.]

A more sophisticated approach is based on probabilistic models based on random
variables, such that the model mean and the model variance try to reproduce the
observed mean or variance, and more generally the probability (density) function tries
to mimic the observed frequency distribution; an example are models based on the
Poisson random variable, popular models for both location over space and evolution
over time. These models are not considered proper spatial or dynamic models since
they lack an explicit description of location over space or of evolution over time.

Spatial or dynamic models are those used to explicitly forecast the location over
space (in a future day) or of the evolution over time (in a given location). Models
including random variables are used when forecasting is affected by uncertainty
due to the lack of enough information and possibly other sources of uncertainty,
see below so that effective deterministic models cannot be specified; according to
these considerations dynamic models are named deterministic or stochastic pro-
cesses. [This source of uncertainty due to lack of enough information is somehow
different from the one due to the aggregation procedure discussed above.]

After its specification, any kind of model should be calibrated against observed
data, say its parameters should be estimated through inference statistics methods,
before a practical application is possible. This issue is out of the scope of this book.

The modelling approach discussed above can be extended multi-class models
which also take into account the distribution over other quantitative features, the size
of seeds besides their number, or qualitative features, say different types of items to
collect such as walnut seeds or mushrooms. Multi-type models occur when the dis-
tribution of these features is duly modelled, usually through a probabilistic model.

All the above considerations hold in other fields of application as well: if we change
the path with a long urban street, the seeds with cars, and the trees with links we get the
main elements of Traffic Theory, briefly presented in Appendix B to this book.

Before any (mathematical) model can be developed a preliminary analysis
should be carried out aiming at highlighting the most relevant features and provid-
ing a simplified (verbal qualitative) description of the system under study, as briefly
reviewed in the beginning of Section 2.2 in the Preface for transportation systems.
Main elements are repeated below for reader’s convenience together with new
considerations.
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Users can be travellers, or persons, and freight, or goods. This book main empha-
sis is on travellers, but most described models can relatively easily adapted to freight
transportation. In the following a user may mean a walking person, a person riding a
bicycle, a vehicle, a ton of freight, a (20ft long) container, ..., thus pronoun “it” is
utilised.

Several types of user choice behaviour occur in real life; this book mostly focuses
on two of them only [HYP @]:

+ driving, concerning interactions between users moving on the same facility
(called congestion) and their effects on travel time, ...;

» routing, concerning connections between origin and destination of the journey,
parking location and type, possibly departing time, ... .

User driving behaviour is usually modelled within the transportation supply models,
which describe (if and) how routing user choices affect level of service, say travel
time, delay at junctions, monetary cost, .... On the other hand, user routing behaviour
is usually modelled within the travel demand models, which describe how provided
level of service affects routing user choices.

Transportation supply systems can be distinguished between those providing
continuous over space and time services (walk, bicycles, cars, vans, trucks, ...) or
discrete services (buses, trains, airplanes, ferries, ...), often requiring quite different
modelling approaches; the geographical scale, urban/metropolitan areas vs. extra-
urban connections, is also a relevant features. Discrete service transportation systems
operating in urban areas are often called transit systems.

Making a sharp distinction, a discrete service system may be called:

o frequency-based: most users arrive at random at stops without any pre-trip
planning since they do not precisely know the timetable or the frequency is
so high that it does not matter, thus users perceive the system as a set of lines
with a given frequency over time, (often urban services, like buses, metro lines,

),

o schedule-based: most users arrive at stops at a chosen instant of time after some
pre-trip planning since they precisely know the timetable thus users perceive the
system as a set of scheduled connections (most often extra-urban services, inter-
city trains, air flights, ...).

Presented modelling approaches can be applied to either case above.

For each time of day period relevant for the study at the hand, users are assumed
grouped into user classes (multi-user class models) with respect to origin-destination
pair and possibly to user category and trip purpose. Each group being associated a
travel demand flow, assumed constant in the following, and a common set of itiner-
aries, as well as of behavioural parameters. Each itinerary is broken down into links,
each link being a stretch of street (railway, airway, ...), possibly shared by others
itineraries. Both itineraries and links are modelled following a discrete space
approach through the elements of a graph as described in the next section [HYP @].
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[In this book, as already stated in the preface, tools for continuously modelling
space, e.g. for dealing with pedestrians moving in a square, are not considered.]

Many models presented through this book follow a macroscopic approach [HYP
®] describing the aggregate results of decisions of all the users through flow vari-
ables, measured by number of users per time unit, rather than tracing the journey of
each single user as in mesoscopic or microscopic modelling approach; some meso-
scopic and microscopic are also discussed, but with less details.

Space modelling: Graphs and networks

In this book, as said above, the space is modelled in a discrete way through graphs
and networks; while these two words are often used as synonymous we wish to
give them different meanings as shown below; Section 1.1.1 reviews basic defi-
nitions (under steady state conditions) useful for this book (for more details and
applications of graphs and networks to other applied sciences too, see for instance
Barabasi, 2016). The way to apply these models to transportation systems analysis
will briefly be discussed in Section 1.1.2. Algebraic details will be introduced in
Chapter 2.

Basic elements of graph and network theory

A graph, G, is mathematical object defined by an order pair of (finite) sets, G =(,
A), the first one usually called the set of nodes (or vertices), N, and the second one
usually called the set of arcs, A, a subset of the Cartesian product between the first
one and itself, ACN x N, with elements a=(n;, n,) € A where n;, n, € N.

If any element in set A is an unordered pair, (n;, ny)=(n, n;), the graph is
called undirected and its arcs are often called edges. Vice versa, if all the elements
of set A are ordered pairs, arcs (n;, ny) and (n,, n;) are different, the graph is
called directed, or a digraph; in this case the first node »n;, is called the tail of
arc (n;, ny) exiting from node n;, while the second node n, is the head of arc
(n;, ny) entering to node n,.

If needed we may assume that a graph does not contain parallel arcs, say different
arcs with same head and tail with no loss of generality; indeed if the graph contains
some parallel arcs, it suffices to introduce further nodes to get a new (equivalent)
graph without parallel arcs. Therefore, if the number of nodes is finite the number
of arcs is finite as well.

Graphs used in all applications to model space in transportation systems analysis
are always directed, thus for simplicity’s sake we will further refer to this kind of
graphs only, omitting the word directed.

Fig. 1.1 shows a (directed) graph with 4 nodes: A, B, C, D, and 5 arcs: 1=(A,C),
2=(B,D), 3=(B,C), 4=(A,B), 5=(C,D).

A path from origin node n, to destination node n,, is (a graph) defined by a
sequence of m arcs such that the head of an arc is the tail of the successive one
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FIG. 1.1
A directed graph with 4 nodes and 5 arcs.

(adjacent arcs), that is (ngp, n;), (n;, n2), ..., (N1, n,,), a single arc being a special
case; the origin node, n, and the destination node, #,,, are assumed different. On
the other hand, if the origin and the destination are the same node the path is called
a loop. In an elementary path no node appears twice, thus each node, but the desti-
nation, is tail of one arc and head of one arc, with the exemption of the origin; hence
an elementary path does not contain loops, and is also called loop-less. Thus, if the
number of arcs is finite the number of elementary paths is finite as well. In a simple
path no arc appears twice, Thus, if the number of arcs is finite the number of simple
paths is finite as well.

There 12 pairs of nodes in graph in Fig. 1.1; 6 of them—(B,A), (C,A), (C,B), (D,A),
(D,B), (D,C)—are not connected by any path, 3 of them—(A,B), (B,C), (D,C)—are
connected, each by one path made by one arc only; last 3 pairs of nodes—(A,C), (A,D),
(B,D)—are connected by more than one path, at least one of them composed by more
than one arc.

In particular, the pair of nodes (A,D) is connected by 3 paths: 1=(ACD),
2=(ABD) and 3=(ABCD), shown in Fig. .2A-C, respectively. [Paths are numbered
after arcs 1, 2, 3, respectively.]

An elementary hyperpath is an extension of elementary path where some (pos-
sibly all) nodes, called diversion nodes, may be the tail of one or more arcs, called
diversion arcs, each of which is given a positive weight summing up to one, called
diversion proportion; according to this definition an elementary path is an elemen-
tary hyperpath where there is no diversion node. An elementary hyperpath (with
some diversion nodes) reduces to an elementary path when all diversion proportions
are equal to one, and it is called simple; otherwise it is called a composed elementary
hyperpath, made up by several overlapping elementary paths, each given a traversing
probability obtained from diversion proportions. It is worth noting that a path may
well belong to several hyperpaths, with different traversing probabilities. Thus, if the
number, mp., of elementary paths is finite the number of hyperpaths is finite as well,
at most 2" - 1.

Let nodes A and B be diversion nodes in Fig. 1.1. Between nodes A and B there
are 3 simple hyperpaths given by paths: 1=(ACD), 2=(ABD) and 3=(ABCD),
shown in Fig. 1.2A—C. Furthermore there are 4 composed hyperpaths:
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(A) Path 1=(ACD) between nodes A and D. (B) Path 2=(ABD) between nodes A and D.
(C) Path 3=(ABCD) between nodes A and D.

* 4 made by paths 1 and 2, assuming that a diversion may occur at node A only;

* 5 made by paths 1 and 3, assuming that a diversion may occur at node A only;

* 6 made by paths 2 and 3, assuming that a diversion may occur at node B only;

» 7 made by paths 1, 2 and 3, assuming that a diversion may occur both at node A
and/or node B.

Composed hyperpaths 4, 5, 6, and 7 are shown in Fig. 1.3A-D, respectively. [They
are numbered by the sum of the indices of the paths composing them plus 1.]

An ordered pair of (different) nodes, (np, np) is called connected if there is at
least one (hyper-)path from the first node, n, to the second node, np, single-con-
nected if there is exactly one (hyper-)path, and multi-connected if there are at least
two (hyper-) paths; it is worth noting that the inverse pair (np, np) may not be
connected.
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(A) Composed hyperpath 4. (B) Composed hyperpath 5. (C) Composed hyperpath 6.
(D). Composed hyperpath 7.

If cost variables are attached to arcs (and possibly to nodes) of a graph it becomes
a network, as described below. In discrete networks variables are attached to arc as a
whole, while in continuous network variables can be attached to each point along
each arc.

A network is a graph with a cost, ¢, attached to each arc a. With no loss of gen-
erality a cost ¢’ associated to a node n can be transformed into an arc cost by
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splitting node n into two nodes 7, and n, and introducing arc (n,, n;) with cost ¢’.
The arc cost may be a combination of different cost attributes, depending on the
application.

In a Cost Affine Network (CAN) a cost can be associated to each path through an
affine transformation obtained by summing up costs of all arcs belonging to the paths
and adding some specific and/or non-additive path costs; then hyperpath costs can be
obtained summing up path costs weighted by traversing probabilities.

A flow network is a network with a flow, f,,, attached to each arc a. A flow may
also be associated to each node equal to the sum of the flows of all arcs entering or
exiting the node, unless the node is a source (origin), total exiting flow is greater than
total entering flow, or a sink (destination) vice versa. In a Flow Affine Network
(FAN) the flow associated to each arc can be obtained by an affine transformation
of path/hyperpath flows adding base flows due to other phenomena not modelled by
paths/hyperpaths (see Chapter 2 for formal details and equation for arc flow conser-
vation at nodes).

A Flow Affine Network that is also a Cost Affine Network such that the Cost Trans-
formation matrix is given by the transpose of the Flow Transformation matrix is called
a Transpose cost flow Affine Network (TAN). [In this case it is easy to devise simple
data structures for moving from path/hyperpath variables to/from arc variables.]

A congested network is a flow network where arc costs depend on arc flows
through arc cost (—flow) functions. Quite often the cost attached to an arc can be
split in two terms: one including all congested cost attributes depending on flows
cost plus one including non-congested cost attributes, independent of arc flows.

In this case path/hyperpath flows depend in turn on path/hyperpath flows. On the
other hand, a flow network where arc costs do not depend at all on arc flows is called
uncongested.

Graphs and networks in transportation system analysis

The practical application of a graph model requires specifying what is modelled by
nodes, and which relationship is modelled by arcs, together with the meaning of
flows and costs.

In some applications for transportation systems analysis, nodes usually represent
locations in space, such as street junctions, airports, ..., while arcs represent connect-
ing links, such as streets, airways, ...; graphs and networks for this kind of applica-
tions are called synchronic (or space or 2D graphs or networks). In more detailed
modelling approaches further nodes and arcs may be introduced, such as a node
for each enter or exit to/fro an intersection, thus each manoeuvre may be represented
by an arc, a node for each transit stop, ...

In other applications, for instance to explicitly model scheduled services, it can be
useful that a node represents both a location in space and an instant in time; graphs
and networks for this kind of applications are called diachronic (or space-time or 3D
graphs or networks), and are usually acyclic.
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In addition, each origin or each destination is modelled through a further node
connected to the main network through connecting arcs (or connectors) not corre-
sponding to links, as already stated in the preface. It should be noted the above def-
initions only refer to the kind of application without affecting the mathematical
features of a graph or a network, thus all the above definitions, including those of
paths or hyperpaths, hold for any kind of applications.

Paths and hyperpaths, as well as other graphs, can be used to model itineraries
available to users say routing alternatives resulting from routing choice behaviour,
as described by choice modelling tools in Appendix A. As already stated in the Pref-
ace, in the most general case an itinerary is a routing strategy including both pre-trip
and en-route choices depending on information available to users, as it occurs for
instance if a while-trip information system is in operation, in urban transit networks
with overlapping lines, ...; these strategies can effectively be modelled through
hyperpaths under mild assumptions. In the following the graph used to model an itin-
erary, in most of the cases a paths or an hyperpath, will be called a route, unless fur-
ther details are needed.

In transportation system analysis generally not all pairs of nodes are relevant,
but only those representing an origin and a destination pairs, as defined in Preface.
Preface, each of them is called an OD pair. Connected, single-connected and multi-
connected OD pairs are defined according to definitions introduced earlier with
respect to routes.

After the graph has been defined, the practical application of a network model
requires specifying what is modelled by costs, flows and cost-flow functions. At this
aim it is better to distinguish steady-state conditions vs. within-day dynamics, as dis-
cussed in the next section. Anyhow, in transportation applications congested cost
attributes usually includes travel time along a street, a stretch of railway, ..., waiting
time at junctions, ..., and possibly other congested costs, such as on-board crowding
disutility, penalty for early/late arrival/departure with respect to an indifference time
interval; whilst non-congested costs includes monetary costs, due to fuel, tolls, fees,
fares, ... .

Time modelling: Dynamic models

Time in nature (at a macro scale at least) follows the time’s arrow defined by the
second law of thermodynamics - that is our experience of time irreversibility; time
in history follows a continuous line from past to present to future as well as.

Time as a social construct to organise daily activities usually follows two
evolutions:

» within-day dynamics: that occurs over continuous time during the 24 h of a given
day (conventionally from 4:00 to 4:00 in transportation systems analysis); often
only a part of the day is considered, e.g. the morning peak hour (7:30-8.30);
models for transportation systems analysis where this dynamics is explicitly
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taken into account are called within-day dynamic, otherwise (within-day) steady-
state;

* day-to-day dynamics: that occurs over discrete time from (a part of) a given day
and the next one; models for transportation systems analysis where this dynamics
is explicitly taken into account are called day-to-day dynamic, otherwise
equilibrium (Box 1.1).

Both these two kinds of dynamics can be observed in a real transportation system
and need to be properly modelled through different tools for a complete descrip-
tion of a transportation system. Unfortunately no complete model including both
kinds is already available in literature, while only partial modelling approaches
have been proposed, named double dynamic models (see Chapter 6). Nonetheless,
in this book, as shown in the following Section 1.5, we propose a modelling
framework general enough to encompass most existing approaches and to support
new ones.

Most effective models used to approach equilibrium analysis are derived from
Fixed-Point (FP) theory, as described in Chapter 3 under steady state conditions;
these models are very powerful and flexible, and also useful to recognise equilib-
rium a special case of Day-to-Day Dynamic analysis. Almost all models used to
approach Day-to-Day Dynamic analysis are Deterministic Process (DP) models
derived from the Non-linear Dynamic Systems theory, as described in Chapter
4, or are derived from the Stochastic Process theory when several sources of uncer-
tainty are explicitly taken into account (see next section), as described in Chapter 5.
Following above considerations, under steady-state conditions, Deterministic and
Stochastic process models used for Day-to-Day Dynamic analysis are more prop-
erly specified in discrete time; they are a very powerful tools for time limit analysis
of the evolution over time, DPs suitable for carrying out stability and bifurcation
analysis, SPs suitable to carrying out full statistical description through the invari-
ant probability distribution.

On the other hand, Deterministic and Stochastic process models used for Within-
Day Dynamic analysis (see Chapter 6) are more properly specified in continuous time
following a macroscopic or a microscopic approach, respectively. The application of
continuous time or (event-driven) SP models are often called micro-simulation (see

Box 1.1 Diary metaphor.

Consider an instant of time (assumed a measurable quantity at macroscopic level) described in the
form: YYYY/MM/DD/sec, where sec is a real number in the range [0, 86400]. When you wish to put a
new entry in your diary, for example a one-day workshop, first you look for the page corresponding to
the year YYY'Y, the month MM, the day DD, and likely write down on top of the page the title and
venue of the congress, then you write down within the page details of the timetable that, in theory, may
refer any time, sec, within the day. Still, scheduling any event between the day before, the day of the

workshop, and the day after is meaningless.
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also appendix B). In this case however these tools are used to analyse the evolution
over time during a transient, and the time limit analysis is rather meaningless, since
main input data, such as demand flows, and some state variables, such as queue
length, keep changing over time. These models are often discretised over time
and space for solution.

Under steady-state conditions, space can be modelled through a discrete net-
work and a (generalised) transportation cost can be associated to each arc, usually
combination of several attributes regarding time (on-board, waiting, delay due to
junctions, ...) and money (fuel cost, tolls, fees, ...), the unit of measure unit being
time as for all other costs. Moreover, a flow can be associated to each arc, measured
in users per time unit as all other flows. This way, a Transpose cost flow Affine
Network (TAN) is obtained, which can be considered synchronic. Cost-flow func-
tions, modelling driving behaviour can be specified through application of Traffic
Flow Theory, reviewed in Appendix B, while route choice behaviour can be mod-
elled through tools of Choice Modelling, reviewed in Appendix A.

Since transportation supply can be modelled through a TAN, the theory of travel
demand assignment under steady-state conditions is now well developed, both for
continuous and discrete (frequency-based) service systems.

Under within-day dynamic conditions different modelling approaches are usu-
ally followed to describe transportation supply with continuous or discrete (sched-
uled) service systems. In the latter case, indeed, a diachronic discrete TAN can
effectively be used to model space and time, thus models for steady-state conditions
can almost straightforwardly still be applied. In some cases a diachronic discrete
TAN could also be used for continuous service systems by duly discretising time,
still in several other cases TANs are not suitable for properly modelling Within-day
Dynamics.

On the other hand, mostly modelling continuous service systems under within-day
dynamic conditions is based on continuous networks since (as already noted in the pref-
ace) flows and costs depend on time and on the position within the arc. Moreover, travel
time should explicitly be modelled if different from transportation cost.

In addition, the relation between arc and route flows is highly non-linear since the
flow entering an arc at a given time depend on travel time to reach the arc, generally
through different paths, the travel time of each of these paths depends on the travel
time of each arcs previously traversed, which in turn depend on the flow that has
traversed them. Hence, within-day dynamic models for transportation supply anal-
ysis are highly non-linear including several feedbacks.

Under within-day dynamic conditions demand modelling also requires to include
departure time choice behaviour through pre-fixed proportions or explicit choice
model through tools of Choice Modelling, reviewed in Appendix A. It is not surpris-
ing that no fully consistent unifying general theory is available yet; some existing
modelling approaches will be reviewed in Chapter 6, embedding them in the general
framework depicted in Section 1.5.
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Uncertainty modelling: Stochastic models

Several sources of uncertainty may prevent a precise description of a transportation
system. Some of them are discussed below.

» User perception errors: users may take wrong decisions since they wrongly
perceived or weight attributes such as travel time or money affecting the set
and the utility values of the available options.

» User heterogeneity: aggregation is necessary to keep any model at a manageable
level of complexity but it introduces modelling errors:

over space, for example during study area delimitation and zoning;

over time, for example neglecting difference among days of the week;
over type, for example grouping users with respect to class of income, age,
education degree.

» Missing attributes: due lack of data modeller may decide to exclude some
attributes who affect users’ behaviour, for example weather conditions, or may
ignore them.

+ Attribute measurement errors: attribute measurements may be affected by errors
due to for example data collection procedures, different conditions during
collection.

All these sources of uncertainty, as well as others not described above, support the
use of uncertain numbers to model (at least some of) the relevant variables of an
effective user choice behaviour modelling. As already noted in Preface, even though
future were perfectly determined by past, still it may not be perfectly forecasted due
to lack of enough information about past, as well as to uncertainty affecting forecast-
ing methods.

Several approaches are available to the skilled modeller to catch the many elusive
facets of uncertainty, including fuzzy sets theory, evidence theory, possibility theory
leading to fuzzy numbers, probability theory leading to random (numbers or) vari-
ables, each of them with strengths and weaknesses, and generally modelling only
some of the many facets of uncertainty (some of these approaches are described
in Appendix A with reference to choice modelling).

In this book we will mostly use random variables from probability theory since
they are well established in transportation systems analysis, calibration of models
based on them can be consistently carried out through techniques from inferential
statistics, they can easily be casted in a day-to-day dynamic framework leading to
stochastic process models. On the other hand, the formal structure of assignment
models presented in Chapters 2—4 following a macroscopic approach do not need
random variables and may well include other approaches to uncertainty. Needless
to say Stochastic process model for day-to-day dynamic assignment, described in
Chapter 5, are meaningful under the assumptions of Probability Theory only.

Within-day Dynamics can be modelled, as shown in Chapter 6, through different
approaches: macroscopic, mesoscopic and microscopic, the last leading requiring
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a sort of stochastic modelling. As already noted in the previous section, micro-
simulation or discrete simulation usually refers to the application of continuous
time or (event-driven) SP models, as in Chapter 6 for Within-day Dynamic analysis
and in appendix B for traffic flow analysis.

Founding conceptual equations

This section describes the main framework used in this book to develop models for
travel demand assignment to transportation networks, and will applied in Chapters
2-6. It is general enough to encompass other approaches that are already available
literature, but not mentioned in this book, or to support the development of new ones.

The proposed framework for assignment models requires to specify six equations
among six vectors, thus any model consistent with it is named SEAM, acronym of
Six Equation Assignment Model, also meaning that it joins together the transporta-
tion supply model and the travel demand model, as described below.

Given the network modelling connections and cost function, the transportation
supply model describes how user choice behaviour affects network level of service
through three equations:

EQN 1. arc-route flow consistency relation;

EQN 2. arc cost(—flow) function, modelling effects of driving behaviour (through a
macroscopic approach), say congestion (cfr Chapter 2), in uncongested
networks arc costs do not depend on arc flows, thus Eq. 2 is not present;
similar concepts may be defined for mesoscopic and microscopic
approaches; in some cases the arc cost may be different from travel time, and
both need to be separately modelled;

EQN 3. route-arc cost consistency relation.

The arc cost(—flow) function is always non-linear. Under steady state conditions
both the flow and the cost consistency relations can be specified through affine trans-
formations. On the other hand under within-day dynamic conditions, flow (and pos-
sibly cost) consistency relations are highly non-linear.

Given the travel demand flows, assuming that each itinerary is described by a
route, the travel demand model this model describes how network level of service
affects user route choice behaviour, usually through three equations:

EQN 4. route utility function, between route utility and costs,

EQN 5. route choice function, between route utilities and route choice proportions,

EQN 6. route-demand flow consistency relation, involving demand flows and route
choice proportions.

The route-demand flow consistency equation is linear in any case, under the assump-
tion of constant demand flows. The utility function is specified through an affine
transformation almost always in research analysis, as well as in practical applica-
tions. The route choice function, derived from any discrete choice analysis theory
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(e.g. Random Utility, Fuzzy Ultility, Prospect, ... theory) is non-linear; together the
utility function and the choice function make the choice model (cfr Appendix A).

Full exploitation of the SEAM framework is currently available for steady-state
assignment only, still this conceptual framework may be applied in a broader sense to
within-day dynamic assignment too.

Once all the six equations have been specified the resulting SEAM is usually sim-
plified into a model with two non-linear equations between two vectors only with
respect to:

» route costs and flows: Eq. 1, Eq. 2 and Eq. 3 are combined together into the route
cost function, while Eq. 4, Eq. 5 and Eq. 6 are combined together into the route
flow function, or

 arc costs and flows: Eq. 2 stays alone, and Eq. 3 Eq. 4, Eq. 5 Eq. 6 and Eq. 1 are
combined together into the arc flow equation.

Either model it is named TEAM, acronym of Two Equation Assignment Model. This
modelling approach is very effective when a TAN can be used to model transporta-
tion supply, since highlight the role of non-linear Eqgs. 2 and 5.

Summary
Major findings
This introduction reports the main hypothesis and definitions underling the models
proposed in this book for travel demand assignment to a transportation network, also
helping classifying them. At the end of the chapter a general modelling framework is
proposed, named SEAM, acronym of Six Equation Assignment Model. This frame-
work is an original contribution of the authors who already used them in some of their
recent papers.

Models for within-day static assignment, where no kind of dynamics is explicitly
addressed, are described in full details in Chapter 2, for uncongested networks, and
Chapter 3 where fixed-point (FP) models for equilibrium assignment to congested
network are discussed. In Chapters 4 and 5 deterministic (DP) and stochastic process
(SP) models for day-to-day dynamic assignment are respectively presented. Models
for within-day dynamic assignment are described in full details in Chapter 6. Defi-
nitions and notations are introduced in a progressive way chapter by chapter.

The reader may find useful to move from this point to Appendix A to review
Choice Modelling Theories and to Appendix B to review Traffic Flow Theory.

Further readings

As already stated implementation and application issues are out of the scope of this
book, mainly focusing on mathematical features. For details on these issues see
Cascetta (2009). Further considerations on within-day static vs. dynamic flows
can be found in Kohler et al. (2009). A companion book (possibly by other authors)
discussing these issues has already been programmed for 2020.
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CHAPTER

Assignment to uncongested
networks

Giulio Erberto Cantarella
University of Salerno, Salerno, Italy

The White Rabbit put on his spectacles.

“Where shall | begin, please, your Majesty” he asked.
“Begin at the beginning,” the King said gravely,

“and go on till you come to the end; then stop.”
Lewis Carroll, Alice in Wonderland.

Outline. This chapter introduces basic definitions and notations common to all
kinds of assignment models proposed in the next chapters, and a comprehensive
modelling approach to static assignment to uncongested networks useful as such
or as a part of models for assignment to congested network; presented models are
consistent with the SEAM modelling framework presented in Chapter 1, actually
being a special case, called Five Equation Assignment Model since the arc cost
function is missing; the arc flow function as a flexible model is introduced and
discussed.

Methods for travel demand assignment to transportation networks play a central role in
transportation system analysis describing how travel demand and transportation supply
interact each other. These methods allow to compute performance level and user flow
for each supply element (network arc), resulting from origin-destination demand
flows, user choice behaviour, and the interactions between supply and demand in
the current or any design scenario. Their results, in turn, are the inputs for the design
and/or assessment evaluation of transportation projects.

This chapter discusses within-day static assignment to uncongested transportation
networks, the simplest kind of assignment, relevant as such and as the first step of a
long journey through increasingly more general kinds of assignment discussed in the
following Chapters 35, before moving to within-day dynamic assignment in Chapter
6. In any case travel demand is assumed given [HYP @].

The topic of travel demand assignment to uncongested transportation networks has
beenrarely been discussed as suchin literature. The book by Sheffi (1985) was the first to
provide a specific analysis of this kind of assignment assuming that the route choice
behaviour is described by a Random Utility Model (cfr Chapter 3), naming it Stochastic

Dynamics and Stochasticity in Transportation Systems. https://doi.org/10.1016/B978-0-12-814353-7.00002-9
© 2020 Elsevier Inc. All rights reserved.
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Network Loading (SNL); since then this name has been widely used - assignment with
deterministic route choice being traditionally called All-or-Nothing (AoN). Strangely,
afterwards the name Dynamic Network Loading (DNL) has been introduced for defin-
ing the relationship between route and arc flows and costs (cfr EQN 1 and EQN 2 of
SEAM) under within-day dynamic conditions, thus leading to ambiguous meaning of
Network Loading. Recently, the book by Cascetta (2009) introduced clearer names
and acronyms: Stochastic/Deterministic assignment to Uncongested Networks
(SUN/DUN).

In this chapter, we introduce and discuss a comprehensive modelling approach
to assignment to uncongested networks, including all those mentioned above as
well as all those that result from most route choice modelling approaches (cfr
Appendix B to the book). Hence we named it Comprehensive assignment to
Uncongested Networks (CUN). It is described for steady-state conditions, but
it also applies to any TAN. Presented models are consistent with the SEAM
modelling framework presented in Chapter 1, actually being a special case, called
Five Equation Assignment Model (FEAM) since EQN 2, arc cost function, is
missing. Emphasis is models and their features, whilst solution algorithms are
only briefly addressed.

A special case occur assuming that all users follow a maximum utility or mini-
mum cost routes, this kind of assignment is traditionally called All-or-Nothing
(AoN) assignment and this denomination is followed in this book since it may be
derived from several theories, such as Deterministic Utility Theory, Expected Utility
Theory, or as a limit case of Random or Fuzzy Utility Theory (see Remarks in the
Summary at the end of this chapter).

First we introduce basic notations and definitions in Section 2.1, then we dis-
cuss single-class assignment, when of all users belonging to the same class, in
Section 2.2, and multi-class assignment in Section 2.3, when users are grouped
into classes with different characteristics; in Section 2.4 independent route formu-
lation is discussed and finally in Section 2.5 the arc flow function is introduced
for assignment to uncongested networks.

Basic notations and definitions

Connections are described by an oriented graph G(N, A CN x N), an order pair of a
set of nodes N and a set of arcs A. Each origin and each destination is modelled
through a further node connected to the main network through connecting arcs (or
connectors) not corresponding to real infrastructures. Each route connecting an ori-
gin - destination pair (o-d pair) is described by an acyclic sub-graph depending on
the application: a path, when the route to destination is completely chosen at origin,
or a hyperpath, when the route chosen is result of travelling strategy including both
pre-trip and en-route choices.

Transportation supply is modelled through a (synchronic or diachronic) flow net-
work, that is a graph with a transportation cost, c,, and a flow, f,,, associated to each arc,
a. Moreover, a transportation cost, w,, and a flow, #,, is associated to each route, .
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Main sets and vectors used in the following are enlisted below in alphabetical order
(sets come first) for reader’s convenience:

A s the set or arcs, assumed non empty and finite, with m=1A| elements;
R s the set or routes assumed non empty and finite, with n=IR| elements;
¢>0 isthe m x 1 (column) vector of arc costs with entries c,;

f>0 is the mx 1 (column) vector of total arc flows with entries f;;

h>0 isthe nx 1 (column) vector of route flows with entries #,;

w>0 is the n x 1 (column) vector of total route costs with entries w,.

Under steady state conditions, consistency equations hold among the above variables
expressed by affine transformations (TAN):

f=B -h+fy (2.1
w=BT.c+wy 2.2)
where

B is the m x n arc-route generalised incidence matrix (ARGIM) with entries
b, €]0,1] if route r uses arc a, b,,.=0 otherwise; meaning of entries b, depends
on the definition of route, see below for details and examples;

fz>0 isthe m x 1 (column) vector of other arc flows with entries f , not due to
route flows, for instance route flows h regard car flows, while arc flows in
vector fz regard lorries, taxis, ...;

wz >0 isthe n x 1 (column) vector of other route costs with entries w . that are
not additive over generic arc costs, for instance tolls, fees, ... with respect to
travel time.

Eq. (2.1) also expresses the arc flow conservation at each node for each o-d pair.
[Thus, no further equation is need like in fluid or electric networks where route flows
are not introduced as variables.]

The arc-route generalised incidence matrix in Eqs (2.1) and (2.2) is very useful
for compact matrix notations, but there is no need to explicitly define it for compu-
tation and application. [Examples below show it for pedagogical purpose only.]

Above equations and the meaning of matrix of B are discussed below for two cases: routes are
modelled by paths or by hyperpaths. Further useful definitions of route variables will be introduced
and discussed at the end of this chapter. Let

A be the arc-path incidence matrix with entries d,,=1 if arc a belongs to path k, 8,=0
otherwise.

Table 2.1 shows the arc-path incidence matrix for graph in Fig. 1.1 with respect to the 3 paths
connecting nodes A and B, already shown in Fig. 1.2.

The cost of path k is given by the sum of arc costs over all arcs belonging to path & plus the other

path cost:
orXe =Y SucatXzi  Vk 23)

orX:AT-c+xz
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Table 2.1 Incidence matrix (cfr graph in Fig. 1.1)

routes
1 2 8
a 1 1 0 0
2 0 1 0
"3 ] oo
4 0 1 1
5 1 0 1

Table 2.2 Arc-path cost consistency

routes

1 2 3 ©

1T 1] 0] o 15

al2To1] o 12
)

c 3l olol 8

e 4 lol 1]+ 24

5 | 1 [ o] 1 15

w

where

x>0 is the cost of path k;

x>0 is the path cost vector, with entries x;;

Xz >0 is the other cost of path k;

xz > 0 is the path other cost vector, with entries xz.

Table 2.2 shows an example of the arc-path cost consistency equation, with respect to the arc-
path incidence matrix in Table 2.1, other costs are not considered.

Analogously the flow of arc a is given by the sum of the path flows over all paths traversing arc
a plus the other arc flow:

fa= Zk:aeky K +fra  Va

Orfa = ZkaakyK +fZ.a Va (24)
orf=A-y+fz
where

¢ >0 is the flow of path k;
y >0 is the path flow vector, with entries yj.

If routes are paths then h=y, w=x, and the arc-route generalised incidence matrix is given by
the arc-path incidence matrix, B=A, thus (2.1) and (2.2) are proved.

Table 2.3 shows an example of the arc-path cost consistency equation, with respect to the arc-
path incidence matrix in Table 2.1, other flows are not considered.
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Table 2.3 Path-arc flow consistency

h |2380]1010] 210 |

f
1 JoeTo 2380
2 | o | 1] o 1010
"1 3 0| o] 1 210
ST a4l o 1] 1 1220
5 | 1] o] 1 2590
1| 2 | 3
routes

On the other hand, if routes are hyperpaths, they includes some diversion nodes and each arc exiting
from any diversion node is given a diversion proportion (cfr Chapter 1). Let y,,,- €[0,1] be the diversion
proportion given to arc a with reference to hyperpath (route) r, it may have the following values:

. €]0,1], if arc a is a diversion arc belonging to hyperpath r, y,.=1 meaning that only one
diversion arc exits from the diversion node,

.= 1, if arc a is not a diversion arc, and belongs to hyperpath r,

=0, otherwise, that is if arc a does not belong to hyperpath r.

All diversion proportions from the same (diversion) node have to sum up to 1. The values of
diversion proportions at a diversion nodes depend on the application.

For instance for an urban transit system with overlapping lines they are proportional to the fre-
quencies of the bus lines considered within the hyperpath among all lines available at the bus stop
corresponding to the diversion node. Fig. 2.1 shows an example of transit network (cfr Chapter 1),
each arc is a bus line, the attached number is the bus frequency, A and B may be diversion nodes.

Corresponding diversion proportions for the composed hyperpaths 4, 5, 6, and 7—cfr
Fig. 1.3A-D—are shown in Fig. 2.2A-D.

The proportion A, that user follows path k& having chosen hyperpath r is given by:

thus

M €]0,1] if path k is in hyperpath r,
M=0 otherwise, that is path & is not in hyperpath r.

Let
A Dbe the path-hyperpath proportion matrix with entries A, with > A, =1 Vr.

Table 2.4 shows an example of the path-hyperpaths proportion matrix considering the simple
hyperpaths 1, 2, and 3, and the composed hyperpaths 4, 5, 6, and 7.

FIG. 2.1

Transit network with line frequencies.
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(A)

FIG. 2.2

(A) Diversion proportions for composed hyperpath 4. (B) Diversion proportions for
composed hyperpath 5. (C) Diversion proportions for composed hyperpath 6. (D)
Diversion proportions for composed hyperpath 7.
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Table 2.4 Path-hyperpath matrix

hyperpaths
1 2 3 4 5 6 7
1.00 | 0.00 | 0.00 | 0.75 | 0.00 | 0.00 [ 0.75
0.00 | 1.00 | 0.00 | 0.25 | 0.75 | 0.80 | 0.20
3 [0.00| 0.00| 1.00 | 0.00 | 0.25 | 0.20 | 0.05

-

paths
N

The cost of hyperpath r is given by the weighted sum of the path costs over all paths belonging
to hyperpath r plus the other hyperpath cost not including other path cost:

w, = Z X+ wz, Vr
or
w= AT -x+w;/ (2.5)
where
wz' >0 s the vector of other route costs with entries w,,’ not including other path costs.

Analogously the flow of path & is given by the weighted sum of the hyperpath flows over all
hyperpaths including path k:

W= Mrhe Vk

or

y=A-h (2.6)
If routes are hyperpaths combining Eqs (2.3) and (2.5) yields:

w= AT-AT.-c+wz 2.7)

where wz =AT - xz+wy/. Moreover, combining Eqgs. (2.4) and (2.6) yields:

f=A-A-h+fy (2.8)
Thus assuming B=A - A (2.1) and (2.2) are proved.
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A is the set of arcs, with m=I|Al elements;
R; is the set of (elementary) routes for o-d pair i, with n;=IR;| elements;
n=Y_;n; is the number of routes connecting all o-d pairs;

This section presents models for assignment to uncongested networks if users are
only distinguished with respect to o-d pair i they are travelling from/to with a com-
mon set of routes, called the route choice set assumed non empty and finite. Main
vector notations used in the following are enlisted below in alphabetical order for
reader’s convenience (sets come first, then Roman letters, at last Greek letters); these
notations exploit the block structure of most vectors and matrices introduced in the
previous section.
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Sy 2{h;>0: 1" h;=d;} CE" is the feasible route flow set for o-d pair i
according to route-demand flow consistency Eq. (2.13);

S, 2 {h with blocks h; € S;;} ={h with blocks h; >0: 1T h;=d;} CE" be the
feasible route flow set;

B; is the (m x n;) block of the ARGIM for o-d pair i;

¢>0 isthe mx 1 (column) vector of arc costs;

d;>0 is the demand flow for o-d pair i;

f>0 is the m x 1 (column) vector of total arc flows;

f;>0 is the m x 1 (column) vector of other arc flows;

h;>0 is the n; X 1 (column) block of the vector of route flows for o-d pair i;

h,(-) 1is the n; x 1 (column) route flow function for o-d pair i;

p;>0 isthe n; x 1 (column) block of the vector of route choice proportions for
o-d pair i, with 17 p;=1;

p:i(-) isthe n; X 1 (column) route choice function for o-d pair i;

v; isthen; x 1 block of the (column) vector of route systematic utility for o-d pair i;

w; >0 isthe n; x 1 block of the (column) vector of total route costs for o-d pair i;

wz; >0 isthe n; x 1 block of the (column) vector of other route costs for o-d pair i,

w;(-) s the n; x 1 (column) route cost function for o-d pair i;

0;,>0 is the vector of the route choice function parameters for o-d pair i;

y; >0 is the utility scale parameter in the route choice model, for o-d pair i.

Arc and route and demand flows are assumed measured by a common unit: users per
time unit, where a user may be a person walking or riding a bicycle, or a vehicle (a
car, a bus, a truck, ...), a ton of freight, a TEU, .... Arc and route costs are assumed
measured by a common unit, usually travel time or money, through duly homogeni-
zation of different attributes not explicit introduced to simplify notations.

This section focuses on transportation systems with a single transportation mode
[HYP ®] and single vehicle type [HYP ®].

Supply model

Transportation supply models express how user behaviour affects network perfor-
mances. This section describes the two equations that according to the FEAM
framework specify the transportation supply model for a transportation system in
steady-state conditions in the case of an uncongested network, when users are dis-
tinguished with respect to o-d pair only.

» arc-route flow consistency relation

Under the steady-state assumption the total arc flows due to all o-d pairs can be
obtained from the route flows through an affine transformation from the route space
to the arc space defined by the arc-route generalised incidence matrix; highlighting
the block structure in Eq. (2.1) it yields:

f=) Bih+f, 2.9)
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e arc cost function

No arc cost function since the network is uncongested, thus the arc cost vector, ¢, is
an input data.

* route-arc cost consistency relation

Under the steady-state assumption the route costs for o-d pair 7, can be obtained from
the arc costs through an affine transformation from the arc space to the route space
defined by the transpose of arc-route generalised incidence matrix; highlighting the
block structure in Eq. (2.2) it yields:

w;=BT-c+wy Vi (2.10)

Demand model

Travel demand models express how network performances affect user choice behav-
iour. Only route choice behaviour, and possibly vehicle type choice behaviour are
explicitly modelled assuming constant demand flows. This section first describes
the three equations that according to SEAM framework specify the travel demand
model with given demand flows (constant demand).

+ route utility function

The utility function for o-d pair i is assumed specified through a linear transformation
of route costs [HYP @], almost always in research analysis as well as in practical
applications:

vi=—y,w; Vi (2.11)

where ;>0 is the utility scale parameter, such that the term y; w; is dimensionless
to be consistent with utility unit. A constant term has not been introduced since it
plays the same role of the other route cost vector. [More generally the utility function
may be any continuous non-linear strictly decreasing separable function, since the
utility of a route only depends on the cost of that route.]

» route choice function

Route choice behaviour for o-d pair i can be described by applying any discrete
choice modelling theory (see Appendix A2 to the book) so that route choice propor-
tions depend on route systematic utility:

p;=p;(vi; 0;) Vi (2.12)
where 0; is the choice function parameter vector, whose meaning depends on the

choice model specification. If a utility scale parameter is present, it is considered
included in the utility parameter p; (or vice versa).

.
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Definition 1 A choice function is defined regular, if:

it is continuous and monotone increasing with respect to systematic utility,

e it is continuously differentiable with symmetric positive semi-definite (with
respect to real vectors) Jacobian, formally Vp,(v;) > 0,

» resulting choice proportions depend on differences between systematic utility
values only [HYP ®].

Most often Random Utility Theory (RUT) is applied, assuming that (i) each user,
travelling between o-d pair i, associates to each available route a perceived utility,
(i) the perceived utility is modelled by a continuous random variable, with mean
given by the systematic utility, due to several sources of uncertainty regarding the
users or the modeller, and (iii) chooses the maximum perceived utility route; thus
the choice probability of an alternative is given by the probability that its perceived
utility is equal to maximum among all alternatives; hence the route choice propor-
tions are assumed defined by the route choice probabilities.

When the perceived utility co-variance matrix is non singular, a probabilistic
route choice function is obtained; it is also called strictly positive if each alternative
gets a strictly positive probability, whichever are the systematic utility values; exam-
ples of strictly positive probabilistic route choice functions are the Logit, Weibit,
Probit, Gammit choice functions, usually adopted for route choice modelling.
[Strictly positive choice functions may sound somehow unrealistic, as any model
they have to be considered suitable mathematical approximations.] If the parameters
of the perceived utility pdf do not depend on systematic utility values, the resulting
choice function is called invariant, if continuous and continuously differentiable, it is
regular.

Anyhow Eq. (2.12) is generally enough to include choice models derived from
other discrete choice theories, such as Fuzzy Utility Theory, Bounded Rationality,
Prospect Theory, ... (some of them are described in Appendix B). In any case, a
choice function combined with an utility function gives a choice model.

An example of choice function (2.12) derived from RUT is the well known Logit choice function,
often used as benchmark. For each o-d pair i, connected by routes in the route choice set R;, the
choice proportion/probability of using route r is given by:

pr = exp (V,./@,-)/Zkem exp (vi/6;) VreR;

where 0,=(6"%/1) 6;220.78 5; >0 is a dispersion parameter proportional to the standard deviation o;
common to the perceive utilities of all routes connecting o-d pair i; the above Logit function is
invariant if the route choice set R; and the dispersion parameter 6; do not depend on systematic
utility values. Combing the above choice function with the utility function: v,=—; w,, leads to:

pr= exp(fw,./ei)/zkem exp(—wx/0;) VreR;

The utility scale parameter y; is included in the dispersion parameter 0;.
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» route-demand flow consistency relation

Flow conservation for o-d pair i can be expressed as:
hi=d;p; Vi (2.13)

It assures that the sum of the flows of all routes connecting the o-d pair i sum up to the
demand flow, that is 1T h,;=d;, since 17 p:=1, and non-negative, h; >0, since d;>0
and p; > 0. A constant term has not been introduced since the resulting arc flows may
be considered in the other arc flow vector. Let

n; be the number of routes connecting o-d pair 7;

n=Y;n; be the number of routes connecting all o-d pairs;

Spi 2 {h;>0: 1" h;=d;} CE" is the feasible route flow set for o-d pair i
according to route-demand flow consistency Eq. (2.13); this set

 has afinite dimension if the number of routes available to o-d pair i is finite (as it
occurs considering all or some elementary routes),

e is non empty if o-d pair i is connected by at least one route,

* is compact, since closed and bounded [in the Euclidean space],

+ is convex.

S, 2 {h with blocks h; € Sj;} = {h with blocks h,>0: 1" h;=d;} C E" be the feasible
route flow set, with same features of sets S;; since their number is finite.

Fig. 2.3 shows the feasible route flow set for an o-d pair connected by 3 routes (cfr
pair of nodes (A, D) in Chapter 1), with demand flow d. It is described by a triangle in
a 3-dimensional space defined by 3 axis, one for reach route flow, #;, h,, h3, each
vertex representing the case of all demand flow, d, using one route only.

Set in Fig. 2.3 can also be drawn in a 2-dimensional space (plane), as in Fig. 2.4. It
is still described by a triangle each vertex representing the case of all demand flow, d,
using one route only (cfr De Finetti diagram). On each axis the wide tick is at flow
equal to 0.50d, narrow ticks at 0.25d or 0.75d; the three axes meet in point represent-
ing the case of all 3 route flows being equal, #;=h,=h3;=1/3 (the blue circle).

0,04/,

hy” e

FIG. 2.3
Feasible route set, in 3D space, for 3 routes.
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hy
FIG. 2.4

Feasible route set, in 2D space, for 3 routes.

Table 2.5 shows an example of demand model, say Eqs (2.11), (2.12), and (2.13), from route costs
to route flows, through route utility and route choice proportions, with reference to the 3 routes in
Tables 2.2 and 2.3. Choice functions is the Logit function in the above example, the utility scale
factor is included in dispersion parameter 0=7; the demand flow d=3600.

Table 2.5 Demand model.

w | 30 36, | 47

v [-30 | =36 | 47
P |0.66 [0.28| 0.06
h 2380 [1010 | 210

Parking choice hehaviour

Parking choice behaviour jointly with route choice behaviour can easily be casted
in the previously described model, defined by Eqs (2.9)—(2.13), by describing each

destination with three nodes:

1. the access node, it models the access to parking facilities available in the
destination zone and it is connected through a parking arc for each available
parking type (free, metered, illegal, on street, on dedicated areas, ...) to

2. the egress node, it models the egress from the parking facility and it is connected

through walking arcs to

3. the final destination node, and possibly to the final destination nodes in other

Zones.

The cost associated to each parking arc includes time to find a slot, fare (for metered
slots) or mean fine (for illegal parking), and can be differentiated by od pair i, user
category j and vehicle type m to model restricted parking policies. This modelling

approach is based on Bifulco (1993).
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Independent route formulations

The above presented FEAM (2.9)—(2.13) can be reformulated with respect to indepen-
dent route variables. Indeed one route choice proportion or flow is redundant because
it may easily be obtained from the others, assuming all o-d pairs connected by at least
two routes with no loss of generality; indeed arc flows due to o-d pairs connected by
one route can be added to the vector of other arc flows. With reference to the standard
form for simplicity’s sake, for each user class i any of the first 71;=n; — 1 routes is called
an independent route, i-route for short. To get a compact matrix formulation, let

n; be the number of routes connecting o-d pair 7;

fi;=n; — 1 be the number of i-routes connecting o-d pair i;

I; be the (n; X n;) identity matrix;

E; be the (7; X n;) matrix obtained by dropping the last row from the identity

matrix I;

¢,=[0,0, ..., 117 be the n;-th versor, say a (n; X 1) column vector given by the
transpose of the last row of the identity matrix I;

1,=[1,1, ..., 117 bean (n;x 1) column vector with all entries equal to one;

Li=I;—e; ~1,-T) . E,T be a (n; X i1;) the route - i-route matrix, obtained from the
(i; X i1;) identity matrix by adding at the bottom one more row given by the
(1 x ;) row vector —1] with all entries equal to —1.

Table 2.6 shows how matrix L can be obtained from matrix I for 3 routes.

Table 2.6 Route—i-route matrix.

E
1 1 0 0
1 0 0 0 1 0
0 1 0
0 0 1 el
0 0 1
e e1T
0 1’ 0 0 0
o] « [ a1 1] =]To]o]o
1 1 1
I e1T I-e-1T
1 0 1 0 0 0 1 0
0 1 0 | - 0 0 0 =10 1 0
0 0 1 1 1 1 -1 -1 0
I-e-1T E' L
1 0 1 1 0
0 1 0 . 0 1 =10 1
-1 | -1 0 0 0 |
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The equations below hold between route and i-route choice proportion and flow
vectors in any case:

p,=E;-p; Vi (2.14)
h;=E;-h; Vi (2.15)
p;=Li;-p;+e Vi (2.16)
h;=L;-hj+hy Vi (2.17)
where

h;>0 is the 7; x 1 (column) block of the vector of i-route flows for o-d pair i;

h,(-) is the 7i; x 1 (column) i-route flow function for o-d pair i

P;>0 isthe7i; x 1 (column) block of the vector of i-route choice proportions for
o-d pair 7, with 17 p; < 1;

P:(-) s the 71; X 1 (column) i-route choice function for o-d pair i;

W; is the ; X 1 (column) i-route cost (differences) function for o-d pair i.

hz;,=d;e; isa(n;x1)column vector with all entries equal to 0, but the last one
equal to the demand flow.

In most cases, such as for invariant choice functions derived from RUT, the route
choice proportions p; for user class i do not actually depend on systematic utilities
v; but on their differences only [HYP ®]. Let ¥; be the vector of i-route systematic
utility differences, with an entry for each i-route given by the i-route systematic util-
ity minus the systematic utility of the last route, that is:

\7,' = L,‘T Vi Vi (218)

Thus the i-route choice proportions P; may be specified as a function of the i-route
systematic utility differences, that is:

p,=p:(¥:9;) Vi 2.19)
See Section 2.2 for details about its specifications and features.

Definition 2 A choice function referring to independent alternatives only is defined
strictly (positive) regular, if:

» it gives strictly positive choice proportions for any values of systematic
utility,

e itis continuous and monotone strictly increasing with respect to systematic utility
differences,

e it is continuously differentiable with symmetric positive definite (with respect to
real vectors) Jacobian, V p,(¥;) -0,

» resulting choice proportions depend on systematic utility differences only.



2.3 Independent route formulations 31

Instances of strictly regular choice functions are invariant strictly positive probabi-
listic choice functions derived from the Random Utility Theory (such that the per-
ceived utility pdf is strictly positive over an unbounded set with non null
measure). Examples are the Logit, Weibit, Probit, Gammit choice functions, usually
adopted for route choice modelling. Instances also exist from other discrete choice
theories (see Appendix Al).

Moreover, let

W; be the vector of i-route cost differences, with an entry for each i-route given
by the i-route cost minus cost of the last route, that is:

W,' = L,'T - W; Vi (220)
The supply model (2.9)—(2.10) repeated below for reader’s convenience:

f=> B -h+fy 2.9)
wi=B" -c+wz Vi (2.10)

can be formulated with respect to the i-route variables including Eq. (2.17) into (2.9)
and (2.20) into (2.10):

f:ZiBi'(Li'ﬁi+hZi)+fZ 22D
w,=L" (B c+wgz) Vi (2.22)
or
£=>" B/ hitfz (2.23)
W,' = B,',T -C+ VVZi Vi (224)
where

B/=B; L,

fz' =B, -hz; +17

o T
Wzi =L;" - Wz,

Furthermore, the demand model (2.11)—(2.13) can be formulated with respect to the
i-route variables as:

Vi = —V; \\/ Vi (2.25)
bi=pi(V:0;) Vi (2.26)
by =dp; Vi (2.27)

Eq. (2.27) assures that the sum of the flows of all routes connecting the o-d pair i are
upper bounded the demand flow, that is 1T h; <d,, since 17 P; <1, and non-negative,
h; >0, since d;>0 and p,>0.
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Eqgs (2.23)—(2.27) describe the assignment to uncongested network with respect
to arc and i-route variables, they are equivalent to (2.9)—(2.13) since they lead to the
same arc flows. This model is useful for some relevant features of the i-route flow
function as discussed below, these features will be useful in Chapter 3.

Moreover, this formulation allow to clearly indentify the actual size of the assign-
ment problem, that is the number of independent variables, say the number of i-routes.
It is worth stressing that this modelling approach can only be applied with linear util-
ity functions [HYP @ mentioned above] and with route choice functions such that
choice proportions depend on differences between systematic utility values only
[HYP ® mentioned above].

Multi class assignment

In this section users are distinguished with respect to o-d pair they are travelling
from/to, i, with a common set of routes, called the route choice set, R;, as in the pre-
vious section, but they are also distinguished with the respect the user class they
belong, j, with specific arc costs, route utility and choice functions, as well as any
behavioural parameter. User classes can be used to distinguish users with different
socio-economic characteristics, such as age, occupation, household size, ..., type of
freight, shipping size.

This section presents models for multi-class assignment to uncongested networks
assuming that users are distinguished with respect to o-d pair i and user class j with a
common set of routes, called the route choice set, R;;, assumed non empty and finite,
extending equations presented in the previous section. Main vector notations used
in the following are enlisted below in alphabetical order for reader’s convenience
(sets come first, then Roman letters, after Greek letters); these notations highlight
the need of a further block structure of most vectors and matrices introduced in
the Section 2.2.

A is the set of arcs, with m=IAl;

R;; is the set of (elementary) routes for o-d pair i and user class j, with n;;=IR;l;

B;; is the m x n;; block of the ARGIM for o-d pair i and user class j;

¢>0 is the mx 1 (column) vector of arc generic costs, common to all user
classes;

¢/>0 isthemx1 (column) vector of arc total costs for user class j;

¢{>0 isthe m x 1 (column) vector of arc specific costs for user class j, such as
additive tolls, ...;

d;;>0 is the demand flow for o-d pair i and user class j;

f>0 is the m x 1 (column) vector of total arc flows;

£/>0 isthemx1 (column) vector of arc flows of user class j;

fz>0 is the m x 1 (column) vector of other arc flows;
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h;>0 isthe n; x 1 (column) block of the vector of route flows for o-d pair i and
user class j;

h;(-) is the n;;x 1 (column) route flow function for o-d pair i and user class j;

p;;=>0 is the n; x 1 (column) vector of route choice proportions for o-d pair i
and user class j, with 1T p;=1;

p;(-) 1is the n; x 1 (column) route choice function for o-d pair i and user class j;

v;; 1is the n;; x 1 block of the (column) vector of route systematic utility for o-d
pair i and user class j;

w;; >0 isthe n; x 1block of the (column) vector of fotal route costs for o-d pair i
and user class J;

wz;;>0 is the n;; x 1 block of the (column) vector of other route costs for o-d
pair 7 and user class j;

n;;>0 is the flow equivalence parameter for o-d pair i and user class j;

0,,>0 is the vector of the route choice function parameters for o-d pair i and
user class Jj;

y;>0 is the utility scale parameter in the route utility function for o-d pair i
and user class j;

xii>0 is the cost equivalence parameter for o-d pair i and user class j,
modelling for example different on-board comfort, speeds, ... .

Arc and route and demand flows for each user class j are assumed measured by a
specific common unit, say users per time unit, the flow equivalent parameters enable
to combined them together. Arc and route costs are assumed measured by a common
unit, usually travel time or money, through duly homogenization of different attri-
butes not explicit introduced to simplify notations.

Supply model

This section describes the extension of the two equations that according to the FEAM
framework specify the transportation supply model for a transportation system in
steady-state conditions in the case of an uncongested network, to the case of users
distinguished with respect to both o-d pair and user class.

+ arc-route flow consistency relation

Under the steady-state assumption the arc flows due to each user class j (and all o-d
pairs) can be obtained from the route flows through an affine transformation:

= Zi B;-h; Vj (2.28a)
Then the total arc flows can be obtained by summing up over all user classes:
= nyf +fz (2.28b)
where

n;=>0 is the equivalence flow parameter for o-d pair i and user class j such that
all arc flows of any user class are measured in the same unit.
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e arc cost function

No arc cost function since the network is uncongested, thus the arc cost vector, ¢, is
an input data.

* route-arc cost consistency relation

The arc costs are generally different with respect to the o-d pair i and user class j to
reflect different performances and can be defined through an affine transformation of
common arc costs:

=y eted Vj (2.29a)
where

¢>0 isthe A x 1 (column) vector of arc specific costs for user class j, such as
additive tolls, ...; these costs may be used for modelling congestion charge
tolls, limited access, ... differentiated per user class;

xij =0 is the equivalence cost parameter for o-d pair i and user class j such that
all arc costs of any user class are measured in the same unit.

Under the steady-state assumption the route costs for o-d pair i and user class j can be
obtained from the corresponding arc costs through an affine transformation:

wy =By ¢t wgy Vil (2.29b)

Demand model

This section describes the straightforward extension of the three equations that
according to the FEAM (or SEAM) framework specify the transportation demand
model with given demand flows (constant demand) to the case of users distinguished
with respect to user class too.

» route utility function

The utility function for o-d pair i is assumed specified through a linear transformation
of route costs, almost always in research analysis as well as in practical applications:

Vij =~y Wi Vi,j (2.30)
where ;>0 is the utility scale parameter for o-d pair / and user class ;.
» route choice function

Route choice behaviour for o-d pair i and user class j can be described by applying
any discrete choice modelling theory so that route choice proportions depend on
route systematic utility:

pij = p[] (Vij; eij) VZvl (231)
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(0.0)

FIG. 2.5

Feasible i-route set, for 2 i-routes.

where 0;; is the choice function parameter vector for o-d pair i and user class j;
see Section 2.2 for details about route choice function specification and features.

» route-demand flow consistency relation

Flow conservation for o-d pair i and user class j can be expressed as:
h,:,' = d,‘j pij Vl,j (232)

It assures that flows of all routes connecting the o-d pair i for user class j sum up to
demand flow, that is 17 h;;=d,;, since 17 p;=1 and non-negative, h;; >0, since d;; >0
and p;>0.

Fig. 2.5 shows the feasible i-route flow set for an o-d pair connected by 2 i-routes,
with demand flow d. It is described by a triangle in a 2-dimensional space defined by
2 axis, one for reach i-route flow, / ; and l~12, each vertex representing the case of all
demand flow, d, using one i-route only.

If the distribution among user classes is given, the above three equations are
enough to model the travel demand. On the other hand, if the distribution among user
classes is explicitly modelled further equations are needed. This issue is out of the
scope of this book.

Reduction to the standard form
The above model for multi-class assignment to uncongested networks can easily be
reformulated in a form similar to the single-class case, which is called in the follow-
ing the standard form. At this aim, let

i’=(i, j) denote the combination of o-d pair i and user class j,

dip =0y dyj,

h; =n;hy,

‘;i/ = <I/XU> W,‘j,
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Wzi = <1/X,;,-> (Wzij +B;" cs'),
Wi =Wy Xy

the above presented Eqs (2.28)—(2.32) become

f= Z’_/ Bi’ . l_li’ +fZ (228/)
wy =BT ct+wz Vi (2.29)
Vi =—ypwy Vi (2.30)
Py =p; (vi:0;) Vi’ (2.31")
hy =dyp; Vi (2.32)

formally equal to Eqs (2.9)—(2.13), although some variables have a slightly differ-
ent meaning; it is worth noting that parameters 1; still play a role, since they are
hidden in variables d;, whilst parameters y;;, which in this new formulation cannot
be distinguished from parameters W, still play a role, since they are hidden in
variables wz; .

This formulation will be useful in the below Section 2.5 and in Chapters 3-5,
since enable to make reference to basic Eqs (2.9)—(2.13) without any loss of
generality.

Equations for multi-class assignment can straightforwardly be reformulated with
respect to i-route flows and costs, as in the case of single class assignment; details are
not reported for brevity’s sake.

Multi-vehicle and multi-mode assignment

User classes may also be used to further distinguish users with respect the vehicle
type, slow vs. fast cars, traditional vs. advanced cars, ... and/or the transportation
mode, walk, bicycle, car, ... they use to travel. In this case flow and cost equivalence
parameters, 1,;; and y;;, permit to characterise vehicle type and/or transportation
mode.

The degree of occupancy, say the average number of travellers per vehicle, per
user class j may be considered included in the flow equivalence parameter n;; with no
loss of generality. On the other hand, if the choice proportions among vehicle types
and/or transportation modes are explicitly modelled further equations are needed,
and these parameters may play a very relevant role. This issue is out of the scope
of this book.
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Arc flow function and arc feasible set

In this section the arc flow function is introduced and discussed as a model for the
Comprehensive assignment to an Uncongested Network. Main vector notations used
in the following are enlisted below in alphabetical order (sets come first, then Roman
letters, at last Greek letters) for reader’s convenience:

Sy C E”" is the feasible arc flow set;
d is the vector of demand flows, with entries d;;
f(-) is the arc flow function.

All equations describing the supply and the demand modes put in standard form, say
with formal reference to the basic Eqs (2.9)—(2.13), can be combined together to
define the arc flow function, that is the relation between arc flows and arc costs:

£(c; diy i, 0702 diBi-p;(—w; (BT -c+wyz; 8,)) +17 (2.33)
Thus (omitting parameters for simplicity’s sake):
f=f(c;d) Vc>0 (2.34)

Fig. 2.6 shows a data-flow diagram of the arc flow function, highlighting the roles of
the main variables.

The very same function is obtained with respect to i-route flows and costs with
reference to Eqs (2.23)—(2.27). A formally similar function is obtained in the case of
multi-class assignment; all considerations below still hold in any case.

The arc flow function gets values in the feasible arc flow set:

Sy2{£=0:=3" Bihi+£2,h;>0:1"h=dvi} CE”
where E” s the set of real m x 1 (column) vectors with Euclidean distance.
This set is a linear transformations of the route feasible set, thus it:

* has a finite dimension if the number of arcs is finite,
» is non empty if each o-d pair is connected by at least one route,

FIG. 2.6
Data-flow diagram of the arc flow function.
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» is compact, since closed (or its closure is considered if open) and bounded, the
latter if the number of routes available to each o-d pair is finite (as it occurs
considering all or some elementary routes),

e is convex.

The arc flow function share all features of the route flow functions if the number of
routes available to each o-d pair is finite. Accordingly it is defined regular if:

» it is continuous and monotone decreasing with respect to arc costs:
(f(c)—£(c")" - (¢—¢") <0 Ve £c"

+ it is continuously differentiable with symmetric negative semi-definite (with
respect to real vectors) Jacobian, Vf(c) < 0.

It is worth noting it is not strictly monotone / regular even if all the route choice
functions are strictly monotone/regular, thus it is not invertible, and different arc cost
vectors giving the same arc flow vector may exist.

Since the arc flow function is defined by the sum over all o-d pairs, it is homog-
enous of degree 1 with respect to demand flows:

f(c;ad)=af(c;d) Va>0 (2.35)

The arc flow function can easily be computed if route can explicitly be enumerated.
Computation algorithms that avoid explicit route enumeration are available for some
probabilistic choice functions derived from RUT (and choice functions described in
the appendix). Eq. (2.33) implies that arc flows due to each o-d pair i can be com-
puted one by one and then summed up together, independently of the order. These
algorithms are usually based on shortest (hyper-)path algorithms, or some extensions
of them; they share a similar structure starting from an origin (destination):

o forward (backward) step: arc weights are computed defining how much of the
demand will traverse each arc;

e backward (forward) step: back tracing from each destination (forward tracing
from each origin) demand flows are added to each arc taking into account arc
weights computed in the first step.

In some cases the solution is guaranteed within a finite number of steps, in others
Montecarlo techniques are needed that can only provide an unbiased estimation
of the searched arc flow vector within a finite number of steps. Details are out of
the scope of this book (see Cascetta, 2009).

Table 2.7 shows an example of the arc flow function (2.34), from arc costs to arc flows, summing
up Tables 2.2, 2.5, and 2.3. Choice functions is the Logit function in the above example, the utility
scale factor y is included in dispersion parameter 6=7; the demand flow is d=3600.
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Table 2.7 Arc flow function

routes
1 2 | 3 c
1 1 0 0 15
f 2 o1 ]o 12
¢ L3 oo 1 8
< L4 o | 1 1 24
5 1]0 1 15
w [[30] 36 |37
v | -30|-36 |47
P |0.66|0.28 0.06
h |2380]1010[ 210
f
1 1 0 0 2380
& 2 0 1 0 1010
; 3]0 0| 1 210
s 4| o 1 1 1220
5 1 0 1 2590
1 2 3
routes

With reference to the route feasibility set shown in Fig. 2.4, Fig. 2.7 shows the effects on the
route flows h of doubling or halving the dispersion parameter 6, that is 6 € {14.0, 7.0, 3.5}. [As
already noted it includes the utility scale factor y].

FIG. 2.7
Route flows with 6=c0 (@), 14.0 (m), 7.0 (@), 3.5 (A).

As expected increasing 6 move h towards the conditions of users uniformly spreading among
all routes, that is all route flows being equal to one third of demand flow, d/3, say =00 (350 is a
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great enough value in this case). On the other hand, decreasing 6 move h towards the conditions of
all users concentrating on the shortest route 1, say =0 (0.7 is a small enough value in this case).

In this examples, as in the following chapters, we make reference to route flows since they can
described in a plane figure, cfr Fig. 2.4, but any computation can be carried out without explicit
enumeration of routes, as already stated.

Summary
Major findings
This chapter presented several models for Comprehensive assignment to Uncon-
gested Networks, within Five Equation Assignment Modelling (FEAM) framework,
obtained from the SEAM framework dropping the equation relative to the arc cost
function. All of them can be reduce to the standard form and then to the arc flow
function. Results hold under any assumptions leading to a Transpose Affine Network
(TAN), being synchronic or diachronic.

The proposed approach is very general, can easily extended under other assump-
tions, and enables to specify models for assignment to congested networks, as shown
in the next chapters. It should be remarked that optimization models are available for
some very particular instances of assignment to uncongested networks, but they can-
not be generalised, nor used for general models for assignment to congested networks
(see appendix to Chapter 5 in Cascetta, 2009, for a review).

All parameters introduced above are to be calibrated against real/simulated data,
this relevant issues is out the scope of this book. As already stated implementation
and application issues are out of the scope of this book, mainly focusing on mathe-
matical features. (For details on these issues see Cascetta (2009). A companion book
(possibly by other authors) discussing these topics is under planning.

Further readings

Hyperpaths and their relationship with pre-trip en-route route choice strategies have
been introduced by Nguyen and Pallottino (1988) and Spiess and Florian (1989).
For details on schedule-based assignment to diachronic networks see the recent book
edited by Gentile and Nokel (2016), even though the contents mostly refer to deter-
ministic assignment only (see below). Some references on assignment with fuzzy
utility see next chapter.

Remarks

Some approaches to assignment assume that all sources of uncertainty are negligible,
thus all users travelling between o-p pair i follow maximum utility routes, and do
not use at all any of the other routes. This user choice behaviour assumption (cfr
Wardop, 1952) may be obtained from Deterministic Utility Theory, or as a limit
of Random/Fuzzy Utility Theory when dispersion goes to zero, as well as from
the Expected Utility Theory. (See Appendix A for more details.) This approach leads
to the so-called All-or-Nothing (AoN) assignment for uncongested networks.
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In this case, the route choice function (2.12) is actually a multi-valued function
(also called a one-to-many or a point-to-set function or a map), since it may well be
the case that the systematic utility values of two or more routes are equal to the max-
imum. Thus the arc function (2.34) turns out a multi-valued function as well.

A different approach, often followed to avoid this kind of functions, is useful for
equilibrium assignment to congested networks described in this chapter. Let

Ppi(v;) > 0 be any of the route deterministic choice proportion vectors corre-
sponding to systematic utility vector v; for o-d pair i with 17 ppi(v;,) = 1; for any
route r

if v < Vinar then p;,. =0 & if p;. > 0 then v = v, 00

[The case p; = 0 with v;,. = v;,,,, it is not ruled out by this condition.]

From the above condition for any systematic utility vector v; pp; = ppi(V;) is
equivalent to the following condition (see Appendix A for more details):

vi'-(ppi—q;) >0Vq, >0 with 1T¢q;=1 (2.36)

If condition (2.37), instead of Eq. (2.12), is combined with Eqs (2.9), (2.10), (2.11)
and (2.13) the following condition is obtained, equivalent to the arc flow function
with deterministic route choice behaviour:

¢ (f—fp) >0 VfeS, (2.37)

where fp is any of the arc flow vectors corresponding to arc cost vector ¢. [Other
flows and other costs are omitted to avoid awkward equations.] The (linear varia-
tional) inequality (2.37) is equivalent to the following linear optimization model:

fp =argming g " - f (2.38)

See remarks at the end of the next chapter for further comments.
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CHAPTER

Assignment to congested
networks: User
equilibrium—~Fixed points

Giulio Erberto Cantarella
University of Salerno, Salerno, Italy

Phil: Do you know what today is?
Rita: No, what?

Phil: Today is tomorrow. It happened.
from movie Groundhog Day.

Outline. This chapter describes a comprehensive modelling approach to steady-state
user equilibrium assignment to congested networks through Fixed-Point (FP)
models; presented models are consistent with the SEAM modelling framework pre-
sented in Chapter 1; first the route cost and flows functions are also introduced and
discussed, then fixed-point models with respect to flows and/or costs are introduced
and discussed.

As already noted, methods for travel demand assignment to transportation networks
play a central role in transportation system analysis, they allow to compute flows and
costs for each supply element, resulting from origin-destination demand flows, user
choice behaviour, congestion and their interactions in any scenario.

This chapter discusses Fixed-Point (FP) models for steady-state equilibrium
assignment to congested transportation networks, one of the most used kind of
assignment, implemented in several commercial software applications. They will
turn out a special case of the Deterministic Process models described in
Chapter 4.

User Equilibrium assignment searches for mutually consistent arc flows and
costs. It was first introduced under steady-state conditions by Wardrop (1952),
who named it User Equilibrium (UE), following a modelling approach to route
choice behaviour that we may now consider an application of the Deterministic Util-
ity Theory. A more general kind of equilibrium based on application of the RUT was
introduced by Daganzo and Sheffi (1977), who named it Stochastic User Equilibrium
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(SUE). The book by Sheffi (1985) provided several optimisation models for both UE
and SUE. Afterwards Daganzo (1983) introduced fixed-point models using the
inverse cost function. A general and flexible framework was proposed by
Cantarella (1997), still based on FP models, but without the need of the inverse cost
function (see also Chapters 5 and 6 in Cascetta, 2009).

This chapter introduces and discusses a comprehensive fixed-point modelling
approach to equilibrium assignment to congested networks, including all those men-
tioned above as well as all those that result from most route choice modelling
approaches (cfr Appendix Al to the book). Hence it is named Comprehensive User
Equilibrium assignment to congested networks (CUE). It is described for steady-
state conditions, but it also applies to any TAN. Presented models are consistent with
the SEAM modelling framework presented in Chapter 1, leading to fixed-point
models.

A special case occur assuming that all users follow a maximum utility or mini-
mum cost routes, this kind of assignment is most often called just User Equilibrium
(UE) assignment (see above) and this denomination is followed in this book; it may
be derived from several theories, such as Deterministic Utility Theory, Expected
Utility Theory, or as a limit case of Random or Fuzzy Utility Theory (see Remarks
at the end of this chapter for details and comments).

Section 3.1 introduces basic equations. Section 3.2 discusses fixed-point models.
Existence and basic uniqueness conditions, solution algorithms, and conditions for
their convergence are presented (implementation issues are not discussed); advanced
uniqueness and convergence conditions are discussed in Section 3.3.

Basic equations

This section presents the basic equations for (within-day static) user equilibrium
assignment adding the arc cost function to the five equations in the standard form
introduced in the previous Chapter 2, reference is made to Eqs (2.9)—(2.13) and
(2.23)—(2.27), but the presented approach can straightforwardly be applied to
multi-class assignment (2.29)—(2.32) as well; all definitions and assumptions intro-
duced in the previous chapter still hold, unless otherwise stated. Main vector nota-
tions from Chapter 2 as well as few new ones used in the following are enlisted below
in alphabetical order for reader’s convenience (sets come first, then Roman letters, at
last Greek letters).

A is the set of arcs, with m=| A | elements;

E™ is the set of real m x 1 (column) vectors with Euclidean distance;
m is the number of arcs;

n; 1is the number of routes connecting o-d pair i;

n=>;n; is the number of routes connecting all o-d pairs;
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n;j=n; - 1 is the number of i-routes connecting o-d pair ;

ii=> ;@ 1isthe number of i-routes connecting all o-d pairs;

R; is the set of routes for o-d pair i, with n,=| R; | elements;

R=U; R, is the set of routes for all o-d pairs, with n=| R |=>_; n; elements;
S;  is the feasible arc flow set;

Sy;  1s the feasible route flow set for o-d pair i;

S;, is the feasible route flow set;

S; is the feasible i-route flow set;

B is the (m x n) ARGIM;
B; is the (m X n;) block of the ARGIM for o-d pair i;
c¢>0 isthe mx 1 (column) vector of arc costs;
c(-) 1isthe mx 1 (column) arc cost function;
d;>0 is the demand flow for o-d pair i;
d>0 is the demand flow vector with entries d;;
f>0 isthe mx 1 (column) vector of total arc flows;
fz>0 is the m x 1 (column) vector of other arc flows;
f(-) 1is the m x 1 (column) arc flow function;
h>0 isthe nx 1 (column) vector of route flows for all o-d pairs;
h;>0 is the n; X 1 (column) block of the vector of route flows for o-d pair i;
h;(-) is the n; x 1 (column) route flow function for o-d pair i;
h(-) is the nx 1 (column) route flow function for all o-d pairs;
h isthe 7 x 1 (column) vector of i-route flows for all o-d pairs;
h(-) isthe @i x 1 (column) route flow function for all o-d pairs;
p;: >0 isthe n; x 1 (column) block of the vector of route choice proportions for
o-d pair i, with 17 p.=1;
pi() isthe n;x 1 (column) route choice function for o-d pair i;
v; isthe n; x 1 block of the (column) vector of route systematic utility
for o-d pair i;
w; >0 s the n; x 1 block of the (column) vector of total route costs
for o-d pair i;
w>0 is the n x 1 (column) vector of total route costs;
wz; >0 isthe n; x 1 block of the (column) vector of other route costs for o-d pair i;
wz >0 is the n x 1 (column) vector of other route costs for all o-d pairs;
w(-) 1is the nx 1 (column) route cost function for all o-d pairs;
w;(-) s the n; X 1 (column) route cost function for o-d pair i;
W is the 77 X 1 (column) vector of i-route costs for all o-d pairs;
Ww(-) isthe 2 x 1 (column) i-route cost function for all o-d pairs;
0;,>0 is the vector of the route choice function parameters for o-d pair i;
k,>0 is the capacity of arc a;
k>0 is the m x 1 (column) vector of the arc capacities, with entries k,;
;>0 s the utility scale parameter in the route choice model, for o-d pair i.
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Supply models

Transportation supply models express how user behaviour affects network perfor-
mances. This section describes the three equations that according to the SEAM
framework specify the transportation supply model for a transportation system in
steady-state conditions in the case of a congested network.

» arc-route flow consistency relation

Under the steady-state assumption the total arc flows due to all o-d pairs can be
obtained from the route flows through an affine transformation from the route space
to the arc space defined by the arc-route generalised incidence matrix:

f=> B -hi+f; (3.1
or
f=B-h+fz

» arc cost function

Due to congestion, say driving user behaviour, arc costs depend on the arc total
flows:

c=c(f;x)>0 VfeS; 3.2)

where

Sp2 {f>0:f=>,B;h;+f;, h,>0: 1"h;=d,Vi} CE™ is the feasible arc flow
set; this set, as already stated in Chapter 2,

e has a finite dimension if the number of arcs is finite,

» is non empty if each o-d pair is connected by at least one route,

» is compact, since closed and bounded, the latter if the number of routes
available to each o-d pair is finite (as it occurs considering all or some
elementary routes),

e is convex;

k>0 1isthe vector of the arc capacities, with entries k,,, say the maximum flow
that may traverse arc a, measured consistently with arc flows; in most
functions the arc cost actually depends on the ratio between the arc flow and
the capacity, f, / k,, in this case the capacity plays the role of arc flow
scale factor.

Other parameters of the arc cost function are not explicitly introduced. [Function
(3.2) is considered a vector function, thus singular is used; sometime plural “arc cost
functions” is used to stress that each arc has its own cost function.] The cost function
is called:
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» separable, the cost of each arc a, c,, only depends on the corresponding flow, f;,,
» non-separable, the cost of at least an arc a, c,, depends on the flow of another

arc, f.

Most often cost functions are derived from Traffic Flow Theory for arcs modelling
moving along a street (a railway, an airway, ...) or from Queuing Theory for
arcs modelling waiting at a bottleneck, such as a junction approach (see
Appendix A).

All usually adopted cost functions can be assumed:

+ continuous over the set of feasible arc flows Sy this assumption implies that
the function may be defined for values of flow greater than capacity
too, and no vertical asymptote is present, according to within-day static
assumption;

« continuously differentiable with respect to arc flows over the set of feasible
arc flows Sy [or better over a suitable (open) superset of Sy such that all point
of S are interior points of it], with Jacobian matrix Jc(f)=Ve(f), thus
Jc(f)=0 means that the network is uncongested, and Jc(f) #£0 that it is
congested (at least for some arcs); a continuously differentiable arc cost
function is:

separable, if Jc(f) is a diagonal matrix;

non-separable, if Jc(f) otherwise; in this case it is useful to distinguish two
cases:

o Je(f) is symmetric,

o Je(f) is asymmetric.

In the following M > 0 (> 0) means that matrix M is positive (semi-)definite, M < 0
(< 0) that is negative (semi-)definite, with respect to real vectors, thus matrix M may
be not symmetric. Another relevant feature is monotonicity:

 the arc cost function is strictly increasing monotone, a sufficient condition for this
is that the Jacobian matrix is positive definite (for real vectors), Jc(f) > 0, but not
necessarily symmetric:

(c(f)—c(®)N - (F =) >0 VI £t"

« the arc cost function is increasing monotone, a necessary and sufficient condition
for this is that the Jacobian matrix is positive semi-definite (for real vectors),
Jc(f) = 0, but not necessarily symmetric:

(C(f’) _c(f//))T . (f’ _f”)ZO vf/ 7éf”

This feature can easily be checked for separable arc cost functions, and strict mono-
tonicity holds for all usually adopted separable cost functions. On the other hand, this
may not be the case for non-separable cost functions.
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An example of separable arc cost functions is given by the often used BPR-like function (Fig. 3.1
and Table 3.1):

Cqg=Coq (1 +V (ftl/Ka)V2)'

where

v; >0 is the congestion multiplier: how much greater is the arc cost when flow is equal to
capacity with respect to zero flow cost; this parameter is to be calibrated against data,
in urban applications 2 is an often used values [in the original BPR function it was set
to 0.15 for extra urban highways];

cost cost
60 60 -
® o 7%
20 20 1
0 f f f 0 } | |
0 1000 2000 3000 0 1000 2000 3000
flow flow

FIG. 3.1
Arc cost functions.

Table 3.1 Parameters of arc cost functions; v, =2 for all arcs.

1 | AC 15 2400 2.5
2 | BD 12 2400 1.5
al 3 | BC Coal 8 Ka 3600 Via | 2.0
4 | AB 24 3600 2.0
5 | CD 15 2400 1.5

v, >0 is the congestion exponent: how fast the arc cost increases against flow; this (integer)
parameter too is to be calibrated against data, in urban applications 2 is an often used
values; as this value increases the shape of the function tends to a vertical asymptote
[in the original BPR function it was set to 4];

Coq>0 is the cost when flow is zero.
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* route-arc cost consistency relation

Under the steady-state assumption the route costs for o-d pair i, can be obtained from
the arc costs through an affine transformation from the arc space to the route space
defined by the transpose of arc-route generalised incidence matrix:

w;=B;T-c+wy Vi (3.3)
or

w=BT.c+ wz.

e route cost function

The three Eqgs (3.1)—(3.3) describing the supply model can be combined to define the
route cost function for each o-d pair i which expresses the relation between route
costs and route flows, say how user choice behaviour affects network performances:

wi(h; k) 2B, T -¢(B-h+fyz; ) +wz,Vi.

that are blocks of the block vector function: w(h; ), thus.

w=w(h; k) >0 Yhes, (3.4)
where

n; 1is the number of routes connecting o-d pair 7;

n=>;n; is the number of routes connecting all o-d pairs;

Sy 2 {h;>0: 1" h;=d;} C E" is the feasible route flow set for o-d pair i;
according to route-demand flow consistency Eq. (2.13) in Chapter 2,
repeated below as (3.8), it (see Fig. 2.3)

 has a finite dimension if the number of routes available to o-d pair i is finite (as it
occurs considering all or some elementary routes),

+ is non empty if o-d pair i is connected by at least one route,

» is compact, since closed and bounded [in the Euclidean space],

+ is convex.

S, 2 {h with blocks h; € S),;} = {h with blocks h;>0: 1T h,=d;} C E" is the
feasible route flow set, with same features of sets S;; since their number is
finite.

The route cost function share most of the features of the arc cost function,
but generally is increasing monotone, with a positive semi-definite Jacobian,
Vw(h) > 0, both for increasing or strictly increasing arc cost
functions.

Similar equations can be defined with respect to i-route variables (details are
omitted) leading to the i-route cost function:

w=w(h; k) >0 VheSs, (3.5)
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where
n;=n; - 1 is the number of i-routes connecting o-d pair i;
n= i; s the number of i-routes connecting all o-d pairs;

S; 2 {h with blocks b;>0: 1T h;<d;} CEn is the feasible i-route flow set, it

* has a finite dimension if the number of routes available to each o-d pair i is finite
(as it occurs considering all or some elementary routes),

+ is non empty if each o-d pair i is connected by at least
one route,

» is compact, since closed and bounded [in the Euclidean
space

e is convex,

* has interior points.

The route cost function share most of the features of the arc cost function, but gen-
erally is increasing monotone, with a negative semi-definite Jacobian, VWw(h) < 0,
both for increasing or strictly increasing arc cost function.

Demand models

Travel demand models express how network performances affect user choice behav-
iour. This section first describes the three equations that according to SEAM frame-
work specify the travel demand model as already introduced in the previous chapter
and repeated here for reader’s convenience.

 route utility function

The utility function for o-d pair i is assumed specified through a linear trans-
formation of route costs, almost always in research analysis as well as in practical
applications:

Vi=—y;w; Vi 3.6)
where y; >0 is the utility scale parameter, such that the term y w; is dimensionless
to be consistent with utility unit.

» route choice function

Route choice behaviour for o-d pair i can be described by applying any discrete
choice modelling theory (see appendix A2 to the book) thus route choice proportions
depend on route systematic utility:

p;i=p;(v;0;) Vi (3.7
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where 0; is the choice function parameter vector, whose meaning depends on the
choice model specification. If a utility scale parameter is present, it is considered
included in the utility parameter ; (or vice versa).

» route-demand flow consistency relation

Flow conservation for o-d pair i can be expressed as:
It assures that flows of all routes connecting the o-d pair i sum up to demand flow,
that is 17 h;=d,, since 17 p;=1, and non-negative, h, >0, since d;>0 and p;>0.

» route flow function

The three Eqs (3.6)—(3.8) describing the demand model can be combined to
define the route flow function for o-d pair i, which expresses the relation between
route flows and route costs, say how network performances affect user choice
behaviour:

hi(w;; di, @, 0:)2d; p;(—yw; 0;) Vi

that are blocks of the block vector function (omitting parameters): h(w; d), thus.
h=h(w;d) €S, Yw>0 (3.9)
with values in set S, introduced above. Since demand flows are non-negative the

route flow function has the same features of the route choice proportion functions;
in particular if each of them is regular, that is.

 itis continuous and monotone increasing with respect to systematic utility values,
+ it is continuously differentiable with symmetric negative semi-definite (with
respect to real vectors) Jacobian,

the route flow function is regular:

it is continuous and monotone decreasing with respect to route costs,
e it is continuously differentiable with symmetric negative semi-definite (with
respect to real vectors) Jacobian, Vh(w) < 0.

Similar equations can be defined with respect to i-route variables (details are omit-
ted) leading to the i-route flow function:

h=h(w.;d)eS; Yw>0 (3.10)

with values in set Sj introduced above.

Since demand flows are non-negative the i-route flow function features can easily
be derived from those of the i-route choice proportion functions; in particular if each
of them is strictly regular, that is.
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+ it gives strictly positive choice proportions for any values of systematic utility,

+ it is continuous, continuously differentiable and monotone strictly increasing
with respect to systematic utility differences,

+ it has symmetric negative definite (with respect to real vectors) Jacobian,
Vh(#w) <0,

 resulting choice proportions depend on systematic utility differences only,

the i-route flow function is strictly regular:

it is continuous and monotone strictly decreasing with respect to i-route costs,

 itis continuously differentiable with symmetric negative definite (with respect to
real vectors) Jacobian,

 resulting route flows depend on i-route costs, say on differences between route
costs only;

moreover, in this case the feasible i-route flow set is an open set with interior
points only, S; 2 {h with blocks h; > 0: 1" h;<d;} CER, as already noted above.

Fixed-point models for equilibrium assignment

The set of six Eqs (3.1)—(3.3) and (3.6)—(3.8) defines a fixed-point (FP) model
with respect to all the six basic variables, describing the comprehensive user
equilibrium (CUE) state, as a consistent condition between costs and flows.

Fixed-points

Let @(x) be a vector function from set S to set @(S),
any point x* =@(x*) € is a fixed-point of this function.

Fig. 3.2 shows a data-flow diagram of the fixed-point model (3.1)—(3.3) and
(3.6)—(3.8), highlighting the roles of the main variables. The loop between flows
and costs is a graphical illustration of the fixed-point consistency. This figure also high-
lights that a fixed-point model for CUE can be obtained by combining together the arc
flow function. Which models the comprehensive assignment to uncongested networks
(CUN), and the arc cost function, which models the congestion due to users sharing the
same transportation facility; formal details are given in Section 3.2.2 below.
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Table 3.2 Equilibrium assignment.

routes
12 ] 3 c

111 [0
f 2 0 1
c j g 0 cost cost
)

5 — 60 @ 60
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y ©)

p [0.48 043 [0.09 @

h [1707 |1559 | 334 20 20
o [ To [N ° 0
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1123
routes
w
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FIG. 3.2

Data-flow diagram of the Fixed-Point models for equilibrium assignment.

Table 3.2 shows an example of the equilibrium assignment obtained by combining the arc cost functions
in Fig. 3.1 with the arc flow function in Table 2.7. Choice functions is the Logit function, the utility scale
factor y is included in dispersion parameter 6 =7; the demand flow is d= 3600, as in Table 2.7.

Continued
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0=wo

CUE©6=170

CUNO6=7.0

FIG. 3.3
CUE vs. CUN route flows.

With reference to the route feasibility set shown in Fig. 2.4, Fig. 3.3 compares the CUE and
the CUN route flow patterns. As expected they are quite different; indeed, the effect of con-
gestion is quite relevant thus routes 2 and 3 (and arcs 2 and 3) are more used in the CUE pat-
tern. Still when the dispersion parameter goes to infinity, = oo (350 is a great enough value in
this case), the two flow patterns are equal since all route flows are one third of demand flow, d/
3, in both cases.

In this examples, as in the following chapters, we make reference to route flows since they can
described in a plane figure, cfr Fig. 2.4, but any computation can be carried out without explicit
enumeration of routes, as already stated.

To further analyse the model it is better to reduce the number of equations and
variables, as shown in the following. In any case all described models are equivalent
since they provide the same solution(s); nevertheless as discussed below, each of
them may be useful for different purposes.

Two equation assignment models

Fixed-point models described below are made by two equations with respect to two
variables, a flow vector and a cost vector, or Two Equation Assignment Models
(TEAMs), since only two equations of the above discussed six equations are non-
linear: the arc cost function and the route choice function.

» route costs and flows

Models based on route costs and flows are made by Eq. (3.4) describing the supply
model and (3.9) the demand model, repeated below for reader’s convenience:

w*=w(h*; k) >0 (3.11)
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h*=h(w*;d) €S}, (3.12)

These models are useful as the base for developing general day-to-day dynamic pro-
cess models described in Chapter 4.

* i-route costs and flows

Models based on i-route costs and flows are made by Eq. (3.5) describing the
supply model and (3.10) the demand model, repeated below for reader’s

convenience:
W*:W(H*;K) >0 (.13)
h*=h(W* d) €Sy (3.14)

These models are useful for the specification of solution algorithms based on explicit
route enumeration. Their main usefulness is for advanced uniqueness analysis in
Section 3.3. It is worth stressing that this modelling approach can only be applied
with linear utility functions [HYP® in Chapter 2.] and with route choice functions
such that choice proportions depend on differences between systematic utility values
only [HYP® in Chapter 2.].

» arc costs and flows

Fixed-point models with respect to arc flows and/or costs are the most used for
specifying basic uniqueness conditions as well as solution algorithms. All of them
are based on the arc cost function, ¢ = ¢(f; k), (3.2) and the arc flow function, f=f(c;
d), introduced in Chapter 2, as a model for assignment to uncongested networks:

c*=c(f*; k) >0 (3.15)
fr=f(c*; d) €S, (3.16)
where K is the arc capacity vector, d the demand flow vector and S, C E™ is the

feasible arc flow set, which.

» has a finite dimension if the number of arcs is finite,

* is non empty if each o-d pair is connected by at least one route,
* is compact, since closed and bounded,

e is convex.

If all the route choice functions, and the route flow functions as well, are regular,
the arc flow function f=1f(c; d) € Syis regular:

it is continuous and monotone decreasing with respect to arc costs,

(f(C,)—f(CN))T-(C/—CH) <0 VC’#CN
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» it is continuously differentiable with symmetric negative semi-definite (with
respect to real vectors) Jacobian, Jg(c)=V{f(c) < 0.

The arc flow function can also be obtained combing the route flow function (3.9)
with the arc-route flow consistency relation (3.1) and the route-arc cost consistency
relation (3.3), or with reference to the i-route flows and costs as shown in Section 2.3.
The TEAMs (3.15) and (3.16) are useful for basic and advanced uniqueness
analysis, as shown in “Basic uniqueness conditions” section and Section 3.3.

One equation assignment models

It is often worth to further reduce the number of the equations and the variables to
one, by including one equation into the other with reference to any TEAM described
above, leading to One equation Assignment Models (OEAMs). Considering TEAM
(3.15) and (3.16) with respect to arc costs and flows only yields to:

f*=f(c(f*; k); d) €5 (3.17)
c*=c(f(c*;d); k) >0 (3.18)

The OEAM (3.17) is useful for existence analysis and algorithm convergence anal-
ysis if the Jacobian of the arc cost function is symmetric, as shown in “Existence
conditions” section and Section 3.2.4. The OEAM (3.18) is useful for algorithm con-
vergence analysis if the Jacobian of the flow cost function is symmetric, as it occurs
for regular arc flow functions, even if the Jacobian of the arc cost function is asym-
metric, as shown in Section 3.2.4. OEAMs with respect to route or i-route variables
are not reported for brevity.

The data-flow diagram in Fig. 3.2 above is also a description of the OEAMs
(3.17) and (3.18). Indeed, as already noted, this figure also highlights that a fixed-
point model for CUE can be obtained by combining together the arc flow function.
Which models the comprehensive assignment to uncongested networks (CUN), and
the arc cost function, which models the congestion due to users sharing the same
transportation facility.

Existence and basic uniqueness analysis

This subsection presents sufficient conditions for existence (at least one solution
exists) or uniqueness (at most one solution exists) of the equilibrium assignment
flows and costs with reference to the fixed-point models presented above. Those
models are equivalent, say from the solution of one of them can easily be obtained
the solution of the others, as well as any other variables through Eqs (3.1)—(3.6); thus
it suffices to state conditions with reference to one fixed-point model only, not nec-
essarily the same for existence and uniqueness analysis.
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Existence conditions

Existence conditions. Sufficient conditions for existence of solutions can be easily
derived with reference to OEAM (3.17), involving the composed function f(c(-))
defined over set Sy with values in the same set (see Section 2.5), as:

1. each o-d pair i is connected by at least one route,

2. the arc cost function ¢(f; k) is continuous with respect to the arc flows f,

3. the arc flow function f(c; d) is continuous with respect to the arc costs ¢
(as for a regular arc flow function), since all the route choice functions are
continuous.

Proof is based on the Brouwer’s theorem.

Necessary fixed-point existence conditions
Let @(x) be a vector function from set S to set @(S), and x* =@(x*) one of its fixed-points,
necessary conditions for the existence of at least one fixed-point are that

— the domain § is non empty,
— the co-domain @(S) is a subset of the domain, that is @(S) CS.

Indeed, necessary existence conditions hold, since set Syis non empty for hypothesis 1, and the
composed function f(c(-)) defined over set Sy has values in set Sy by definition.

Sufficient fixed-point existence conditions - Brouwer’s theorem

Let @(x) be a vector function from set S to set @(S), and x* = @(x*) one of its fixed-points, if
necessary conditions for fixed-point existence hold, sufficient conditions for the existence of at least
one fixed-point are that

— set S is compact and convex,
— function @(x) is continuous.

In addition, both the assumptions of Brouwer’s theorem hold, since set Syis compact and con-
vex, and the composed function f(c(-)) is continuous for hypotheses 2 and 3.

The very same conditions can be derived with reference to OEAMs with respect
to route or i-route flows.

Basic unigueness conditions

Uniqueness may be stated with respect arc costs and flows with reference to TEAMs
(3.15)—(3.16) or to i-route costs and flows with reference to TEAMs (3.13)—(3.14).
Basic sufficient uniqueness conditions are reported below. Advanced sufficient con-
ditions and references are discussed in Section 3.3.
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Uniqueness conditions/arc. Sufficient conditions for uniqueness of solutions can

be easily derived with reference to TEAM (3.15)—(3.16) as:

1.

the arc cost function c(f; k) is strictly increasing monotone with respect to the arc
flows f; if it is continuously differentiable a sufficient condition is that the
Jacobian matrix is positive definite (for real vectors), but not necessarily
symmetric, Jc(f) - 0;

. the arc flow function f(c; d) is decreasing monotone with respect to the arc costs

¢c; if it is continuously differentiable a necessary and sufficient condition is that
the Jacobian matrix is negative semi-definite (for real vectors), but not
necessarily symmetric, Jg(c) < 0, (as for a regular arc flow function, in this case
the Jacobian matrix is also symmetric).

Proof is based on reductio ad absurdum.
Assuming that two different fixed-points exist:(c¥, £¥) # (c**, £**), Eqs (3.15) and (3.16) yield:

ck=c(f*) c**=c(f**)
Pr=f(c*) fr*=f(c**)
for hypothesis 1:
(e(®)—c(®)"-(F —£") >0 VI £f"
for hypothesis 2:
(f(¢) = ()" (¢ = ¢") <0 Ve £
Thus
(c(fx) —c(f+))T- (F* —£¥%) >0 since f* #£f¥*
(F(ex) —f(cx#))T - (c* — e**) <0 sincec* £ c**

leading to a contradiction. Hence either one of (or both) assumptions 1 and 2 does not hold or
there are not two different fixed-points.

Weaker uniqueness conditions can be stated with respect to i-route costs and

flow, if the utility function is linear [HYP®] and choice proportions depend on dif-
ferences between systematic utility values only [HYP®].

Uniqueness conditions /i-route. Sufficient conditions for uniqueness of solutions

can be easily derived with reference to TEAM (3.13)—(3.14) as:

1.

the arc cost function ¢(f; k) is increasing monotone with respect to the arc flows f;
if it is continuously differentiable a sufficient condition is that the Jacobian
matrix is positive semi-definite (for real vectors), but not necessarily symmetric,
Jc(f) = 0; thus the i-route cost function W = W(h; k) is increasing monotone with
respect to the i-route flows h;
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2. the i-route flow function h = h(#W; d) is strictly decreasing monotone with respect
to the i-route costs W, as it occurs for a strictly regular function based on strictly
regular i-route choice functions; if it is continuously differentiable a sufficient
condition is that the Jacobian matrixis negative definite (for real vectors) but not
necessarily symmetric, Vh(#) <O0.

Proof is based on reductio ad absurdum, as for uniqueness conditions/arc, and it is omitted for
brevity’s sake.

Solution algorithms and convergence analysis

Algorithms based on the Method of Successive Averages (MSA) (introduced for
equilibrium assignment by Powell and Sheffi, 1982; Daganzo, 1983) are the most
used to solve fixed-point models for equilibrium assignment, since they can accom-
modate any choice model from RUT as well as other choice modelling approaches,
and are suitable for large scale applications.

With reference to OEAM (3.17) or (3.18), basic iteration of MSA algorithms
requires the computation of the arc cost function to get arc costs from arc flows
and the computation of the arc flow function to get arc flows from arc costs. Similar
algorithms may be specified with respect to route or i-route variables.

Algorithms based on the Method of Successive Averages (MSA)

Let @(x) be a vector function from a non-empty convex set S to set @(S) CS, with a unique
fixed-point x* = @(x*) in set S, MSA algorithms provide a succession of solutions belonging to S,
x* €8, possibly converging to required fixed-point, according to the following recursive equation:

X =x 4 (1/k) (@(x') —x*!) withx"=x¢ €S

or X' =(1/k)@(x* ")+ ((k—1)/k)x*" withx’=xg €S

If at any iteration the succession provides the fixed-point the algorithm, the it will stop and vice
versa. Sufficient conditions for theoretical convergence of such a succession may be stated through
Blum’s theorem, which also applies when only an unbiased estimation of the function @(x) is
available.

*  MSA Flow Averaging algorithm

Applying the Method of Successive Averages to model (3.17) the MSA-FA algo-
rithm is obtained based on the recursive equation:

=T (1/k) (F(e(f1) — ") withf®=fy €5, (3.19)
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It can be proved asymptotically converging to f* = f(c(f*; k); d) € Syif the existence
and uniqueness/arc conditions hold and the Jacobian of the arc cost function is
symmetric.

»  MSA Cost Averaging algorithm

On the other hand, applying the MSA to model (3.18) the MSA-CA algorithm is
obtained based on the recursive equation:

=T+ (1/k) (e(f(c ") =) withe” =c(fy) andfy € Sp (3.20)

It may be proved asymptotically converging to ¢* = (c(f(c*; d); ) if the existence
and uniqueness/arc conditions hold and the Jacobian of the arc flow function is
symmetric.

Convergence conditions of both algorithms can be stated through Blum’s theo-
rem (see appendix). If the choice proportions from a RUM cannot be evaluated
exactly, an unbiased estimation of the arc flow function can be obtained through
Monte Carlo techniques (see Section 2.5); in this case, only almost sure convergence
can be assured.

Since MSA algorithms only provide a succession of feasible solutions, in prac-
tical applications the algorithm is stopped when a convergence index is below a
given error threshold, €, or a maximum number of iterations is reached. A conver-
gence index often used for MSA-FA is the average absolute difference over flows:

(30, (ale(® ) =22 ff1) .

A similar index, based on arc costs, may be defined for MSA-CA. Others indices may
be defined based on the maximum difference, possibly excluding arcs with very
low flows.

Advanced uniqueness and convergence analysis

This section presents advanced sufficient conditions for uniqueness (at most one
solution exists) of the equilibrium assignment flows and costs with reference to
the fixed-point models presented above, and in some cases of convergence of
MSA algorithms or of other kinds of algorithms. Each set of conditions presented
below has a counterpart based on features of Jacobian matrices for differentiable
functions.

This section is based on an elaboration of the content of.

» Uniqueness of Stochastic User Equilibrium, paper prepared by Cantarella G.E.,
Gentile G., and Velona P. for the Proceedings of 5th IMA conference on
Mathematics in Transportation, London, UK, April 2010,

that were never published. Unless otherwise stated, earlier versions of most condi-
tions below have first been proposed in a paper and a book available in Italian only:
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o Condizioni di unicitd dei flussi e dei costi di equilibrio stocastico, by Cantarella
G.E. in Metodi e Tecnologie dell’ Ingegneria, a cura di G.E. Cantarella e F. Russo,
376-391. Franco Angeli Editore, 2001;

o Assegnazione a reti di trasporto: modelli di punto fisso, by Cantarella, G.E. &
Velona, P. Collana Trasporti - Franco Angeli Editore, 2010.

Uniqueness conditions discussed below are identified by a letter code followed by /
and the kind of variables used. For conditions requiring differentiable functions a
capital D is added; in this case it is also assumed that conditions hold over a suitable
(open) superset of Sy or €(Sy) such that all point of Sy or ¢(Sy) are interior points of it.
All proofs of main conditions are by based on reductio ad absurdum and omitted for
brevity’ sake; proof of D conditions results from features of Jacobian matrices, unless
otherwise stated. An example below shows a comparison among them.
Uniqueness Conditions Ar/arc:

(e(f)—ct) - (F—£")>0 V' £t"
(f()—f() " (¢ =¢) <0 W £

These conditions have already been discussed in Section 3.2.3 (first in
Cantarella, 1997).
Uniqueness Conditions Ar/arc - D:

Ve(f)>0.
V£(¢)<0 (as it occurs for invariant choice functions).

These conditions are the differentiable counter part of the above (a different proof
in Daganzo, 1983, with respect to a different fixed-point model requiring the inverse
of the arc cost function; another proof in Sheffi, 1985, based on optimization
models).

Uniqueness Conditions A/arc:

(c(t') —e(t")" - (' —£") > (E(c(F) —£(e(t"))" - (c(t') — ("))
Vi £ £ €S ie(f) #c(f”)

These conditions are a generalisation of the Ar/arc conditions. Condition A/arc also
support the convergence of MSA algorithms (as noted in SUE: conditions for solu-
tion uniqueness and MSA-based algorithm convergence, by Cantarella G.E. and
Velona P., in Preprints of XIII Meeting of Euro Working Group on Transportation,
Padua, Italy, September 2009).

A special of conditions A/arc occur for invertible arc cost functions, as
shown below.

Uniqueness Conditions A/arc for invertible cost functions:

If the arc cost function is invertible with q(c)=c '(¢) conditions A/arc
become:
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(¢ — )" (a(¢) —a(e") > (F() (") (¢ ¢ We £ ee(s))
with f' = q(c') #q(¢") =f" V' £ " €c(Sy).

Uniqueness Conditions A/arc - D for invertible cost functions:
Ve(f=q(c)) " — Vi(c) - OVe € ¢(Sy)

[It is noteworthy that this expression appeared in Daganzo, 1983 only to prove con-
ditions Ar above.]

Other conditions, without any evident relationship with the previous ones, can be
derived from a corollary of the Banach’s theorem.

Sufficient fixed-point existence and uniqueness conditions - corollary to Banach’s theorem
Let @(x) be a vector function from non empty set S to set @(S) (that is necessary conditions for
existence hold), it has exactly one fixed-point x* = @(x¥) if

— set S is compact,
— function @(x) is strictly non-expansive:

o) —ox") [l <[[x' —x"|,Yx1 #x2 €S

REMARK. If function @(x) is continuously differentiable with Jacobian V @(x), a sufficient
conditions for being strictly non expansive is that the second norm of its Jacobian is less than one, ||
Vo) ||2<1VxeS. [Any other vector norm may be used as well.]

REMARK. According to the Banach’s theorem it suffices that set S is complete, but in this case
function @(x) has to be a contraction, that is uniformly strictly non-expansive.

Banach’s theorem and its corollary can also be used to state convergence condi-
tions of fixed-point algorithms based on the Method of Repeated Approximations
(MRA), more efficient than those base on the MSA.

Algorithms based on the Method of Repeated Approximations (MRA)

Let @(x) be a vector function from a non-empty convex set S to set @(S) C S, with a unique
fixed-point x* = @(x*) in set S, MRA algorithms provide a succession of solutions belonging to S, x*
€S, possibly converging to the required fixed-point, according to the following recursive equation:

xk :q)(xk’l) withx’ =x, €S

Sufficient conditions for theoretical convergence of such a succession are those of the Banach’s
theorem or its corollary for existence and uniqueness of the fixed-point.

Uniqueness Conditions Br/arc:

l[e(f(c')) —e(f(c")) [l <[l €' = "[l,¥e' # " € e(Sy).
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meaning that the composed function c(f(c)) is strictly non-expansive. Similar condi-
tions hold w.r.t. the composed function f(c(f)). Condition Br may rarely be applied,
since generally involved functions are not strictly non-expansive.

Uniqueness Condition Br/arc - D:

| Vie(f =f£(c))]- V[f(c)] ||, < 1Ve € c(Sy).

These conditions are the differentiable counter part of the above.
Uniqueness Conditions B/arc:

(¢ =) (/= ¢") > (e(f(¢) —e(f(c”)" - (¢ — ")V # " €c(Sy)
or (¢ — (e(f(¢'))) — (¢" —e(f(c"))))" - (¢/ — ") > 0vc' £ ¢” € e(Sy)

meaning that function c - ¢(f(c)) is strictly monotone increasing. These conditions are
a generalisation of the Br/arc conditions.
Uniqueness Conditions B/arc - D:

(I—Ve(f=f(c))-Vf(c)) = OVe € c(Sf)

These conditions are the differentiable counter part of the above.
Uniqueness Condition C/arc. Both conditions A-arc and B-arc are instances of the
general uniqueness condition requiring that:

the composed function (¢ — ¢(f(c))) is invertible forc € ¢(Sy) (3.21)

These are most general conditions currently available with respect to arc cost and
arc flow functions, encompassing all the conditions presented above. It should
be noted that conditions Ar/arc require features for the arc cost function and the
arc flow function separately, while all the others refer to features of some combi-
nation of them.

If both the arc cost function, ¢(f), and the arc flow function, f(c), are continuous,
condition (3.21) implies that the composed function (¢ - ¢(f(c))) is strictly monotone,
thus either of the following two conditions holds:

function (¢ — ¢(f(c))) is strictly increasing monotone (3.22)

function (¢ — ¢(f(c))) is strictly decreasing monotone (3.23)

Uniqueness Condition C/arc-D.
[I-Ve(f=f(c))-VE(c)|#0VeeS: (3.29)

where 7 is over a suitable open superset of set ¢(Sy) such that all point of ¢(S)) are
interior points of it; this condition can be proved a sufficient condition for function
(c - c(f(c))) being invertible, through the global inverse function theorem. Indeed
since the arc flow function c(f) has been assumed continuously differentiable, it is
also continuous thus set ¢(Sy) is connected and bounded since Sy is connected (con-
vex) and bounded (compact). If arc cost function is strictly positive, set S7 can be
chosen as a subset of the set of strictly positive real vectors.
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Global inverse function theorem
Let @(x) be a vector function over the non empty connected and bounded set S, and S’ be an open
superset of S such that (it has interior points and) all point of S are interior points of it, if

— function @(x) is continuously differentiable over set S,
— its Jacobian matrix is non singular over set §', |V @(x)| #0 Vx €5, thus it is invertible,

then function ¢(x) is invertible over set S.

Conditions C /arc and C/arc-D includes as special cases conditions Ar, A, Br, B.

Uniqueness Condition C/arc-D. Remark 1.

Since the arc cost function, ¢(f), and the arc flow function, f(c), are assumed con-
tinuously differentiable functions, the determinant | I - Ve(f=1£(c)) - Vf(c) | is a con-
tinuous function of the vector of arc costs, ¢, thus due to the Sign-Preserving property
of Continuous Functions (Bolzano’s theorem) condition (3.24) implies that either of
the following two conditions holds, C1 or C2, but not both:

[I—-Ve(f=f£(c))-VE(c)| >0 VeeS: (3.252)
[I—Ve(f=£(c)) - VE(c)| <0 VeeS: (3.25b)

Uniqueness Condition C/arc-D. Remark 2.
Condition expressed by (3.24) is equivalent to assuming that all eigenvalues of
matrix Ve(f=1£(c)) - Vf(c) are different from 1, since.

— the determinant of a matrix is equal to the product of its eigenvalues, and.
— each of the m eigenvalues A, of matrix I — Ve(f=f(c)) - Vf(c) are given by 1 — w,,
where o, is one of the m eigenvalues of matrix Ve(f=1£(c)) - Vf(c).

Eigenvalues of the product of two matrices
Let M be a k x r matrix and N be a r x k matrix, thus both the products £ x k M - N and
rxr N - M are well-defined:
if k<r, the r x r matrix N - M has all the & eigenvalues of the k x k matrix M - N plus
r - k zero eigenvalues;
if k=r, M and N are both r X r square matrices, and have the same eigenvalues;
if k>r, the k x k matrix M - N has all the r eigenvalues of the 7 x r matrix N - M plus
k - r zero eigenvalues;
summing up, the two matrices M - N and N - M have the same non zero eigenvalues.

Moreover, the two square m x m matrices V ¢(f) - V£(c) and V£(c) - V ¢(f) have the
same eigenvalues, thus the order of the product is not relevant to check condition
(3.24), and it can be also be expressed as:

1—VE(c(f)) - Ve(£)|£0 VEeS; (3.26)



3.3 Advanced uniqueness and convergence analysis 65

As shown below conditions (3.24) and (3.26) can also be expressed with respect
to route cost and flow functions or i-route cost and flow functions leading to
same result:

I—Vw(h=h(w)) Vh(w)|#£0 YwES, (3.27)
II—Vh(w(h))-Vw(h) | £0 VheS, (3.28)
I-Vw(h=hw))-Vh(w)|#0 YweS, (3.29)
II—Vh(w(h))-Vw(h) | #0 VheS, (3.30)

Same considerations hold for conditions (3.25a) and (3.25b).
Thus, conditions C/—D are equivalent whichever are the variables and the func-
tions used.

First it is worth noting that the two n x n matrices Vw(h) - Vh(w) and Vh(w) - Vw(h) have the same
eigenvalues. Moreover, Eqgs (3.1), (3.9), and (3.3) imply that:

Vf(c)=B-Vh(w=BT -c+wz) -B".

and Eqs (3.3), (3.2), (3.1) imply that:
Vw(h)=B"-Ve(f=B-h+fz)-B.

Thus the n x n square matrix.
Vw(h)-Vh(w)=BT-Ve(f=B-h+fz)-B-Vh(w).

has the same non zero eigenvalues of m X m matrix.
Ve(f=B-h+fz)-B-Vh(w)-BT =Ve(f=f(c)) - VE(c).

and the n X n square matrix.
Vh(w)-Vw(h) =Vh(w) -B"-Ve(f=B-h+fz)-B.

has the same non zero eigenvalues of the m X m matrix.
B-Vh(w)-BT-Vc(f=B-h+fz) = Vf(c) - Ve(f).

Similar considerations apply for i-route cost and flow functions.

On the other hand, formally similar Ar, A, Br, B uniqueness conditions can be
stated with respect to i-route (or route) variables and functions, but they are not
equivalent to those with respect to arc variables. Ar, B, C / i-route conditions only
are explicitly reported below, and D counterparts are not explicitly reported for
brevity’s sake.

Uniqueness Conditions Ar/i-route:

(W(h,) _W(h//))T . (h/ —h”) >0 Vh/ 75h//

(h(w) —h(w' )" (W —w") <0 VW £ W
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These conditions are a generalisation of the Ar/arc conditions.

Uniqueness Conditions B/i-route:
(0 —1")" (0 ~0") > (h(w(h)) ~h(w(h")))" - (I ~")vH £ 1" €3,.
or (W — (h(w(h'))) — (W’ —h(w(h"))))" - (W —h") > OVh' £h" € S),.

meaning that function h — h(#(h)) is strictly monotone increasing.

Uniqueness Condition C/arc. Both conditions A/i-route and B/i-route are
instances of the general uniqueness condition requiring that:

the composed function h- fl(v"v(fl)) is invertible for h € € Si-

This is the most general condition currently available with respect to i-route vari-
ables, encompassing all the other i-route conditions; its D counterpart is given by
(3.30), already introduced above.

All the /arc-D uniqueness conditions are compared in Fig. 3.4 below for a two-arc network, where
f=h, h= h;, €=W, W= c; - c,. A separable cost function is associated to each arc a=1, 2: ¢,(f,)
with derivative x, = dc,(f,) / df,. Thus the Jacobian V ¢(f) of the arc cost vector function is given by

the diagonal matrix:

X, | 0
0 | X,

Ve(f) =

The choice function is an invariant Logit:

Pa(cy, c2)=exp.(—c./0) / (exp(—c;/0)+exp.(—c,/0)) Va=1, 2.

withOpo>0,andd0/dc,=0,a=1,2.Lety=(d/0) p,(c;,c2) p2(c;,c2), the Jacobian of the arc
flow functions is given by the (singular) matrix.

p1(1-p4) —P1 P 1 =i
Vf(c) = —(dIg) ———— UL
—P2 P1 P(1-p2) =i 1

For differentiable functions, each of the arc uniqueness conditions Ar, A, Br, B, C1, and
C2 defines a region over the plane z;=x; - y and z;=x, - y, as shown in Fig. 3.4 to support
comparison among them. The white line between C1 and C2 sub-regions corresponds to condi-
tion: | I — Ve(f=£(c)) - Vf(c) |=0 Ve € S, thus the two regions are separated. It is noteworthy
that the uniqueness region for A/arc conditions is not connected, thus it actually breaks down
into 3 sub-regions, only one sub-region may actually be considered due to Bolzano (sign-
preserving) theorem. Graphs confirm implications among uniqueness conditions as already dis-
cussed above.
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Br/arc

FIG. 3.4

Arc unigueness regions.

Following on the above example, each of the /i-route-D uniqueness conditions Ar, A, Br, B,
Cl1, and C2 defines a region over the plane z, and z;, as shown in Fig. 3.5 to support comparison
among them. Uniqueness regions are generally different from their arc counterparts, apart from
conditions C as expected from above considerations. It is noteworthy that the uniqueness regions
for conditions A, B and C1 equal. Moreover they.
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It is should be noted that uniqueness conditions A, B and C allow for non mono-
tone arc cost functions, which may well be the case for non-separable arc cost func-
tions. [These conditions also allow for non-differentiable arc cost functions, such as
piecewise linear functions, as it may occur when equilibrium assignment is embed-
ded within a transportation supply design model.]

It is, therefore, worthwhile to introduce some requirements for non monotone arc
cost functions:

— strict positivity.

ca(fa) >0 Vfy = 0.

— monotonicity after capacity K,.

(calfd) =caltd") (f' =£7") 20 Vf f" > K.
— consistency with capacity k.
ca(fu=%xa)=ve,(f=0) withv>1.

Monotone strictly increasing arc cost functions surely meet these requirements if the
null-flow cost is strictly positive, c,(f,=0) >0, as it is always the case.

A further relationship between the arc and i-route uniqueness conditions can be
exploited through the following uniqueness conditions, which hold under the
assumption of invariant strictly positive choice functions.

Uniqueness Condition G. Uniqueness is guaranteed under the following condi-
tion about the Jacobian of the cost function, V ¢(f):

(Ve(f)+yI)0-0  VfeS,
where 0 <y <y* and y* = —MAX{(x/||BLx ||)" (Vh(% = W (h))) "' (x/|| BLx
[[,)>0, with x € {x: || x ||=1, || BL x |[[,>0}}; L, h, W have been defined in
Section 2.3.

This condition first appeared in

* Guido Gentile/(2003) Sufficient conditions for the uniqueness of the solution to
the Stochastic User Equilibrium problem, Internal report available at http://w3.
uniromal.it/guido.gentile.

Further details and a proof are in:

* Gentile G., Velona P., Cantarella G.E. (2014). Uniqueness of stochastic user
equilibrium with asymmetric volume-delay functions for merging and
diversion. In EURO J. of Transportation and Logistics 3, p309-331.

Condition G implies condition A/iro-D conditions (not explicitly mentioned above).
Moreover condition Ar/arc-D implies conditions G since the sum of positive definite
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matrices is a positive definite matrix. It is also noteworthy that condition G does not
require features of any composed function.

Summary
Major findings
This chapter presented several fixed-point models for Comprehensive User
Equilibrium assignment to congested Networks, within Six Equation Assignment
Modelling (SEAM) framework; further models have been presented within Two
Equation Assignment Modelling (TEAM) or One Equation Assignment Modelling
(OEAM) framework. Results hold under any assumptions leading to a Transpose
Affine Network (TAN), being synchronic or diachronic.

The proposed approach is very general, can easily extended under other assump-
tions about route choice behaviour modelling, and enables to specify models for day-
to-day dynamic assignment to congested networks, as shown in the next chapters.
Optimization models are available for some very particular instances of User Equi-
librium assignment to congested networks, but they cannot be generalised, nor used
for general models for day-to-day dynamic assignment to congested networks (see
appendix to Chapter 5 in Cascetta, 2009, for a review).

This approach can rather easily be extended to assignment with demand flows
variable with respect to costs, and/or multi-type or multi-mode assignment, where
the choice behaviour among vehicle types or transportation modes is explicitly
described by choice models. These extensions are out of the scope of this book
(and will possibly be described in a future book on advanced topics, some details
can be found in Chapter 6 in Cascetta, 2009).

Fixed-point models for CUE assignment can easily be embedded within methods for
Transportation Supply Design, such Urban Network Design where decisional variables
are signal settings and street directions, while equilibrium assignment is a constraint.

All parameters introduced above are to be calibrated against real /simulated data,
this relevant issues is out the scope of this book. As already stated implementation
and application issues are out of the scope of this book, mainly focusing on mathe-
matical features. (For details on these issues see Cascetta (2009). A companion book
(possibly by other authors) discussing these topics is under planning.

Further readings

Wardrop (1952) introduced the User Equilibrium (UE) assignment, whose beha-
vioural assumptions are often referred to as Wardrop’s I principle, and introduced
as well as the System Optimum (SO) assignment, assuming that users cooperate
to minimize total system cost, according to the so-called II Wardrop’s principle.
Generally for congested networks UE and SO assignment lead to different flow
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and cost patterns, apart from very special cases. SO assignment, often useful as a
reference for transportation planning, may be applied when users do not have auton-
omous route decision capability, such as during controlled people evacuation or
freight transportation. An extension to Stochastic System Optimum has been pro-
posed by Mabher et al. (2005).

SUE with RUMs over a finite support have recently been by Watling et al. (2015,
2018), see also Rasmussen et al. (2015). SUE with Value of Time (VoT) randomly
distributed among users has been discussed in Cantarella and Binetti (1998). SUE for
explicit modelling of parking choice behaviour has been introduced by Bifulco
(1993), as already noted in Section 2.2.3. For details on schedule-based assignment
to diachronic networks see the recent book edited by Gentile and Nokel (2016), even
though the contents mostly refer to deterministic assignment only, as already noted in
the previous Chapter 2. A few authors have addressed the User Equilibrium assign-
ment with route fuzzy utility, for instance Henn (2000), Ridwan (2004), Henn and
Ottomanelli (2006), Ghatee and Hashemi (2009).

Remarks

As noted above Wardrop (1952) introduced the User Equilibrium (UE) assignment,
whose behavioural assumptions are often referred to as Wardrop’s I principle. This
approach to equilibrium assignment is equivalent to those assuming that all sources
of uncertainty are negligible, thus all users travelling between o-p pair i follow max-
imum utility routes, and do not use at all any of the other routes. As already noted in
the previous Chapter 2 and in the beginning of this chapter this user choice behaviour
assumption may be obtained from several assumptions.

In this case, the route choice function (3.7) [cfr (2.12)] and the arc function
(2.34) turns out multi-valued functions. Even though general fixed-point theory also
includes fixed-point of multi-valued functions, a different approach is often followed
to avoid this kind of functions. Assuming a Wardropian user route choice behaviour,
from the previous chapter any arc flow vectors fp, corresponding to arc cost vector ¢
must satisfies the following condition [cfr (2.37)]:

¢’ (f—fp)>0 VfeSs (3.31)

Following the same line of reasoning leading to OEAMs, condition (3.31) may be
combined with the arc cost function (3.2) to get a variational inequality (VI) model:

c(fp)" - (fF—fp) >0 VfeS; (3.32)

This model has at least one solution if the arc cost function (3.2) is continuous, and at
most one if it is monotone strictly increasing. As for any VI model, if the Jacobian
matrix of the arc cost function is symmetric there exist convex optimisation models
equivalent to VI model (3.30). Further details can be found in Cascetta (2009) and in
Sheffi (1985), a useful reference on this topic is:
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Patriksson M. (1994). The Traffic Assignment Problem: Model and Methods.
VSP, Utrecht, The Netherlands.

Below UE assignment is compared with SUE assignment, as a special instance of
CUE, to evidence all the many advantages of SUE with respect to UE, thus motivat-
ing why UE is only been briefly discussed in this book. On the other hand, it is should
be remember that solving UE assignment is less computer demanding than SUE
assignment or other kinds of CUE assignment, thus UE assignment may still be a
useful tool for very large scale application if computing time is an issue.

1. SUE includes a more realistic description of user route choice behaviour
modelling

— dispersion among users (heterogeneity), users’ perception errors, dispersion of a
user behaviour over days, ...

— aggregation errors (due for instance to zoning), missing attributes, attribute
measurement errors (say errors in the supply model), ... .

All above issues can hardly be neglected. In other words when applying UE we are
assuming that users do not commit any error in forecasting LoS, and that we do not
commit any error in modelling their behaviour and in modelling network LoS. This
looks as a rather unrealistic assumption, in particular when other choice dimension
are involved, such as departure time, apart from route.

UE can be considered just a limit case of SUE when uncertainty goes to zero. It
should be also noted that in any modelling approach in Engineering, Economics,
Applied Sciences, ... a step-wise map, as the flow-cost map in UE, is usually approx-
imated by continuous functions such as logistic or other smooth functions. In this
sense SUE-Logit should at least be considered a useful smooth approximation of
UE(see point 2.2 below), apart from any behavioural considerations.

We better say SUEs, SUE indeed may be specified through several different route
choice models derived from RUT, such as any from the Logit family, Weibit, Probit,
Gammit or a mix of these, just to mention a few. Each of these models includes at
least one behavioural parameter, sometimes several, to be calibrated, which (try
to) model all sources of uncertainty, regarding both the users and the modeller,
mentioned above. [Some scholars thinks that having no behavioural parameter to
be calibrated is an advantage of UE; clearly this is not the case, since behavioural
parameters make a model more flexible and more amenable to real-world applica-
tion.] Moreover in some recent papers approaches to model route choice set too have
been proposed.

Flexibility of SUE is a highly relevant features in particular when dealing with
multi-user assignment where user are grouped into classes (see also point 2.1 below),
such as commuters vs. non-commuters, ATIS-equipped vs. non-equipped vehicle,
and in the near future autonomous/automated vs. traditional vehicles.
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Furthermore, the SUE arc flow pattern is less sensible to input data such
as demand flows with respect to UE pattern, thus SUE is better suited for project
assessment giving more robust results (requiring less precise solution algorithms,
see below).

2. SUE shows some very useful mathematical features with respect to UE

1.

2.

uniqueness of link flows also implies uniqueness of link flows per user class,
and of (i-)route flows and costs;

flows depend on costs through a continuous, c. differentiable function f(c)
with symmetric Jacobian, under very mild assumptions met by all choice
models used in current practice.

Fixed-point models for SUE show several useful mathematical features with

respect to any kind of models available for UE as enlisted below

1.

2.

Fixed-point models available for SUE are simpler and require a much simpler
mathematical background (see also point 4 below).

These models for SUE allow for weak uniqueness and convergence
conditions, including non necessarily increasing cost functions c(f); these
conditions cannot be extended to UE, however modelled.

These models can be solved through simple and feasible algorithms proved
converging under very mild assumptions even for cost functions with
asymmetric Jacobian; these conditions cannot be extended to UE, however
modelled.

An effective and efficient algorithm-independent indicator to measure
how far a flow pattern f is from the search SUE flow pattern is any
metric between the two vectors f and f(e(f)). This approach cannot easily
be applied for UE since in this case f(c) is a point-to-set map, thus any
metric between the values of a duly defined gap function of two
successive intermediate solutions are used instead; but all gap functions
proposed until now are very flat close to the equilibrium flow pattern thus
this indicator is rather ineffective, moreover it is not efficient since it also
requires the computation of the gap function, and it is based on two
solutions, which in turn depends on the solution algorithm. Regarding
algorithm convergence it is also relevant noting that the SUE arc flow
pattern is less sensible to costs with respect to UE pattern (cfr previous
comment on sensitivity with respect to demand flows), thus there is no
need of a high convergence threshold, 10> being enough in most cases, to
be compared with 10_6, or even less, often required for UE solution.
[Most engineering applications do not require more than three significant
digits.]

Fixed-point models for SUE, as well as all the related analysis, can easily be
extended to deal with VoT distributed among users (in much simpler way than
UE with VoT distributed among users according to a r.v., which also looks
rather inconsistent).
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6. Fixed-point models for SUE, as well as all the related analysis, can easily be
extended to deal with SUE with variable demand including any kind of non-
separable demand models, whilst models for UE require the inverse demand
function, not available in the most general case, and anyway hard to define
and compute, apart from other limiting assumptions. Thus, SUE approached
through fixed-point models is the only general option for equilibrium
assignment with variable demand.

7. Solutions from a fixed-point model for SUE can easily be compared with
fixed-point states of a day-to-day dynamic (deterministic) process model
(see next chapter).

8. Fixed-point models for SUE are expressed by a (square) system of non-linear
equations to be included in optimization models for transportation supply
design, such as signal setting and street direction design, possibly including
stability constraints derived from a day-to-day dynamic (deterministic)
process model.

4. As said above SUE may effectively be modelled through highly flexible fixed-
point models. Even though some optimization models are also available for
SUE, (see appendix to Chapter 5 in Cascetta, 2009; Sheffi, 1985) as well for UE,
the use of optimization models is somehow misleading, since the nature of
equilibrium assignment models is descriptive/predictive (aiming at describing
real world), not prescriptive (aiming at providing which decision is best to
implement). Moreover, optimization models show several disadvantages with
respect to fixed-point models:

the mathematical background of KKT conditions for non-linear continuous
optimization is much more complicated with respect to (square) systems of
non-linear equations and fixed-point models;

optimization models are harder to be formalised, that is: a proof should be
provided that the optimization models actually describe the assignment
problem at the hand, this kind of proof may not be easy to state and/or to
understand;

their formulation may require additional hypotheses, such differentiability
and/or symmetry of Jacobian matrix of cost function;

they are hard to be analysed [e.g. compare the proof of uniqueness through a
FP model or an optimization one, see for instance Sheffi, 1985];

they can hardly be extended to general assignment problems, such as cost
functions with asymmetric Jacobian, variable demand, multi-user multi-
mode assignment, ... .

Similar considerations also apply to VI models for SUE, as proposed in some
recent papers. It should be noted these models are improper VI since solution is
always an interior point of the set of solution and the VI always holds as an equality
condition.
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Appendix: Proofs of convergence conditions for MSA-based
fixed-point algorithms

Convergence of MSA algorithms through a corollary of Blum’s
theorem for compact sets

Generally MSA-based algorithms do not provide the equilibrium arc flows in a finite
number of iterations, but only a succession of arc flow patterns. They are a special
instance of the Method of Successive convex Combinations (MSC); sufficient
conditions for convergence of MSC-based methods may be stated through Blum’s
theorem, which also applies when only an unbiased estimation of arc flow function
is available.

First use of MSA-based algorithm to solve equilibrium assignment with separa-
ble arc cost functions (with diagonal Jacobian) through an optimisation problem is in:
Powell W.B. and Sheffi Y. (1982). The Convergence of Equilibrium Algorithms
with Predetermined Step Sizes. Transportation Science, 16, 45-55.

Other step size strategies have been proposed to improve practical convergence
of MSA-based algorithms, such as restarting strategies: index k is updated at each

Sufficient MSC convergence conditions - corollary of Blum’s theorem over compact sets

Let @(x) be a vector function from a non-empty compact convex set S to set @(S) CS, with a
unique fixed-point x* = @(x*) in set S,

IF there exists

- a non negative real value function y(x) > 0 defined over set S, with continuous first Vy(x) and
second VZW(X) derivatives,

such that

a. |y(x) — y(x*)|>0 Vx €S, x#£x*
b. Vyx)' [@x) — x]<0 Vx€ES, x#x*

with V()T [p(x*) — x¥]=0

THEN the sequence x=xF14+af ((p(xk") —xF1 e 8, with x° € § and o* €]0,1] Vk such that 3,
of =00 and I (o¥)? < co, converges to the unique fixed-point x*.

Remark. Assessing convergence only requires that function y(x) exists, but the sequence x* is
actually obtained without computing y(x).

Remark. From any function bounded below a non negative function y(x) can be obtained.

Remark. The most natural choice for function y(x) is a strictly convex function that attains its
minimum at the fixed-point x*.

Remark. Using weights of €]0,1] assures that the sequence, Xk, is inside set S, xk e S, if it starts
from a point x, € S, since set S has been assumed convex.

Remark. The sequence of weights o = (1/k) is the sequence with largest elements

of €]0,1] such that ;- of = 0o and Ty~ (a)> < o0; it gives the Method of Successive
Averages (MSA).

Remark. If x* is an unbiased realisation of a sequence of random variables almost surely
convergence is assured.

[For the original statement of Blum’s theorem see: Blum J.R. (1954). Multidimensional Stochastic
Approximation Methods. Ann. Math. Stat. 25, 737-744.]
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iteration as k=k+ 1 starting from k =k, with k,=1 at first iteration, then index k is
restarted from k, after k* iterations (with k* = co we get MSA), and £, is either equal
to 1 again, k,=1, or increased by one, k,=k,+1.

The Method of Repeated Approximations (MRA) is obtained with o =1, but in
this case convergence conditions of the Blum’s theorem are not satisfied, since X,
(o“)> = 0. In this case sufficient convergence conditions can be stated through the
Banach’s theorem and its corollaries, see p.14; conditions on function @(x) are very
strong and not often satisfied.

Convergence of the MSA-FA algorithm

As noted in the main text (p. 12) applying the Method of Successive Averages to
model (3.17) the MSA-FA algorithm is obtained based on the recursive equation:

= 1 (1/k) (B(c(F") — 1) €S, withf® =£9 €5,(3.19)

It can be proved asymptotically converging to f* = f(c(f*; k); d) € Sy if the exis-
tence and uniqueness /arc conditions hold and the Jacobian of the arc cost function
is symmetric by applying the corollary of Blum’s theorem over compact sets as
shown below.

The proof shows that the assumptions of the corollary of Blum’s theorem over compact sets hold,
with reference to the MSA, if

* for existence conditions:

El.each o-d pair i is connected by at least one route,
thus the feasible arc flow set Syis non-empty, beside being compact and convex,

E2. the arc cost function ¢(f) is continuous with respect to the arc flows f,
E3. the arc flow function f(c) is continuous with respect to the arc costs c;
for uniquenss conditions /arc:
Ul.the arc cost function ¢(f) is s. monotone increasing with respect to the arc flows f,
U2.the arc flow function f(c) is monotone decreasing with respect to the arc costs c;
moreover:
S1. the arc cost function ¢(f) is continuously differentiable with symmetric positive definite for real

vectors Jacobian matrix V¢(f) = 0.

Let @(x) =f(c(x)) as in the corollary of Blum’s theorem over a compact set; this fuction has
exactly one fixed-point f* € S, for existence and uniqueness conditions; let ¢* =c(f*).

The vector valued function ¢(x) - ¢* is continuous over set S (according to existence condi-
tions E2) with cont. Symmetric Jacobian V[e(x) - ¢*]=Ve(x) (for hypothesis S1). Thus, there
exists a real valued function y(x), defined over set S for which gradient and Hessian matrix
are Vy(x)=c(x) - ¢* and V2y(x)=V[c(x) - ¢¥]=Ve(x), respectively. Hence, function y(x) is
twice differentiable.

Since the arc cost function ¢(x) is strictly monotone increasing (according to uniqueness
conditions Ul), Vy(x)=c(x) - ¢* is a vector-valued strictly monotone increasing function. Thus,
function y(x) is strictly convex over set Sy Since V y(f*) = ¢(f*) - ¢* =0, function y(x) has a unique

Continued
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minimum at f*, y(x) > y(f*) Vx#f*, x € S5, and y(x) is bounded from below. Thus, assumption a
holds for function y(x).
Moreover, condition f* =f(c(f*)) yields:

e forx=f*cS,
V(04" [p(£%) — %] = Vip(ts)" [F(e(*)) — £+ =0

o for x#Af*eS,

Vy(x)" [p(x) —x] = [e(x) - ] [( (x)) —x] =[e(x) —e(Fx)]" [f(e(x)) —F(c(f*)) +£* —x] =
= [F(e(x)) —£(e(fx))]" [e(x) —e(f*)] —[e(x) —c(f*)]" [x %]

The arc cost function is strictly monotone increasing (uniqueness condition U1) and the arc flow
function is monotone decreasing (uniqueness conditions U2), therefore.
[£(c(x)) — F(e(+))]" [e(x) — e(£*)] < Oand — [e(x) — e(f+)]" [x—£+] < Othus Vy(x)" [p(x) —x] <0

Hence, assumption b holds for function y(x).
[This proof is from Cantarella, 1997, who slightly adapted the Feasible Flow Space Conver-
gence Corollary in Daganzo, 1983.]

Weak form of the Corollary of Blum’s theorem over compact sets.

Let @(x) be a vector function from a non-empty compact convex set S to set @(S) CS, with a
unique fixed-point x* =@(x*) in set S,

IF there exists

— anon negative real value function y(x) defined over set S, with continuous first V y(x) and second
Vz\p(x) derivatives, and
— asubset §° C S, with x*=@(x") Vx'eS", x*ecS*

such that

a |y —yx)|>0 vxeS x¢gSs®
with |(x") — e(x*)|=0 Vx"€S§*

b. Vy®' [@x) —x]<0 VxeS,x¢gSs

with Vy(x)T [@x") — x"]=0 Vx €S

THEN the sequence x=xF 4o (\p(x“) —x*1), with x°=x, € S and of €]0,1] V& such that £,
o* =00 and Zi=0 (o? < o0, converges to a point x_ in set S, thus called the convergence set. The
fixed-point x* can be computed as x*= @(x").

Remark. Assessing convergence only requires that function y(x) and subset S° exist, but the
sequence x* is actually obtained without computing y(x) (or subset S°).

Remark. From any function bounded below a non negative function y(x) can be obtained.

Remark. The most natural choice for function y(x) is a convex function that attains its minimum at
any point x"€ S°, in this case set S° is convex.

All other remarks for the standard form of the corollary still applies.

[See details in Cantarella, 1997.]




Appendix: proofs of convergence conditions 77

As already noted, the most natural choice for function y(x) is a strictly convex
one with its minimum at the fixed-point x*. When only a convex, but not strictly
convex, function y(x) can be found, a weaker form of Blum’s theorem can be
adopted.

Convergence of the MSA-CA algorithm

As noted in the main text (p. 12) applying the Method of Successive Averages to
model (3.18) the MSA-CA algorithm is obtained based on the recursive equation:

=+ (1/k) (e(F(e 1) —e* ') €S. withe” =c(fy) and fy € S4(3.20)
where

S; is the feasible arc flow set non empty (if each o-d pair is connected by at least
one route), compact (since closed and bounded), and convex; it also is the
domain of the arc cost function c¢(-);

¢(Sp is the co-domain of the arc cost function ¢(-); it is non empty and compact
if the arc cost function ¢(-)is continuous, but generally not convex (unless the
arc cost function were linear);

S is the convex hull of set €(Sp); it is non empty and compact, as set €(Sy), and
convex by definition.

If the existence and uniqueness /arc conditions hold and the Jacobian of the arc flow
function is symmetric, the MSA-CA algorithm can be proved asymptotically
converging to an arc cost vector ¢ € S. such that ¢*=c(f(c’; d); ¥) € ¢(Sp and
f* =f(c*; d) € S;by applying the weak form of the corollary of Blum’s theorem over
compact sets as shown below. The arc cost vector ¢ does not need to be unique, and
generally is not. Let.

S*2{c* €S, :c*=c(f(c*;d); )} bethe convergence set, withc* € §* and
f* =f£(c*),since c* = c(f*).

The proof shows that the assumptions of the weak form of the corollary of Blum’s theorem over
compact sets hold, with reference to the MSA, If

e for existence conditions:

El.each o-d pair i is connected by at least one route,

thus the feasible arc flow set S¢is non-empty, beside being compact and convex,
therefore S, is non-empty, compact and convex (see also E2),

E2. the arc cost function ¢(f) is continuous with respect to the arc flows f,
E3. the arc flow function f(c) is continuous with respect to the arc costs c;
for uniquenss conditions /arc:
Ul.the arc cost function ¢(f) is s. monotone increasing with respect to the arc flows f,

Continued
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U2.the arc flow function f(c) is monotone decreasing with respect to the arc costs ¢ (as it occurs for
invariant RUMs);
moreover:
S2. the arc flow function f(c) is continuously differentiable with symmetric (as it occurs for invariant

RUMs) negative semi-definite for real vectors Jacobian matrix, —Vf(c)> 0.

Let @(x) =c(f(x)) as in the weak form of the corollary of Blum’s theorem over a compact set;
this fuction has exactly one fixed-point ¢* € ¢(Sp CS., a non-empty, compact and convex set for
existence and uniqueness conditions; let f* =f(c*). Moreover, let S° be defined as above.

The vector valued function f* — f(x) is continuous over set S, (according to existence conditions
E3) with cont. Symmetric Jacobian V[f* — f(x)] = —V{(x) (for hypothesis S2). Thus, there exists a real
valued function y(x), defined over set S, for which gradient and Hessian matrix are V y(x) = f* — f(x)
and V2y(x) = V[ * — f(x)] = — Vf(x), respectively. Hence, function y(x) is twice differentiable.

Since the arc flow function f(x) is monotone decreasing (according to uniqueness conditions
U2), Vy(x) =f* - f(x) is a vector-valued monotone increasing function over set S.... Thus, function
y(x) is convex over set S... Since Vy(c*)=f* — f(c*)=0, function y(x) has a minimum at ¢* €
c(Sp) CS., or y(x)>y(c*), Vx €S, and y(x) is bounded from below. Moreover, since V()=
* — f(c*)=0V c” € S°, function y(x) has a minimum at any point ¢ € S* (but not at any other
point) hence y(x) > y(c") =y(c*), Vx ¢ S° (and set S* is convex). Thus assumption a holds for func-
tion y(x).

e forc” € S°CS,, that is f(c*) =f*=f(c*)
Vy(e) [o(et) — e = [t —f(c")]" [e(f(c")) — €] =0
e forx €S, c¢S CS., that is f(x) #f* =f(c*)
Vy®)" [ox) —x] =[F* —fx0)]" [e(fx) —x]=
= [f(ex) —£(x)]" [e(F(x)) —e(f(c*)) +e* —x] =
= [f(cx) —£(x)]" [e(F(x)) — e(f(c*))] + [f(ex) —£(x)]" [e* —x] =
= —[e(f(x)) —c(f(ex))]" [f(x) —£(c*)] +[f(cx) — £(x)]" [c* —x]

The arc cost function is strictly monotone increasing (uniqueness condition U1) and the arc flow
function is monotone decreasing (uniqueness conditions U2), therefore

—[e(f(x)) —e(f(ex))]" [F(x) —f(c*)] <O and [f(cx) —F(x)]" [e* —x] <O
thus Vi (x)" [p(x) —x] <0

Hence, assumption b holds for function y(f).
[This proof has been adapted from Cantarella, 1997.]
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CHAPTER

Assignment to congested
networks: Day-to-day
dynamics—Deterministic
Processes

Giulio Erberto Cantarella
University of Salerno, Salerno, Italy

There is another danger which
you can scarcely hope to escape.
It is the weight of the past.

Vita Sackville-West

Outline. This chapter describes a comprehensive modelling approach to day-to-day
dynamic assignment to congested networks through discrete-time Markovian deter-
ministic process (DP) models; presented models are consistent with the SEAM
modelling framework presented in Chapter 1; first simple models for cost and choice
update are introduced and discussed, then deterministic process models based on
them with respect to flows and costs are introduced and discussed. At last more gen-
eral models encompassing most existing models are discussed.

Methods for day-to-day (or inter-periodic) dynamic assignment play a central role in
advanced transportation system analysis, since they allow to analyse and forecast
equilibrium stability and fluctuations around it, as a result of past events.

This chapter discusses deterministic process (DP) models for day-to-day (or
intra-periodic) dynamic assignment to congested transportation networks, a kind
of assignment still at research level and not yet fully implemented in commercial
software. They will turn out closely related to stochastic process (SP) models,
described in the next Chapter 5.

Even though exactly one user equilibrium flow and cost patterns exist (existence
and uniqueness conditions hold), the equilibrium analysis discussed in the previous
chapter does not allow to analyse whether (and under which conditions) the system
state, flow and cost patterns, evolves towards the user equilibrium, and, if not
whether, it evolves towards some kind of attractor. This stability analysis can be
addressed through DP models, discussed in this chapter.
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CHAPTER 4 Deterministic process models

Moreover, the equilibrium analysis does not allow to analyse transients after
demand and/or supply changes, nor to obtain a statistical description of the system
state evolution over time, i.e. means, modes, moments and, more generally, fre-
quency distributions, this kind of analysis requiring SP models discussed in the next
chapter.

It should be stressed that day-to-day dynamics ontologically occur over discrete
time, while within-day dynamics, discussed in Chapter 6, occur over continuous
time, say any instant of time within a day (cfr Introduction). Thus in this chapter
we will only discussed discrete-time deterministic process models, say models
derived from the discrete-time non-linear dynamic system theory; apart from being
the only consistent approach to day-to-day dynamics, it also allow us to easily bridge
to (discrete) time-driven SP models, described in next chapter.

Some comments on DP models over continuous time are reported in the Sum-
mary at the end of this chapter, since some authors have proposed such a kind of
models in the past. The special case of all users following a maximum utility or min-
imum cost routes will not be discussed since rather unrealistic under day-to-day
dynamics, and not consistent with SP models; moreover, many models based on
these behavioural assumptions are also based on continuous time modelling.

It is worth noting that in his seminal paper, Wardrop (1952) alluded to the role of
dynamic adaptation in transportation networks. When providing a justification for
the introduction of the equilibrium concept, by stating that ‘it may be assumed that
traffic will tend to settle down into an equilibrium situation’.

Horowitz (1984) was the first to explicitly describe day-to-day dynamics, propos-
ing DP models for a two-link transportation network derived from discrete-time non-
linear dynamic system theory. Cascetta (1987, 1989) was the first to propose SP
models (more details in the next chapter) for analyse day-to-day dynamics in trans-
portation systems. He also stressed that equilibrium models should be considered a
special cases of day-to-day dynamic ones. Cantarella and Cascetta (1995) were the
first to propose a unifying general theory, based on RUM, encompassing FP models
for UE assignment and DP and SP models for DD assignment to general transpor-
tation networks. Since then several papers have been proposed, with an increasing
interest in the last decade.

Even though day-to-day is the term commonly used in literature a much better
term would be epoch, which, as stated in Cascetta (1989) ‘can have either a “chro-
nological” interpretation as successive reference periods of similar characteristics
(e.g. the a.m. peak period of successive working days) or they can be defined as “fic-
titious” moments in which users acquire awareness of path attributes and make their
choices’.

The specification of a DP models for day-to-day dynamic assignment requires an
extension of both the supply and the demand models by including sub-models of:

» user memory and learning: how users forecast the level of service that they will
experience today, from experience and other sources of information, such as
informative systems, about previous days;
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» user habit and inertia to change: how users make a choice today, possibly
repeating yesterday choice to avoid the effort needed to take a decision, or
reconsidering it according to the forecasted level of service.

In this chapter, for pedagogical purpose we first introduce and discuss some simple
DP models for day-to-day dynamic assignment to congested networks, including
fixed-point models as a special case; one of these approaches allows also to analyt-
ically derive several interesting results about fixed-point stability. Then general DP
models are discussed. They may include most route choice modelling approaches
(cfr Appendix to the book). They are described under steady-state conditions, but
they also apply to any TAN used for within-day dynamics, as discussed in
Chapter 6. Presented DP models are consistent with the SEAM modelling framework
presented in Chapter 1.

Section 4.1 introduces basic equations for simple deterministic process models
discussed in Section 4.2; in Sections 4.3 and 4.4 long-term evolution over time is
discussed and fixed-point stability and bifurcations are analysed respectively for
those simple models; general models are discussed in Sections 4.5 and 4.6.

Basic equations for simple DP models

This section presents the basic equations for (within-day static) day-to-day dynamic
assignment through DP models adding the cost updating and the choice updating fil-
ters to the six equations introduced in the previous Chapter 3; the presented approach
can straightforwardly be applied to i-route variables instead of route ones and/or to
multi-class assignment as well. All definitions and assumptions introduced in the
previous chapters still hold, unless otherwise stated. Main vector notations from
Chapters 2 and 3 as well few new ones used in the following are enlisted below
in alphabetical order for reader’s convenience (sets come first, then Roman letters,
at last Greek letters). Variables that may change over the day have a superscript, usu-
ally k. When any ambiguity might occur with power exponent, the argument is
between round brackets.

A s the set of arcs, with m= | A| elements;

Em is the set of real m x 1 (column) vectors with Euclidean distance;
m is the number of arcs;

N is the set of natural numbers, that is positive integers;

n; is the number of routes connecting o-d pair i;

n=>_n; is the number of routes connecting all o-d pairs;

R; is the set of routes for o-d pair i, with n,= | R;| elements;
R=U,R; is the set of routes for all o-d pairs, with n=|R| =) _;n, elements;
Sec E™ is the arc cost set, given by the convex hull of set ¢(Sp);

Sr< E™ is the feasible arc flow set;

Swyc B is the feasible route flow set for o-d pair ;

Shc E' is the feasible route flow set;



84 CHAPTER 4 Deterministic process models

Sw;c E™ s the route cost set for o-d pair i, an affine transformation of the arc
cost set S;

B; is the (m x n;) i-th block of the ARGIM for o-d pair i;

B s the (m x n) (row block) ARGIM,

¢“>0 is the m x 1 (column) vector of actual arc costs on day k;

¢(-) 1isthe mx 1 (column) arc cost function;

d;>0 is the demand flow for o-d pair i;

d>0 is the demand flow vector with entries d;;

>0 s the m x 1 (column) vector of total arc flows on day k;

fz>0 is the m x 1 (column) vector of other arc flows;

f(-) 1is the mx 1 (column) arc flow function;

h*>0 is the nx 1 (column) vector of route flows for all o-d pairs on day k;

h¥; ;>0 isthe n; x 1 i-th block of the (column) vector of route flows for o-d pair
i on day k;

h;(-) is the n; x 1 (column) vector route flow function for o-d pair i;

h(-) is the nx 1 (column) route flow function for all o-d pairs;

pk;izﬂ is the n; X 1 i-th block of the (column) vector of route choice
proportions for o-d pair i, with 1TPk;,-: 1, on day k;

p:i(-) is the n; x 1 (column) vector route choice function for o-d pair i;

v ; 1s the n; x 1 i-th block of the (column) vector of route systematic utility for
o-d pair i on day k;

wk >0 isthe nx 1 (column) vector of actual route costs on day k;

wk;,- >0 is the n; x 1 i-th block of the (column) vector of actual route costs for
o-d pair i on day k;

wz; >0 isthe n; x 1i-th block of the (column) vector of other route costs for o-d
pair 7;

wz >0 isthe n; x 1 block of the (column) vector of other route costs for o-d pair i;

w(-) 1is the nx 1 (column) actual route cost function for all o-d pairs;

w;(-) is the n; x 1 block the (column) vector actual route cost function for o-d
pair i;

x*>0 is the m x 1 (column) vector of forecasted arc costs for day £;

y*;i>0 s the n; x 1 i-th block of the (column) vector of forecasted route costs
for o-d pair i on day k;

y*>0 s the nx 1 (column) vector of total route forecasted costs on day k;

ac]0, 1[ is the choice updating parameter;

pe€]0, 1[ is the cost updating parameter;

G; 1is the weight given to the actual cost occurred in any of the p previous days,
in a Moving Average filter

0;,>0 is the vector of the route choice function parameters for o-d pair i;

K, >0 is the capacity of arc a;

k>0 is the m x 1 (column) vector of the arc capacities, with entries K,;

p>1 is the integer memory depth, in a Moving Average filter;

;>0 s the utility scale parameter in the route choice model, for o-d pair i.
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Supply models for simple DP models

Transportation supply models express how user behaviour affects network perfor-
mances. This section describes the three equations that according to the SEAM
framework specify the transportation supply model for the day-to-day dynamics
of a transportation system, needing an extension of EQN3 (or EQN2).

» Arc-route flow consistency relation

Under the steady-state assumption the yesterday arc flows due to all o-d pairs can be
obtained from the yesterday route flows through an affine transformation from the
route space to the arc space defined by the arc-route generalised incidence matrix (cfr
Eq. 3.1), given h{Vi, blocks of h":

fk*IZZ,B,-.hk*I;ﬁfZeSf VkeN
' .1)
or F"'=B-W"'+f, VkeN

omitting other arc flows fz in the following for simplifying notation.
* Arc cost function

Due to congestion, say driving user behaviour, yesterday actual arc costs depend on
yesterday arc flows (cfr Eq. 3.2):

l=c(f k) >0eS, VI eSVheN 4.2)

where k>0 is the vector of the arc capacities. The arc cost flow function as well its
parameters are assumed day-invariant.

» Route-arc cost updating function

When modelling day-to-day dynamics the actual costs, resulting from congestion,
are usually different from the forecasted costs affecting user choice behaviour,
namely the route utility values in the demand models (see next sub-section).

The yesterday actual route costs for o-d pair i can be obtained from the yesterday
actual arc costs through a transformation from the arc space to the route space
defined by the transpose of arc-route generalised incidence matrix (cfr Eq. 3.3):

Wl =BT lwg €S, VivkeN

omitting other route costs wz; and wy in the following for simplifying notation.

After knowing yesterday actual costs, users, supported by words of mouth and
possibly informative systems, elaborate them to get forecast costs. Let yk;,20 be
the n; x 1 block of the (column) vector of total route forecasted costs for o-d pair
i on day k.

The route cost updating filter models how today forecasted costs are affected by
yesterday actual cost as well as further past actual costs, that is user memory and learn-
ing process. Some simple models are described below, general ones in Section 4.5.

.
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— Only yesterday filter

In the most straightforward approach to cost updating, the today forecasted costs are
assumed equal the yesterday actual costs without being affected by further past costs;
the so-called only yesterday (OY) filter is specified by the following recursive
equation:

yk;i = w""l;i VivVke N
Given ¢, combining the route-arc consistency relation with the OY filter leads to:

y5i=B;T - VivkeN 4.3.1)

— Exponential smoothing filter

According to an exponential smoothing, ES(p), filter they are defined by a strict con-
vex combination of yesterday forecasted and yesterday actual costs, as specified by
the following recursive equation, given

Yo =pw L+ (1 =)y VivkeN

where B€]0, 1[ is the cost updating parameter, that is the weight given to yester-
day actual costs; in the following the cost updating parameter  is assumed time
invariant and common to all users.

Given co, and yo;,- = B,-T -0V combining the arc flow function with the ES(f)
filter leads to:

yoi=pBT -+ (1-p) ¥l VkeN 4.3.2)

The QY filter (4.3.1) is a limit case obtained putting =1 in Eq. (4.3.2).

The ES(p) filter tries to model how each user make forecasts mixing own expe-
rience, experience shared with other users, as well as any other source of information
such as ITS. It is worth noting that, the resulting forecasted costs are a convex com-
bination of costs occurred today or on each previous day until first day, with weights
B, B (1—P), p(1—P)% ..., respectively, the farther the day in the past the smaller the
weight. [Still if today is day & the first day k=0 gets a weight (1 — B)* that is greater
than the weight § (1 —p)*~! given to the first day k=1 if the updating parameter is
less than one half, p < 0.5.] Even though according to an ES filter an infinite memory
is assumed, the weight given to any of the past days becomes rather small after few
days, for instance with f=0.5, it is less that 0.1% after 9 days, and with =0.6, after
7 days; thus the ES(P) filter may be considered an effective approximation of a finite
memory (Fig. 4.1).

If the ES(P) filter models user experience the value of the cost updating parameter
f should be calibrated against real data, a still open issue; values of the cost updating
parameter in the range [0.5, 0.8] seem likely. Extensive experimentations are surely
needed to provide sound estimates. On the other hand, if the ES(p) filter models the
forecasting filter of an ATIS the cost updating parameter  becomes a design
variable.
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FIG. 4.1
Data-flow diagram of the DP models for day-to-day dynamic assignment.

— Moving average filter

Sometimes a model of user memory and learning process with explicitly finite mem-
ory depth p may be useful, as in Chapter 5 for analysing some stochastic process
models. Thus, a moving average, MA(p, ), filter with one parameter  and memory
depth p is introduced. At this aim, first the weighs of the ES filter are only applied to
p previous days; thus at day ¢, the summation starts at day ¢ — p+ 1; then applying a
scaling factor ensures that these weights {; sum to 1, leading to a (strict) convex mov-
ing average MA(p, p) filter with one parameter; (normalised) decreasing weights {;
for last p days are given by:

G=B(1—BY '/(1-(1-B)")>0 Vj=12,....p
where

p>1, peN, is the memory depth, say how many previous day actual costs
affect today forecasted costs;

Be€]10,1[ isthe cost updating parameter, that used to compute the weights given
to previous actual costs to compute today forecasted costs;

G is the weight given to the actual cost occurred in any of the p previous days,

> 5=1

The weights of the MA filter may also be defined the following recursive equation,
useful for computation:

G=p/(1-(1-p)") j=1
Cj:Cj—l(l_B) Vi=2,..,pn

Using the above specified weights after the initialization step (see below), the route
cost updating function, which expresses the relation between today forecasted route
costs and previous day route costs, is defined as:

GwW s VivkeN, k>p

or y;;=CM" ;¢
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where

€ 1isthe px 1 vector with entries {;

CM*";; isthe p x n memory matrix of costs with p columns given by the actual
costs in the p previous days, wkf-";l-, Vj=1, 2, ..., pu for o-d pair i at the
beginning of day k; at the end of day k the current cost memory matrix
CM*™';; is updated by dropping last column, moving all others columns
rightwards and putting w* as first column to get CM¥;;.

Initialization of CMX;;, say specification of CM;*, may be carried out assuming that:

« all the p columns of CM,* are equal to B; T ¢%;
« the ES filter (4.3.2) is applied for p days to fill the p columns of matrix CM;".

Combining the arc flow function with the MA(p, p) filter leads to:

vau= > (BT VivkeN, k>p 43.3)
J=1, ap

For p=1 and/or f=1 it is assumed {; =1, say today forecasted costs are equal to
yesterday actual costs, as in a QY filter (4.3.1).

The weights given to actual travel experiences in the past depend only on the rel-
ative distance in time they are away from the present, i.e. the model MA(B, ) is time-
homogeneous.

With either of the above initialization approaches, as p goes to infinite the first
and last weights got to p and 0, respectively:

& =p/(1—(1-p)")>Pgoestop,
L,=B(1 —B)" /(1= (1—Pp)*") > 0goes to0.

Moreover as p goes to infinite the MA(,p) filter (4.3.3) tends to the ES(P) filter
(4.3.2). Fig. 4.1 shows a comparison between weights of the ES and the MS filters
with same cost updating parameter f§ against different values of memory depth p.
Results show that the ES(p) filter is a very good approximation of a MA(f, p), but
for very low values of memory depth, p <3 which seems rather unrealistic. Hence,
from the practical point-of-view the preference between an ES filter or a MS filter is
more a matter of mathematical convenience rather than a modelling issue. On the
other hand, they have different theoretical features as shown in sub-section.

Equivalent i-route formulations can also be defined for all the above filters; they
are omitted for brevity’s sake (cfr Section 2.3).

* Route cost updating function

Egs (4.1), (4.2), (4.3.#) describing the supply model can be combined to define the
route cost updating function, which expresses the relation between today forecasted
route costs and yesterday route flows and possibly other flows (cfr Eq. 3.4), for given
ho;iVi, blocks of h? and yo;,»Vi, blocks of yo. Let yk >0 be the n x 1 (column) vector
of total route forecasted costs on day k.
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— With only yesterday filter
V=BT ¢ 3B b k) Vivke N

that are blocks of the block vector recursive function:

=BT .¢(B-h""';x) VkeN

or, remembering from Section 3.1.1 the route cost function (3.4) w=w(h; k):

Y =wh'"x) VkeN (4.4.1)

— With exponential smoothing filter

v =pBT- C(ZiBi el K) +(1—p)y* 'y VivkeN

that are blocks of the block vector recursive function:

vy =pBT-¢(B;-h" k) +(1-B)y" " VkeN

or remembering from Section 3.1.1 the route cost function (3.4) w=w(h; x):
Y=pwhx)+(1-p)y"" VkeN (4.4.2)

— With moving average filter

yk;i = Zj:],m,pchiT . c(Z[B,- . hk_f;i; K) Vke N, k>p

that are blocks of the block vector recursive function:

¥=> . 5B -c(B-WVik) VkEN, k>p

or remembering from Section 3.1.1 the route cost function (3.4) w=w(h;x):
Y= LW ik) VkEN, k>p (4.4.3)

In multi-user assignment users may be grouped into classes (cfr Section 2.4), each
with a different value of the cost updating parameter  and memory depth p (if the
case), this way commuters and non-commuters, ATIS equipped and non-equipped
users and/or human driven vs. automated vehicles, different commodities might
be differentiated, at the expense of increasing the number of parameters; other
approaches to modelling user memory and learning may require several parameters
as well. These general modelling approaches are not suitable for the discussion of the
long-term evolution over time and the analysis of fixed-point stability and bifurca-
tions in Sections 4.3 and 4.4.

In fully disaggregate approaches, each class is made up by a single user, thus the
cost updating parameter  may be defined for each single user, and memory may only
refer to personal experience. These models are better suited for disaggregate assign-
ment through stochastic process models, as described in Chapter 5.

.
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» Arc cost updating function

The very same route cost updating function (4.4.#) is obtained by first computing
forecasted arc costs by applying any of the above cost updating filters to arc costs.
Let x*>0 is the m x 1 (column) vector of arc forecasted costs for day k.

— Only yesterday filter

X'=c(f*'ix) VkeN (45.1)
for given f°.

— Exponential smoothing filter

X =pe(f* k) +(1-B)x*"! VkeN 4.5.2)

for given °, and XO:c(tO)
where

Be]0, 1[ is the cost updating parameter.

— Moving average filter

x* :Zj:lwugjc(f’“*f; k) VKkEN, k>p (4.5.3)

where

p>1, peN, is the memory depth;
Be 10, 1[ is the cost updating parameter;

G=p1—p)/(1=(1=P)") 20 Vj=12....p.

In this case the above equations are used instead of (4.2), with forecasted route costs
defined by the following relation (cfr Eq. 3.3):

» Route-arc cost consistency relation
=BT -x* Vivke N

to be used instead of (4.3.#).

Demand models for simple DP models

Travel demand models express how network performances affect user choice behav-
iour. This section describes the three equations that according to the SEAM frame-
work specify the travel demand model for the day-to-day dynamics of a
transportation system, needing an extension of EQNS, as shown below.

* Route utility function

The utility function for o-d pair i is assumed specified through a linear transformation
of today route forecasted costs, almost always in research analysis as well as in prac-
tical applications (cfr Eq. 3.6):

Vo =y, ¥k Vivke N (4.6)
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where y; >0 is the utility scale parameter, such that the term y; y*;; is dimension-
less to be consistent with utility unit, it is assumed day-invariant.

[The features of whole model are not affected if first route utility values are com-
puted from actual route costs, then any of the above filters is applied to past actual
and/or forecasted utility values. Still this is not a general condition as discussed in
Section 4.5.]

* Route choice updating function

When modelling day-to-day dynamics today route choice behaviour is generally
affected by user habit effect and inertia to change yesterday choice. Very simple
models are described below, more general ones are in Section 4.5.

— No inertia filter

In the most straightforward approach to choice updating both habit and inertia are
neglected, thus for each o-d pair i the today route choice proportions depend on today
route systematic utility values through any discrete choice models theory (see
Appendix to the book) (cfr Eq. 3.7):

phi=pi (V2 8) VivkeN 4.7.1)

where 0; is the choice function parameter vector, whose meaning depends on the
choice model specification. If a utility scale parameter is present, it is considered
included in the utility parameter y; (or vice versa). The route choice function as well
its parameters are assumed day-invariant.

— Exponential smoothing filter

In a more realistic, but still very simple, approach to choice updating, only some
users reconsider yesterday choice (but not necessarily change them), and their
route choice behaviour is modelled through any choice function as above; the
others simple repeat their yesterday choices actual costs, that is their choice behav-
iour is modelled by yesterday route proportions. Following this approach for each
o-d pair i today choice proportions are given by an Exponential Smoothing, ES(a),
filter given p’;;:

pii=ap;(v:0) +(1—a)p'y; ViVkeN 4.7.2)
where

ac]O, 1[ is the choice updating parameter, that is the proportion of users
reconsidering yesterday choice; in the following the choice updating
parameter o is assumed day-invariant and common to all users.

Remark. If p~';;>0, 1Tp*';;=1, p;(v%;1;0,)>0, and 1"p,(v*;;;0,)=1, condition
o€ ]0, 1] assures that pk;,»ZO, lTpk;i: 1.

Remark. If the choice proportions, p,-(Vk;,-; 0;), are defined through choice func-
tions derived from RUT, they are given the meaning of choice probability condi-
tional to the event of reconsidering yesterday choice, and the choice updating

.
91



92

CHAPTER 4 Deterministic process models

parameter, o, is given the meaning of the reconsidering probability. [In this case
Eq. (4.7.2) is an application of a basic lemma of Theory of Probability: P(B)=
P(A) P(B/A)+(1 —P(A)) P(B/A®).]

In the following the choice updating parameter « is assumed time invariant and
common to all users. Comments made above for the cost updating parameter § about
calibration, as well as on numerical interpretation, apply to the flow updating param-
eter o too; in this case values in the range [0.4, 0.6] seem likely.

Eq. (4.7.2) tries to model in simple but effective way user inertia to change and
how much users are prone to review their habit.

— Moving average filter

Moving average filters for modelling habit and inertia have not been proposed so far.
Their interpretation does not seem straightforward, thus they will not be discussed
below.

» Route-demand flow consistency relation
Flow conservation for o-d pair i can be expressed as:
b =dp"; Vivke N (4.8)

It assures that flows of all routes connecting the o-d pair i sum up to demand flow,

that is lThk;,:d,», since lTpk;,-: 1, and non-negative, hk;,» >0, since d;>0 and
k

pi=>0.

* Route choice updating function

Eqgs (4.6), (4.7.#), (4.8) describing the demand model can be combined to define the
route flow updating function, which expresses the relation between today route flows
and yesterday route flows (cfr Eq. 3.9), for given h’;;¥i, blocks of h’:

— With no inertia filter

b =dp,(—w,y";0;) VivkeN

or, remembering from Section 3.1.2 the route flow function (3.9) h=h(w; d):
h*=h(y';d) VkeN 4.9.1)
— With exponential smoothing filter

nt; = (xd,-p,-(—\yi yk;i; 0,-) +(1—a) hl; VivkeN

or, remembering from Section 3.1.2 the route flow function (3.9) h=h(w;d):
h*=oh(y;d)+(1-o)h"" VkeN (49.2)

An equivalent i-route formulation can also be defined; it is omitted for brevity’s sake
(cfr Section 2.3).
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In multi-user assignment users may be grouped into classes (cfr Section 2.4), each
with a different value of the choice updating parameter a, thus increasing the number
of parameters; other approaches to modelling user memory and learning may require
several parameters as well. These general modelling approaches are not suitable for
the discussion of the long-term evolution over time and the analysis of fixed-point
stability and bifurcations in Sections 4.3 and 4.4.

In fully disaggregate approaches, each class is made up by a single user, thus the
choice updating parameter a may be defined for each single user. These models are
better suited for disaggregate assignment through stochastic process models, as
described in Chapter 5.

Arc flow updating function

In this section the arc flow updating function is introduced and discussed. It can be
obtained by combining together equations (4.1, 4.3.#, 4.6, 4.7 #, 4.8), or equations
(4.1, 4.3.4#, 4.9.4), and remembering the arc flow function (2.33) introduced in
Section 2.5. Thus, given £’

— With no inertia filter (cfr Eq. 2.34 in Section 2.5)
fk=f(x% d) € Sr C Em Vke N (4.10.1)
— With exponential smoothing filter

fk= o f(xk d) + (1 - o) f&1 e S S Bm Vke N (4.10.2)

Eq. (4.10.2) too can be considered an extension of the arc flow function (2.34) introduced in
Section 2.5. Indeed, f(xk;(x d) are the today arc flows due to the (a d) users who have reconsider
their yesterday choice, and (1 — o) ! are the today arc flows due to the ((1 —a) d) users who have
not, thus summing up the today arc flows are:

fF=f(x*ad)+(1—a)f" VkeN

Asnoted in Section 2.5 the arc flow function is homogenous of degree 1 with respect to demand
flows: f(c;ax d) =a f(c;d), Vo >0, (cfr 2.35), then Eq. (4.10.2).

Simple DP models

The set of six equations (4.1)—(4.3.#) and (4.6)—(4.8) defines a discrete time Markov-
ian deterministic process (DP) model with respect to all the six basic variables,
describing the evolution over time of them.
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Discrete time Markovian deterministic processes

Let @(x;0) be a vector function from set S to set @(S), the recursive equation x= q)(xk’l, ..;0)eS
with x° € S defines a discrete time deterministic process (DP), useful to describe the evolution over
time of a system where the state at time (day) k is described by x*, § is the state space, @(-) is the
transition function, and 0 are its parameters. The sequence XO, Xl, Xz, X3, x4, ey x"", xk, xk”, ...E€S,
called a trajectory, depends on the initial state x” and the values of the parameters 0.

The process is called Markovian if today state x¢ depends on yesterday state X! only.

Remark. This condition can be obtained also if today state depends on finite number of previous
day states by duly specifying an equivalent process with further state variables.

Remark. If today state also depends on itself, the DP can be put in a Markovian form through the
approaches described in Appendix C.

Fig. 4.1 shows a data-flow diagram of the DP model (4.1-4.3) and (4.6-4.8),
highlighting the roles of the main variables.

Deterministic processes as discrete-time non-linear dynamic systems

Discrete time deterministic processes are native discrete-time non-linear dynamic systems, for which
time is integer and increased by 1 at each iteration. They should not be confused with discrete-time
non-linear dynamic systems used to approximate continuous-time deterministic processes, the so-
called Poincaré maps obtained through stroboscopic technique, for which time may be real and
increased by a real value.

To further analyse the model it is better to reduce the number of equations and
variables, as shown in the following (cfr Section 3.2). Given a specification of the
cost updating filter and of the choice updating filter the resulting model can be spec-
ified with respect to route or i-route variables (not explicitly reported for brevity’s
sake) as well as to arc variables, leading to equivalent models.

Two equation assignment models

Given an ES cost updating filter and an ES choice updating filter, the resulting DP
models are made by two equations with respect to two vectors, a flow vector and a
cost vector, say a two equation assignment models (TEAMs). They can be specified
with respect to route (i-route) or arc variables as show below.

* Route costs and flows—ES/ES

DP models based on route costs and flows may be specified by the ES route cost
updating Eq. (4.4.2) describing the supply model and the ES route flow updating
Eq. (4.9.2) the demand model, from a given initial state (yo, hO):

yo=pwh" k) +(1-p)y"" VkeN 4.11)
h=ah(y;d)+(1—a)h* ' VkeN (4.12)
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The DP model (4.11, 4.12) can easily be rewritten as a proper Markovian DP, today
state only depends on yesterday one by putting Eq. (4.11) into (4.12), but still keep-
ing Eq. (4.11). The state variables of DP model (4.11, 4.12) are (yk, hk); the updating
parameters are o and f; other parameters are demand flow, d, and any other param-
eter in choice functions and in the arc cost function. This model is useful when
explicit path enumeration can be carried out; it is worth noting that this is hardly
the case if routes are hyperpaths. This model is also useful as a base for developing
stochastic process models described in Chapter 5.

A DP model providing an equivalent evolution over time can be specified with
respect to arc variables as shown below.

e Arc costs and flows—ES/ES

DP models based on arc costs and flows may be specified from given initial state by
the ES arc cost updating Eq. (4.5.2) and the ES arc flow updating Eq. (4.10.2), from a
given initial state x=ct’),f’e Sp:

xk=BeElk)+ (1-P)xkie S CEn VkelN (4.13)
fe= o f(xk d) + (1 — o) il € Sr S Bm VeV (4.14)
where

Sy is the feasible arc flow set non empty;
S 1is the convex hull of set ¢(Sy), ¢(Sp) being the co-domain of the arc cost
function c(+).

The DP model (4.13, 4.14) can easily be rewritten as a proper Markovian DP by put-
ting Eq. (4.13) into (4.14), but still keeping Eq. (4.13). The state variables of DP
model (4.13, 4.14) are (xk, fk); the state space is S. x Sy the updating parameters
are o and B; other parameters are demand flow, d, and any other parameter in choice
functions and in the arc cost function. This model is useful when routes (being them
paths or hyperpaths) cannot be explicitly enumerated. This model also allows a com-
plete stability analysis as shown in Sections 4.3 and 4.4.

Given an MA cost updating filter and an ES choice updating filter, the resulting DP
models can be specified with respect to route (i-route) or arc variables as show below.

» Route costs and flows—MA/ES

DP models based on route costs and flows may also be specified from given initial
state by the MA route cost updating Eq. (4.4.3) and the ES route flow updating
Eq. (4.9.2) the demand model, from a given initial state defined route flows h in
the first p days (see the above Section 4.1.1 for details):

ykzzj:],m”z;jw(hk*f; k) VkeN,k>p (4.152)

h*=oh(y;d)+(1-o)h"" VkeN (4.15b)
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with
G=B(1—pY"'/(1=(1-p)") >0 Vji=1,2,....p (4.16)

The DP model (4.15a, 4.15b) can easily be rewritten so that today state only
depends on previous day ones by putting Eq. (4.15a) into (4.15b) actually leading
to a OEAM:

hk:(xh<Z/_:1 AAAA LW (', K);d> +(1—a)ht! @.17)
Still the resulting DP model (4.17) is not properly Markovian, an equivalent Markov-
ian DP can be specified as described below through p+1 equations.

The system state at day kK — 1 is described by a vector 'W*~! made up by p blocks,
one block for yesterday flows 'h*~', and one block 'h*~! j=2, ..., p for each of
the p — 1 previous days kept in memory. Therefore, on each day k today’s flows, con-
tained in the first block 'h, are updated according to Eq. (4.15b), and each of all the
other blocks are used to keep amemory of the pp — 1 previous days flows, whilst the p-th
previous day flows are no longer recorded. According to this state definition today
state only depends on yesterday, leading to the following Markovian DP:

Tht :ah(zj:l uCjw(jh"’l; K); d) +(1—)'n*! VkeNk>p (4.18)

pt=3"p =2, (4.19)

The above model is actually a multi equation assignment model, but it is still con-
sidered a TEAM since it is derived from a TEAM, and contains two types of
equations only.

The state variables of DP model (4.18, 4.19) are the route flow blocks 'h*j=1, ...,
; the updating parameters are o and 3 and p in Eq. (4.16) that defines memory
weights {;; other parameters are demand flow, d, and any other parameter in choice
functions and in the arc cost function.

This model is useful when explicit path enumeration can be carried out; it is worth
noting that this is hardly the case if routes are hyperpaths. This model is also useful as
a base for developing stochastic process models described in Chapter 5.

A DP model providing an equivalent evolution over time can be specified with
respect to arc variables by the MA arc cost updating Eq. (4.5.3) and the ES arc flow
updating Eq. (4.10.2) as shown below.

» Route costs and flows—MA/ES

1fk:ocf<zﬁI ”Z;jc(jfk’l;lc);d)+(1—a)lfk’1 VK€ Nk >p (4.20)

U A Y L = T @21

The state variables of DP model (4.20, 4.21) are the arc flow blocks jf"j: I...,p+1;
the state space is the union of p copies of set S the updating parameters are o and f3
and p in Eq. (4.16) that defines memory weights; other parameters are demand flow,
d, and any other parameter in choice functions and in the arc cost function. This
model is useful when explicit route enumeration cannot be carried out.
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One equation assignment models

Given an OY cost updating filter and/or an NI choice updating filter, the resulting DP
models are made by one equation with respect to one vector, a flow vector or a cost
vector, say one two equation assignment models (OEAMs). They can be specified
with respect to arc or route variables, as well as i-route variables. Arc formulations
only are reported below for brevity’s sake.

e Arc costs and flows—OY/ES
fk= o f(c(f-% 1); d) + (1 — o) 57 € S C B Ve N (4.22)

This model can be obtained from (4.13, 4.14) with =1 or from (4.20, 4.21) with
B=1and p=1.

* Arc costs and flows—ES/NI
Xk:BC(f(inl;d);K)+(l—B)Xk71 Vke N (4.23)
This model can be obtained from (4.13, 4.14) with a=1.

e Arc costs and flows—MA/NI

k

=3
j=1,p

Ge(f(x*':d): k) VkeENk>p (4.24)

This model can be obtained from (4.20, 4.21) with a=1.

» Arc costs and flows—OY/NI
fk = f(c(fc5 x); d) € Sr C B Vke N (4.25)
or x*=c(f(x*;d);x) VkeN (4.26)

Either of these models can be obtained from (4.13, 4.14) with =1 and =1 or from
(4.20,4.21) with a=1, =1 and p=1.

Even though all the above OEAMSs can be obtained as limit cases of previous
described TEAMs they may not share all their features as discussed in Sections 4.3
and 4.4

Fixed point states

All the above discussed DP models have the same fixed-point states, which are con-
sistent with CUE, as described by the fixed-point models presented in the previous
Chapter 3. An explicit proof is given below for DP (4.13, 4.14) and (4.20, 4.21) only
for brevity’s sake. This result implies that fixed-point states of all the above
described DP models do not depend on updating parameters. Thus, existence and
uniqueness conditions discussed in Chapter 3 still hold. But, this condition may
not hold for general DP models described in Sections 4.5 and 4.6. Anyway, fixed-
point states depend on other parameters, such as demand flows, dispersion parame-
ters, arc capacity, see Section 4.4.1 for further comments.
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Fixed-point states of a deterministic process

Let x*=@(x*';0) € S with x” €S be a discrete-time Markovian deterministic process, any state
x* €S such that

k

':x/‘;

x* =x Torx* = @(x*; 0)

is a fixed-point state of it, generally depending on the parameters 0. It is a parametric fixed-point of the
transition function @(-) as well (cfr the implicit function theorem).

Given x* =x*=x*"1 and f* =f*=f""1, Eqgs (4.13), (4.14) lead to
x* =pe(f* k) + (1 —p)x*

f*=oaf(x*; d)+(1—a)f*

or

0=pc(f*; k) —px*

0=of(x* d)—of*

Since both updating parameters o and p are different from zero, it yields
x* =c(f*; k)

f*=f(x* d)

to be compared with fixed-point model (3.15, 3.16) for CUE.
Given f* =I*=IF""v;=1, ..., u+1, Egs (4.20), (4.21) lead to

£*—f*

or
f* :ocf(c(f*; K) Xy G d) +(1—a)f*

Since T, ., §=1, it yields:

f*=of(c(f* k);d)+ (1 —a) f*

or

0=of(c(f*; x);d) —af*.

Moreover, since the choice updating parameter « is different from zero, it yields:
f* =f(c(f*;x);d)

to be compared with fixed-point model (3.17) for CUE.
Similar proofs exists for OEAMs (4.22), (4.23), (4.24), (4.25), (4.26).

A special case occurs when there is a unique fixed-point state and from any initial
state belonging to the state space the system converges towards it. In this case the
(unique) fixed point is called globally stable.

Sufficient conditions for existence, uniqueness and global stability are given by
the Banach theorem and its corollaries, requiring that the state space is non empty
and compact and the transition function is strictly non-expansive.
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Sufficient conditions for fixed-point global stability—Corollary
to Banach’s theorem

Let x* :q)(xk’l;(-)) €S with x’ €S be a deterministic process, with compact state space S, and
x* =@(x*;0) €S be a fixed-point state of it.
IF the transition function @(x) is strictly non-expansive:

lo(x) —@(x")[| <[Ix"—x"[[Vx; #x2 €S

where || -|| is any vector norm/distance.
THEN the fixed-point state X* =@(x*;0) €S is unique and globally stable, that is any trajectory
x“=@(x*~ 1) converges to the fixed-point state x* from any initial state x’€ S in the state space:

lim_ e X =x* Vx'eS

Remark. If the transition function @(x) is continuously differentiable with Jacobian V @(x), a
sufficient conditions for being strictly non expansive is that the a matrix norm (induced by a vector
norm) of its Jacobian is less than one, |||Vox) ||| <1Vx€S.

Still, strictly non-expansiveness of the transition function is a strong condition
that do not hold for any of the DP models described in the previous section. A weaker
condition for fixed-point global stability requiring that the state space is non empty
and compact and the transition function is continuous can be stated by finding a
Lyapunov function.

Sufficient conditions for fixed-point global stability—Lyapunov
functions

Let xk:q)(xk’l;(-)) €S with x’ €S be a deterministic process, with compact state space S, and
x* =@(x*;0) €S be a fixed-point state of it.

IF the transition function @(x) is continuous and there exist a continuous non negative scalar
function ¢() >0, called a Lyapunov function, defined over the state space S such that:

Lx)>0 £(@p(x)) <l(x) VxES,xF@(x;0)
Ux*) =0 L(@(x*)) =L(x*) Vx* €S, x*=¢@(x*;0)

THEN the fixed-point state x* =@(x*;0) € is unique and globally stable, that is any trajectory
x*=@(x*"") converges to the fixed-point state x* from any initial state X’ €S in the state space:
lim e x* =x* Vx"eS

Remark. If the transition function is strictly non-expansive a Lyapunov function exists given by
{(x)=||@(x) —x||, thus the existence of a Lyapunov function is a weaker condition than the non-
expansiveness of the transition function.

Remark. Sometimes the Lyapunov function is defined non positive.

Remark. Sometimes a Lyapunov function can only be defined locally, say over a subset of the
state space.

To author’ knowledge, no condition based on existence of a Lyapunov function has
been proposed assuring global stability of a unique fixed-point of a DP of the kind dis-
cussed in this book, such as DP-ES/ES and DP-MA/ES. Thus, this is still an open issue.

When conditions for globally stability cannot be stated, even if a fixed-point
state exists and is unique the system may not evolve towards it, as discussed
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below. Local stability analysis can be carried out based on the features of the

Jacobian matrix of the recursive equations specifying the DP, as shown
Sections 4.3 and 4.4.

Solution issues and convergence analysis

Any of the above described discrete-time Markovian deterministic process models
can be solved by repeatedly applying the recursive equations that specify it, given
an initial state and values of all parameters, and is suitable for large scale applications.

Solution of deterministic processes

Given an initial state x° €S, the recursive equation x* =q(x*';0) € is repeatedly applied for a
pre-fixed number of iterations or until a sort of convergence is reached (see below). The resulting
trajectory generally depends on the initial state x°.

Remark. A fixed-point state is not suitable initial state since in this case the state will always
reproduces itself.

With reference to the examples already discussed in Chapters 2 and 3, Fig. 4.2 shows the trajec-
tories of flow on route 1 from day 105 to day 120 obtained by applying DP-ES/ES with a=0.50,
p=0.60, dispersion parameter 6 =7, and increasing demand flow d from 3600 to 3900, 4200. The
trajectories with small values of the demand flow d reach the unique fixed-point state (consistent
with SUE, cfr Table 3.2 and Fig. 3.3 for d=3600), but for larger values the trajectories keep oscil-

lating between two states. Similar results can be observed decreasing the Logit dispersion param-
eter 0 and/or the arc capacities.
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day
FIG. 4.2

A route flow against day given by DP-ES/ES (dotted line shows SUE) with d = 3600 (flat
line), 3900 (spiky line), 4200 (largely spiky line).



Fig. 4.3 shows the trajectories obtained increasing § from 0.60 to 0.65, 0.70. The trajectories
of DP-ES/ES with small values of the cost updating parameter B reach the unique fixed-point
state (consistent with SUE, cfr Table 3.2 and Fig. 3.3), but for larger values the trajectories keep
oscillating between two states. As shown above, the fixed-point state is not affected by the values of
. Similar results can be observed increasing the choice updating parameter o.
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FIG. 4.3

A route flow against day given by DP-ES/ES (dotted line shows SUE) with g = 0.60 (flat
line), 0.65 (spiky line), 0.70 (largely spiky line).

Fig. 4.4 shows a comparison between the trajectories obtained by applying DP-ES/ES with
B=0.60 and those of DP-MA/ES with same value of § and memory depth p=3, 4. The trajectories
from DP-ES/ES and DP-MA/ES with p=4 reach the unique SUE (and cannot be distinguished),
but with p=4 the trajectory from DP-MA/ES keep oscillating between two states.
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FIG. 4.4

A route flow against day given by DP with MA u = 3 (largely spiky line), 4 (flat line), and
with ES (hidden flat line).




102 CHAPTER 4 Deterministic process models

Results of simple examples show that the trajectory of a DP may not converge
to a fixed-point state (consistent with SUE) even if it is unique, as stated below
where some notions about the convergence of a deterministic process are briefly
reviewed to introduce notations and definitions (and to support the unfamiliar
reader).

Convergence sets of a deterministic process

A convergence set, is a proper subset of the state space, having the following properties:

— it has a dimension strictly less than the dimension of the state space,
— the system cannot evolve towards a state out of the convergence starting from its interior;
— the convergence set is minimal, that is it does not strictly include any other convergence set.

An example of convergent set is a fixed-point state.

Attractors of a deterministic process

An attractor is a convergence set that

— has an attraction domain (also called basin of attraction), which is a proper super-set of the
convergence set such that from any initial state belonging to the attraction domain the system
converges towards the attractor; the attraction domain may be a proper sub-set of the state space or
the whole state space.

Convergent deterministic processes

A DP is called convergent from an initial state if its state tend to a convergence set. The state space
may be considered partitioned into convergence regions, say attraction domains, and non-
convergence regions, from which the DP does not tend to any attractor, say it is not convergent.
Usually borders among regions can only be identified through brute force.

Types of attractors of a deterministic process

There are four main types of attractors:

—  fixed-point attractors: once reached the system always takes up the same point, their dimension
is zero;

— periodic attractors: once reached the system periodically moves among a finite number of points,
their dimension is zero;

— quasi-periodic attractors: once reached the system moves on a torus, that is a toroidal surface
containing infinite many points, with non zero integer dimension;

— a-periodic attractors: once reached the system moves within a fractal set containing infinite many
points with non zero non-integer dimension.

If there is no attraction domain any of the sets described above is just a convergence set. For
example a fixed-point state is a repulsor, if from any other initial state the system diverges from the
fixed-point state, or a saddle, if from some initial states the system converges to the fixed-point state
and from others diverges from it.
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Chaotic attractors of a deterministic process

An attractor is called chaotic if two trajectories starting however close will greatly diverge after some
time (but they still are in the attractor in any case). This is often called the butterfly effect (usually with
reference to continuous-time NDSs). Fixed-point, periodic and quasi-periodic attractors are non-
chaotic. Almost always an a-periodic attractor is chaotic; in this case the system state evolves over
time through successive contractions on some directions and stretching and folding on others.
According to the shadow theorem although a numerically computed chaotic trajectory diverges
exponentially from the true trajectory with the same initial coordinates, there exists an errorless
trajectory with a slightly different initial condition that stays near (‘shadows’) the numerically
computed one. Therefore, the fractal structure of chaotic trajectories seen in computer maps is real.
(Cfr Ott, E. (1993). Chaos in Dynamical Systems. New York: Cambridge Univ. Press, pp. 18-19.)

As shown above a qualitative analysis of convergence and types of attractors
(if any) can be carried-out by repeatedly applying the recursive equations that
specify a DP. Analytical tools to address these issues are described in the next

Sections 4.3 and 4.4.

Dissipativeness analysis

This section presents analytical conditions for differentiable DP models being con-
vergent to some attractors, possibly depending on the initial state and the model

parameters, through a dissipativeness analysis.

Differentiable deterministic processes

A deterministic process x* = @(x* ', 0) € § is called differentiable (DDP) if its transition function @(-)
s differentiable over the state space S (or subset of it), with J(x) = V @(x) being the Jacobian matrix of
the transition function.

Dissipative deterministic processes

A differentiable deterministic process is called dissipative if a (small enough) ball round any initial
state will shrink as the DP evolves, and the state space tends to reduce to a null measure set, that is a set
with a dimension smaller than the state space, say an attractor, or a convergence set. If the ball shrinks
after stretching and folding a chaotic fractal attractor will likely be observed. Let 3(J(x)) = | det(J(x))|
be the absolute value of the determinant (absdet) of matrix J(x). A sufficient condition for
dissipativeness is:
3(J(x)) < 1Vx € Swithd #0.

If §=0, the analysis should be moved to a space with reduced dimensions where & # 0, through
proper linear transformations; otherwise dissipativeness cannot be assessed.

A DP may be dissipative, say convergent, from any initial state in a sub-set (locally dissipative) of
the state space only or in the whole state space (globally dissipative).

From the Jacobian matrix of a DDP model the Lyapunov multipliers can be
defined to formally identify the type of an attractor (instead of the qualitative analysis

of trajectories).
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Lyapunov multipliers of a differentiable deterministic processes

Given a differentiable DP specified by transition function ¢(-), let @*(-) be the transition function
applied k times with Jacobian matrix V(pk(~) that can be computed through the chain rule. Given an
initial state Xy and values of all parameters let be Xk;j be the j-th eigenvalue of matrix V @*(xo), the
contracting or expanding factor for each direction, called p; >0 (not to be confused with the memory
depth of a MA filter), is given by:

)l/k

W= lime (| 25

If the product of the n multipliers is less than one, p; ,...p, <1, the DP is converging to an
attractor; p; < 1 defines a shrink direction, while ;> 1 a stretching direction followed by a folding, as
noted above. Assuming the multipliers sorted in a ascent order, 0 <, <... <p,;<... <y, the type of
attractor can be identified by the following conditions.

fixed-point or periodic attractor 0<p,<...<<1
quasi-periodic attractor 0, < . S <py=...=p =1

the number of p;=1 is the dimension of the torus
a-periodic attractor 0, < .. S <I<p=...=p

the number of p;> 1 is the dimension of the fractal

Remark. Condition py p,...p, < 1, which holds for all types of attractors, is clearly implied by the
reported conditions for the first three types.

Remark. If the DP specified by transition function ¢(-) is dissipative, 8(V@(-)) < 1, then
6(V(pk(xo)) <1, thus confirming condition p; py...p, < 1.

Remark. Sometimes Lyapunov multipliers are named after Poincare or Floquet.

The dissipativeness of the DP TEAMs described in Section 4.2.1 is discussed
below; some comments are also provided about DP OEAMs from Section 4.2.2.

Dissipativeness of DP-ES/ES

To analyse whether the DP-ES/ES model (4.13, 4.14), specified with respect to arc
variables and repeated below for reader’s convenience:

X =Be(t" k) +(1-p)x"" VkeN (4.13)
fi=af(xkhd)+ (1-o) fcle SsS Bn VkelN (4.14)

is dissipative is necessary to first define its Jacobian matrix J(x, f), which is given by:

Jxf) = (1—P)Im B Je(f) “27)

a(l—B)Je(x) | (1 — o) I+ B Js (x) - J ()

where m  is the number of arcs, Ji(x) = V{(x) is the Jacobian of the arc flow func-
tion, and J.(f) = V c(f) is the Jacobian of the arc cost function (cfr Chapter 3).

The absdet of Jacobian matrix J(x, f) can be computed from its block structure
giving:

8(I(x.£))=(1—B)" (1—0)" V(x.F) (4.28)
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Since a€]0, 1[ and B&]0, 1[, then 8(J(x)) €]0, 1[, thus DP-ES/ES is dissipative
from any initial state in the whole state space. It is worth noting that the absdet
8(J(x,f)) only depends on the updating parameters o and 3, and does not depend
on the point where is computed, nor on any others parameters such demand flows,
capacities, ...

An equivalent results is obtained with respect to route (or i-route) variables, with
reference to DP (4.11, 4.12):

5(J(y.h)) = (1-B)" (1 —)" V(y,h)

where n is the number of routes

Determinant of block matrices 1 (Theorem 3 in Sylvester (2000))

Let M be a 2 x 2 block matrix, with first row [M;; | M;,] and second row [My; | M,], and
M,;, M, M, and M;, square matrices of the same size. If My, -M,; =M, - M, then the
determinant of matrix M is given by: det(M) =det(M;; - My, —M5; M;5)

Since (1 =) In - (1= ) Je(x) = (1 =) Je(x) - (1 = ) Im,
det (J(x, £)) = det (1= B) Im - (1 — ) I + afJr(x) - Je(£)) —a (1= B) i (x) - BJc(£)) )
= det((1=p) (1 =) Im +ap (1=0) Jr(x) - Je () —ap (1-$) Jr(x) - Je(£)))
=(1-p)"(1-a)"

Dissipativeness of DP-MA/ES
To analyse whether the DP-MA/ES model (4.18, 4.19), specified with respect to
route variables and repeated below for reader’s convenience:

"hk =och(2j:1,,,,,H ¢;w(hk—1; ); d) +(1—0)'B"'Vke N k>p (4.18)

e N T (4.19)

is dissipative is necessary to first define its Jacobian matrix J('h), with respect to
the block vector of route flows 'h=1h j=1, ..., p. The Jacobian matrix J('h) has
a special structure [indeed it is a Frobenius block matrix], as shown below for
p=4:

al;Gi+(1—o) I |al, G2 | al;G3 | aly Gy

I, 0 0 0
J(|h)= . ; . . (4.29)
0 0 I, 0

where y=y(|h) is a compact way to express Eq. (4.4.3), Ju(|h)= Vh(y =y(|h)),
Jw(h)=Vw(h), G;=Jn(y(|h))-Jw(h) with entries depending on system parame-
ters also. Moreover, cfr (4.26), {;=p (1 By la—-a-pH>0Vji=1,2, ...,
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The absdet of Jacobian matrix J('h) can be computed from its block structure
giving:

8(J(|h)) =al,8(Gy) (4.30)

Determinant of block matrices 2 (cfr Acknowledgements in Sylvester (2000))

Let M be a 2 x 2 block matrix, with first row [M;; | M;,] and second row [My; | Ma,],
and M, and M,, square matrices, M, and M,; not necessarily square matrices, M,, non
singular/invertible.

The determinant of matrix M is given by: det(M) =
det (M) Mz, — M2 My, ™! My M)

From matrix algebra the absdet 8(J) of the above Jacobian matrix J is equal to absdet of the
following matrix J' obtained through properly interchanging some columns:

aly Gy |al; G+ (1—a) Iy |al, G |al; Gs

. 0 I, 0 0
J(h)=
0 0 I, 0
0 0 0 I,

thus 5(J) =8(J") =a L4 8(G4)

Omitting arguments for simplicity’s sake, matrix G, = Jy, - J. is singular since J
is singular due to the demand-route flow consistency equation; thus the above result,
however elegant, is not useful to assess dissipativeness.

As shown in Appendix A, dissipativeness analysis can be further advanced by
specify a DP model with respect to i-route flows equivalent DP-MA/ES model
(4.18, 4.19), such that the equivalent of matrix G, is non-singular.

It turns out that the DP-MA/ES may not be dissipative, that is may not converge to
any kind of attractor (from some initial states at least) as day goes to infinite, espe-
cially for high values of f and low values of p. On the other hand, whichever is the
value of P, there always exists a large enough memory depth p* such that for any
memory larger than this value p* the DP-MA/ES is dissipative from any initial state
(further details in Appendix A to this chapter).

Dissipativeness of DP-OEAMs

As in the previous cases, to analyse whether each of the DP-OEAMs described in
Section 4.2.2 is dissipative is necessary to first define its Jacobian matrix J (omitting
argument). In all cases the absolute value of the determinant of J may be out of the
range ]0, 1[, each of these DP models may be not dissipative, that is it may not con-
verge to any kind of attractor, details are omitted for brevity’s sake. Therefore, even
if there is a unique fixed-point X", it may be an attractor from some initial states only,
but not from all of them, or not an attractor at all.
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Jacobian matrices for models (4.22) and (4.23) are given below for reference.
J)=(1—a)In+aJ; (x=c(f)) Jc(f)
J(x)=(1-p) Im +BJc(f=£(x)) - Jr(x)

In both cases the determinant is a function of the entries of matrices J; (x) and J.(f)
too, besides the updating parameters.

Fixed-point state local stability and bifurcation analysis

As already noted a deterministic process may evolve towards fixed-points as well as
other kind of attractors, such periodic, quasi-periodic, and a-periodic attractors, or
may not converge at all, depending on values of parameters and/or initial states. This
section describes methods to analyse whether a fixed-point is an attractor without
explicitly running the underlying deterministic process model.

A special case of convergent DP occurs when a fixed-point state is an attractor
and its attraction domain is the whole state space: from any initial state belonging to
the state space the system converges towards it, the (unique) fixed point is globally
stable as discussed in Section 4.2.3. When conditions for globally stability cannot be
stated, local analysis can be carried out based on the features of the Jacobian matrix
of the recursive equations specifying the DP, as shown below.

Local stabhility analysis

This section presents sufficient conditions for local stability of a fixed-point state of
DP-ES/ES, that is a local attraction domain exists thus the fixed-point state is an
attractor. These conditions are based on a spectral analysis of the Jacobian matrix
of the transition function. As already noted, fixed-points of DP-ES/ES are consistent
with CUE.

Some results from matrix analysis

Given a n x n real matrix J, let

A; be one of the n eigenvalues of matrix J, real or component of a complex conjugate pair:

Aj = MAgj L1y, with no loss of generality Ay > 0;

vg(J)>0 be any matrix norm of matrix, where subscript # highlights that there exist several
different norms.

the following relations hold:

(hay+ i) (hay — i) = (hay)” + (hy)” = | s+ 007)|* = (g — )|
det(J)=II; A;, for the determinant of matrix J,

8(J)= | det(J)| =II;| A;| >0, for the absolute value determinant of matrix J,
p(J)=max;|A;| >0, for the spectral radius of matrix J by definition,

vg(J) > p(J), for any matrix norm.

Moreover vg(J) < 1=p(J)<1=58J)< 1.
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Local stability of fixed-point states of a differentiable deterministic
process

Let Xk = @(x+%; 0) € S [E” with x’€S be a differentiable deterministic process with 1 x n
Jacobian matrix V@(x;0), and x* =@(x*;0) € S be a fixed-point state of it.

Let ;" be one of the n eigenvalues of the real matrix V @(x*;0), real or component of a complex
conjugate pair: \;* = Ag;* £iMAy;", with no loss of generality Ay;* > 0;

p* = MAX|A;*| >0 be the spectral radius of matrix V @(x*;0).

IF p* <1

THEN the fixed-point state X * = @(x*;0) € S is locally stable, that is there exists a neighbourhood
S+ C S of x*, such that any trajectory converges to the fixed-point state x* from any initial state in the
neighbourhood:

limy_ o X =x* Vx° €Sy

In other words, x* is a fixed-point attractor and Sy« is its attraction domain.

Remark. This results can be proved by showing that under condition p* <1 a local Lyapunov
function exists in a neighbourhood of the fixed-point state. Thus global stability implies local stability.

Remark. On the Argand real—imaginary plan, condition p* < 1 means that all the n eigenvalues
are within the unitary circle round the origin.

Remark. A sufficient condition for p* < 1 is that there exists a matrix norm strictly less than one,
va(V @(x*;0)) < 1, since for any matrix J vx(J) > p(J) for any matrix norm.

Relationship between dissipativeness and local stability conditions

Let Xk = @(x+7; 0) € S E” with x’€ S be a differentiable deterministic process with 7 x n
Jacobian matrix V @(x;0), whose spectral radius is p(V @(x; 0)).

IF p (Veo(x;0)<1VxeS

THEN any fixed-point state x* =q@(x*;0) €S is locally stable, moreover the DP is dissipative,
since for any matrix J, p(J)<1=938(J) < 1.

Remark. If the transition function @(x) is continuously differentiable with Jacobian V @(x), a
sufficient conditions for being strictly non expansive, and the fixed-point globally stable, is that the a
matrix norm (induced by a vector norm) of its Jacobian is less than one, v(V @(x)) < 1Vx €S, For any
matrix J v(J) > p(J), so va(J) < 1= p(J) < 1, thus local stability conditions hold.

To analyse whether a fixed-point state (x*, f*) of the DP-ES/ES model (4.13,
4.14), specified with respect to arc variables, is local stable is necessary to first define
the 2m x 2m Jacobian matrix J(x, f) (cfr Eq. 4.27, given below for reader’s conve-
nience) then its eigenvalues

I f) = (1—P)Im BJe(F) @27
a(1=P) Je(x) | (1 —0) I + B Jr(x) - Je(x)

where m is the number of arcs, J¢(x) = V f(x) is the Jacobian of the arc flow function,
and J.(f)= V ¢(f) is the Jacobian of the arc cost function. In order to highlight the
role of the updating parameters as well as of the other parameters and input data, let
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A(f,x) be one of the 2m eigenvalues of the 2m x 2m matrix J(x, f), depending on

demand flows, arc capacities, dispersion parameters, updating parameters,
etc.; they may be real or may occur in complex conjugate pairs,
}\,j = }\Rj + i}\lj;

o;(f,x)Z be one of the m eigenvalues of the m x m matrix G(x,f) = J¢(x) - J(f),

depending on demand flows, arc capacities, dispersion parameters, etc., but
not on the updating parameters o and ; these eigenvalues are a-dimensional
after the entries of matrix G(Xx, f); they may be real or may occur in complex

conjugate pairs, ®; = wg; £ i oy;.

Omitting arguments to simplify notations, for each eigenvalue w; of matrix G two
eigenvalues A; and ,,,; of matrix J can be obtained as solutions of the following
(reduced) quadratic equation:

— (1= +(1—B)+aBw)h+((1—a) (1-)) =0 “31)

}\12

Determinant of block matrices 1 (Theorem 3 in Sylvester (2000))

Let M be a 2 x 2 block matrix, with first row [M;; | M;»] and second row [My; | Ma,], and
M, M2, M, and M,, square matrices of the same size. If M, -M,; =M, -M,, then the
determinant of matrix M is given by: det(M)=det(M;;- M, —M,; M)

Eigenvalues A of matrix J are the solutions of the polynomial equation det(J — A I»,,) =0, that is
3(J — A I) =0. From at the 2 x 2 block structure of matrix J —A Iy,

(lfﬁ)lmf}\lm BJC
a(l1-=F)J¢ |[(1—0)Im+aBJr-Jec—ALy

J—Am=

it yields:

8(J —Alom) =3((1 - B NI (1—a=2) In +afJe Je)) = (1—B) Jg - BJc)
(I=p=2)((I—a=N)In+ap(1=p=1)JrJe - p(1-p)Jr-Jc))

(1=p=2) (1 —a=1)In —ap2Jr-Jo)

From8((1 —p—2A) (1 —a =) IT—apAJeJ) =0, (1 =B —2A) (I —a—A) are the eigenvalues of

(xpA) G=(xPA)J¢-Jo; moreover, the eigenvalues of (o p 1) G are (a f M) w, therefore: ((1 —p) —A)
(I —a)—A)=(x p A) o, that is Eq. (4.31).

5
3

Remark. Since A;j+A,,,;=((1— oc)+(1—[5)+oc B w) and A; A, i=(1—o)(1—p),

;=0 implies A;=(1 —a) and A,,,;=(1 —f); moreover A (1 —a) implies A,,.;=
(1 —P), then 0;=0, as well as A;=(1 — B) implies A, = (1 a), then w;=0; there-
fore w;=0 is equivalent to A;= (1 —a) and A= (1 —P).

W —

Remark. With (1 — oc):O or (1—-P)=0 Eq. (4.31) becomes:

(1—a)+am)A=0o0r A2 —((1—B)+Pw0)A=0
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with solutions 2,,,,;=0, and A;=(1 —a)+a  or A;=(1 —p)+p o respectively; as

expected A; are the eigenvalues of the Jacobian matrices for models (4.22) and (4.23).
Conditions for local stability of a fixed-point (x*, *) requires that the spectral radius,

p*, of the Jacobian matrix computed at the fixed-point, J(x*, f*), is less than one:

p* = MAX;[*| < 1 4.32)

Remark. Since w;=0 is equivalent to A;=(1 —a) €]0, 1[ and A,,.;=(1 —p)€]0, 1[,
zero eigenvalues 0;=0 have no effect of fixed-point local stability. Thus, the very
same stability condition can be stated with respect to route (or i-route), since in the
case w; are the eigenvalues of matrix Vh(w)-Vw(h) that has the same non zero
eigenvalues of matrix G (cfr uniqueness condition C/arc-D. Remark 2, in Chapter 2).

Remark. The above considerations also explain the difference between the absdet
with respect to arc variables, (1 — )" (1 — )" and the one with respect to route variables
(1-p)" (1 —a)", without any effect on local stability as well as on dissipativeness.

Remark. Since A; A,,,.;=(1 —a) (1 —P) <1, at least one of the two eigenvalues A;
and M,,,,; has absolute value smaller than 1.

Local stability condition

By combining solutions of Eq. (4.31) with Eq. (4.32) stability condition (4.32) can be
stated for the DP-ES/ES with respect to the eigenvalues o * of matrix G(x*, f*) com-
puted at the fixed-point (as shown in Appendix B).

(0r* —1+er)’ fer? + (o) fe> <1 Wj=1,...,m (4.33a)
where

er=(1+(1—a)(1-p))/(ap) =1 (4.33b)
er=(1-(I-a)(1-p))/(ap) <1 (4.33¢)

In other words, all the eigenvalues ®;* should be within the interior of a stability
region defined by an ellipse on the Argand plan, with shape depending on e and
er being the real and the imaginary semi-axis respectively (Fig. 4.5). It is worth noting
that exchanging each other the values of a and f has no effect on the stability region.

The stability region is located on real axis between the values (1 —2 eg)=
— oo(a, B) and 1, with

oo ) =142 (1= ) + (1~ B))/(ep) > 1 (4.34)

Updating parameters have a symmetrical effect on the stability bound function
0o(+) : (0, B) = wo(P, ). It always gets values greater than or equal to 1 and goes to
infinity as either of the updating parameters, o or f, goes to zero (Fig. 4.6), thus the
lower the values of updating parameters, the greater the area of stability region is.
The value of this function is to be considered an input data, since it depends on updating
parameters o and p, which are input data resulting from the calibration of the model or
design scenario. Several values of parameters o and § map into the same value of func-
tion wy(x, ), all of them having the same effect on the stability bound on the real axis.
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FIG. 4.5
Stability region with «=0.50 and =0.60 (or with a=0.60 and $=0.50).
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FIG. 4.6
The stability bound function w.(a, ) against « and p.

On the imaginary axes (wg =0) the stability region is located between the lower
bound —(1+(1—a)(1—p))/(ap)< —1 and the upper bound (1+(1—a)(1—p))/
(af) > +1; both bounds tend to (minus/plus) infinity as either of the updating param-
eters, o or P, goes to zero, thus confirming that low values of o and/or § have a
stabilisation effect.
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When either of the updating parameters is equal to one, =1 or p=1, cfr DP-OY/
ES or DP-ES/NI, the stability region is a circle and A,,,;= 0V j, when both are equal to
one, cfr DP-OY/NI, the stability region is the unitary circle, in this case indeed
Ai=w;V,.

Since the stability region is located on the Argand plan on the left of the point
(1, 0), if all the eigenvalues o;* have real part less than one, wg;* < 1, there always
are values of updating parameters a and  small enough to ensure stability. Other-
wise, if there exist at least an eigenvalue w;* that have real part greater than one,
og,;* > 1, the fixed-point is always non-stable whatever the values of updating
parameters a and f3; in this case multiple fixed-points can be found (cfr Uniqueness
condition C/arc-D. Remark 2), further comments on this issue in the following
Section 4.4.2.

Local stability condition (4.33) allows us to clearly distinguish the role of updat-
ing parameters a and 3, which only affects the size of the ellipse, from the roles of
other parameters, such demand flows, arc capacities, parameters of choice functions
and cost function, ..., which only affects the eigenvalues w;*.

Hence, the effect of any change of updating parameters a and f can be analysed
without re-computing the eigenvalues w;, which do not depends on them. Moreover,
since eigenvalues w;* have no dimension fixed-point local stability is not influenced
by the units chosen for flows and costs.

With reference to the trajectories of flow on route 1 shown in Fig. 4.2, Fig. 4.7 shows the stability
region and the eigenvalues w;*, the later depending on the demand flow d, results confirm the qual-
itative analysis in Fig. 4.2. Similar results can be observed decreasing the Logit dispersion param-
eter 6 and/or the arc capacities.

FIG. 4.7
Stability region and eigenvalues for trajectories in Fig. 4.2.
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Eigenvalues of a matrix positive semi-definite for real vectors

Let A be a m x m square real matrix positive semi-definite for real vectors, A >0, that is
xT-A-x>0Vx#0, xeR”, and A= \Ag +i ) be one of its eigenvalues,

it has non-negative real part, Ag >0.

Let be y =yg +iy; # 0 be one of the corresponding eigenvectors, so that A-y=2AYy,

A-yg=ArYg —My; and A-y; =Ar ¥y + M Vg,
YRT'A'YRZXRYRT'YR*XIYRT'YI and YIT'A'YI:M{YIT'YIJFXIYIT'YR
YRUA YRV Ay =M YR YR+ ARV Vi =e (YRT'YR+YIT'YI)-

Since y#0, yg #0 and/or y;#0, thus yp* - yg +y," -y; > 0; since x*-A-x>0Vx#0, xcR”,
Yr¥-A-yr +y;T - Ay, >0; therefore Ag >0.

Eigenvalues of product of definite matrices

Let A and B be two m x m square matrices, B symmetric positive semi-definite, B > 0.

Remark. Since B is symmetric positive semi-definite, there exist a matrix C, such that B=C- CT,
thus A-B=A-C-C" with the same non zero eigenvalues of matrix C”- A - C (cfr Uniqueness
condition C/arc-D. Remark 2).

— IF A is symmetric THEN each eigenvalue of A - B is real (A - B may not be symmetric). Indeed in
this case matrix C"- A - C is symmetric, thus all its eigenvalues are real.

— IF A is positive semi-definite for real vectors, A >0, THEN each eigenvalue of A -B has non-
negative real part. Indeed, in this case matrix CT-A - C is positive semi-definite for real vectors,
thus its eigenvalues have non-negative real part.

Particular conditions can be stated if the arc flow function has a symmetric neg-
ative semi-definite Jacobian (as it occurs for invariant choice functions, derived
from RUT).

Remark for arc cost functions with positive semi-definite Jacobian

Assuming that the arc flow function has a symmetric negative semi-definite Jaco-
bian, — Jg(x) >~ 0, if the Jacobian of arc cost function is positive semi-definite for real
vectors, J.(f) = 0, as it occurs for increasing monotone arc cost functions, each eigen-

value o;* of matrix — G(x,f) = — Ji(x) - Jo(f) has non-negative real part, —wg;* > 0V,
or wr;* <0Vj, thus there always are values of a and p small enough to ensure
stability.

Local stability condition for arc cost functions with symmetric Jacobian
Assuming that the arc flow function has a symmetric negative semi-definite Jaco-
bian, — Jg(x) >~ 0, if the Jacobian of arc cost function is symmetric, as it occurs for
separable arc cost functions, each eigenvalue ®; of matrix —G(x,f)= —J¢(x)-
Je(f) is real, ®;=wg,V, thus the stability conditions (4.33) becomes:
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o* €] —wo(a, p), 1] Vji=1,...,m (4.35)

Conditions (4.35) still holds in any case where all eigenvalues w;* are real.

Local stability condition for arc cost functions with symm. positive
semi-definite Jacobian

Assuming that the arc flow function has a symmetric negative semi-definite Jaco-
bian, — J¢(x) = 0, if the Jacobian of arc cost function is symmetric positive semi-def-
inite, as it occurs for separable increasing monotone arc cost functions, each
eigenvalue w; of matrix — G(x,f) = — J¢(x) - J(f) is non-positive real, w;= wg; <0V,
thus the stability conditions (4.35) becomes:

o[ < wo(o, B) Vj=1,...,m (4.36)

or

pG* = MAX]“UJ]‘*| < u)o((x, B)

According to stability conditions (4.36), after the computation of the spectral radius
pc* < 1for afixed-point state, if the choice updating parameter o is known, the max-
imum value Py x of the cost updating parameter to guarantee stability, may easily be
obtained from condition (4.36) leading to:

B <PBmax = (4—20)/(2—a(l—pg*)) (4.37)

As expected, the greater pg*Z the smaller the upper bound Pyiax iS.

Remark. Condition (4.37) may be useful to support ES filter design for informa-
tion systems.

Similar considerations hold for choice updating parameter o, but they mainly
have a theoretical use, since parameter o has a behavioural meaning only and cannot
be designed, but has to be calibrated against real data.

Even though the DP-ES/ES model is suitable for large applications, as already
noted, the large scale application of stability conditions (4.33), (4.35), (4.36) as such
seems quite hard requiring the computation of the eigenvalues of large matrices. In
this case it is useful to remember that any matrix norm is an upper bound for the
spectral radius, vx(J)>p(J); thus, the spectral radius in stability conditions may
be approximated by any matrix norm, such the vector-induced 2-norm vo(J)=||J||2;
this norm usually provides a tight approximation of the spectral radius, but it is rather
hard to compute. The Frobenius norm, vg, even though not a vector-induced norm,
provides values very close to the 2-norm and can easily be computed, since given by
the square root of the sum of the square of the entries of the Jacobian matrix; at this
aim entries can be generated when needed avoiding the explicit definition of the
whole Jacobian matrix.

This approach is very effective for approximating stability condition (4.36)
leading to
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Approximated local stability condition
VE(J(x*, £%)) <o (o, B) (4.38)

All the above stability conditions are independent of the reference variables, say arc,
route, or i-route variables, moreover they hold with a=1 and/or p=1, for DP-OY/
ES, DP-ES/NI, DP-OY/NI. Similar results have not been fully exploited yet for
DP-MAJES.

Local hifurcation analysis

If a DP is dissipative, but one of its fixed-point states is not an attractor, it is useful to
verify towards which type of attractor it converges. Effects of changes of parameters
on the type of attractor can be analysed through a bifurcation analysis to further
deepen the local stability analysis so far.

Bifurcations of a dissipative DP

A stable fixed-point of a dissipative DP may move towards instability after the change of an
eigenvalue induced by a parameter change according to three type of bifurcations.

Flip bifurcation. A real eigenvalue decreases along the real axis below the value —1; the fixed-
point becomes unstable and the DP evolves toward a periodic attractor, after a period-doubling an
a-periodic one may be reached.

Neumark bifurcation. The absolute value of a pair of complex conjugate eigenvalues increase
above the value 1, so that the eigenvalues traverse the border of the unitary circle; the fixed-point
becomes unstable and the DP evolves toward a quasi-periodic attractor.

Pitchfork bifurcation. A real eigenvalue increases along the real axis above the value 1; the fixed-
point becomes unstable and two new stable fixed-points are attractors, their attraction domains being
separated by the unstable fixed-point state. This kind of bifurcation is closely related with fixed-point
uniqueness.

Further bifurcations may be observed for non-dissipative systems, which may exhibit a non-
converging evolution over time (at least from some initial states).

DP-ES/ES is always dissipative for any state only three types of bifurcations may
occur, as discussed below with respect to each eigenvalue o); (Fig. 4.8).

A real eigenvalue w; may lead to a complex conjugate pair of eigenvalues A; and
Ay With | 4] = | A . In this case A Ay =| N> = | A |*= (1 —)*(1 — B)> < 1 thus
the two eigenvalues for a fixed-point state are always within the stability region, and
these eigenvalues may not lead to any kind of a bifurcation.

A real eigenvalue w; may also lead to two real eigenvalues A; and A,,,; such that
i = (1 —o)(1 — ) < 1. Therefore a real eigenvalue u); may lead to

a Flip bifurcation if o); is negative and decreases below the value —w(, ),
leading to a periodic attractor; or

a Pitchfork bifurcation if w}k is positive and increases beyond the value 1
leading to multiple fixed-points.
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Neumark

FIG. 4.8
Stability region and bifurcations.

A complex conjugate pair of eigenvalues ®; = wg +iw; and ;| = wr —i oy, with
;> 0, leads to four two complex eigenvalues Aj, Ayj, Ajrr, and Ay, that must
occur in two conjugate pairs since they are complex eigenvalues A of a real matrix:

}\j al’ld}\j+1, with ‘}\1| = ‘}\j+1‘
}\m+jand7\m+j+l with |}\m+j‘ = |}\'m+j+l|

Since | A [ A |2 = (1 — 00 (1 =B, | Aj| [ Amsj| = (1 —)*(1 — B)> < 1, thus only one
pair may be out the unitary circle. Therefore a complex conjugate pair of eigenvalues
®; and @;,; may lead to

a Neumark bifurcation if their absolute value |@;* | =|w;,*| increases outside
the border of the stability region leading to a quasi-periodic attractor.

Assuming that the arc flow function has a symmetric negative semi-definite Jaco-
bian, — J¢(x) > 0, some further considerations can be drawn.

If the Jacobian of arc cost function is symmetric, as it occurs for separable arc cost
functions, each eigenvalue ; is real, as in ‘Local stability condition for arc
cost functions with symmetric Jacobian’ (Eq. 4.35); thus Flip and Pitchfork
bifurcations only may be observed. Hence quasi-periodic attractors may only
occur with arc cost function with asymmetric Jacobian; furthermore at least
two independent variables are needed to have a pair of complex conjugate
eigenvalues, thus a quasi-periodic attractor.

If the Jacobian of arc cost function is positive semi-definite for real vectors,
Je(f) =0, as it occurs for increasing monotone arc cost functions, each
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eigenvalue w; has non-negative real part, as in ‘Remark for arc cost functions
with positive semi-definite Jacobian’; thus Flip and Neumark bifurcations
only may be observed. Hence, multiple fixed-points may not occur in

this case.

If the Jacobian of arc cost function is symmetric positive semi-definite for real
vectors, J.(f) = 0, as it occurs for separable increasing monotone arc cost
functions, each eigenvalue o; is non-positive real, as in ‘Local stability
condition for arc cost functions with symm. positive semi-definite Jacobian’
(Eq. 4.36); thus Flip bifurcations only may be observed.

If the Jacobian of arc cost function is not positive semi-definite, pitchfork
bifurcation may be observed only if any eigenvalue ,* has a real part greater
than 1 (cfr Uniqueness conditions C/arc-D); in this case the fixed-point state
actually reached depend on the start.

Fixed-point bifurcation analysis with respect to a parameter is generally represented
by a bifurcation diagram showing the point belonging to the attractor against the

values of the parameter, the fixed-points are shown in any case even if they are
not attractors.

With reference to the input data of the examples in Figs 4.2 and 4.7, Fig. 4.9 shows the bifurcation
diagram of flow on route 1 against the demand flow d. Similar results can be observed decreasing
the Logit dispersion parameter 0 and/or the arc capacities.
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FIG. 4.9

Bifurcation diagram against the demand flow d.

Basic equations for general models

This section present more general models for cost and choice updating equations

EQN3 and EQNS, respectively. DP models based on them are discussed in
Section 4.6.
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Supply models for general DP models

The arc-route flow consistency relation (4.1) and the arc cost function (4.2) still hold,
thus general models for specifying the route-arc cost consistency and updating equa-
tion (4.3.#) only are discussed below.

* Route-arc cost consistency and updating function

As already state (cfr Section 4.1.1), yesterday actual route costs depend on yesterday
arc costs (cfr Eq. 3.3) through the route-arc cost consistency relation:

Wkil;l‘ = B[T . Ck71 + Wz; vl Vk S N (4393‘)

omitting other route costs wz; and wz, in the following for simplifying notation.

Generally, today forecasted costs depend on costs incurred on previous days.
Hence, learning and forecasting processes can be modelled through filters applied
to costs incurred on previous days. The route-arc cost updating function is made
up by combining the route-arc cost consistency relation with a route cost updating
filter.

For simplify notations, forecasted costs y*;; are expressed as a function of yester-
day actual w*~';; and forecasted costs y*~';; only, but they may depends on past days:

Yoi=yi(Whay ) VivkeN (4.39b)
thus
Yai=y(BT -y L) VivkeN (4.39)

Forecasting filters are assumed day-invariant, that is their functional form and
parameters are independent of day k. A filter is time-homogeneous if

k—1. k—1. k. k—1. k. k—1. k—1. k—1. ;
w ’i7£y W=y 7i7éy 0Ty i =Yy =W =Y si Vivke N

that is, if yesterday users experienced costs different from their forecasted costs,
today they change their forecasts; vice versa if today they do not change their
forecasts, today forecasts are equal to yesterday experience. The above conditions
implies that y* =y(w,y*)=y* =w: the user forecasting process can start
from any initial guess about attributes making up the transportation costs, pro-
vided that it can be modified if not confirmed by experience. On the other hand,
non modifiable prejudices on congestion dependent attributes are excluded;
this assumption does not refer to cost congestion independent attributes, such
as fares or scenic quality. ES(P) filter, or its generalisation based on a matrix
rather than a single parameter f, is an instance of time-homogenous filter, MA
(B, ) as well.

If the general filter (4.39) is linear with respect to yesterday actual and forecasted
costs, the same results are obtained by applying it to arc costs, otherwise two differ-
ent models are obtained.
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An arc cost filter may be time-homogenous as well:

ck—l;Axkfléxk#xkflorxkzxk—l:>Xk:ck—l

* Route cost updating function

The equations (4.1, 4.2, 4.39) can be combined to define the general route cost updat-
ing function (G) for given h’; Vi, blocks of h” and y’;; Vi, blocks of y’:

Vi=yi (BT oD B b k) ¥ vivkeN (4:40)

Demand models for general DP models

The route utility function (4.6) and the demand-route flow consistency relation (4.8)
still hold, thus general models for specifying the route choice updating equation
(4.7.#) only are discussed below.

If first route utility values are computed from actual route costs, then a general
filter is applied to past actual and/or forecasted utility values features of whole model
may be affected if it is not linear.

* Route choice updating function

As already noted, when modelling day-to-day dynamics today route choice behaviour
is generally affected by user habit effect and inertia to change yesterday choice. In the
most general approach, the proportion of users moving between o-d pair i (and belong-
ing to a user class) along route r at day k£ depends on the route j chosen the previous day
due either to habit and conservative behaviour, desire for variety, and/or available
information. With reference to day k and o-d pair i (and a user class), let:

Pk »€10,1]  be the route choice proportion that a user chooses route r on, with
Zl‘pk;i r— 19

p“;>0 be the n; x 1 (column) vector of route choice proportions with entries
pk;,- - such that 17 k;,—: 1;

pk;,- +€[0,1]  be the route transition proportion that a user chooses route r, given
that j is the route chosen the previous day, such that Z,pk;f =1

Sk; be the n; x n; route transition matrix with entries p*;; ;> all its entries are
non-negative, Sk;i >0, with column sum equal to 1, 17s*. i= 17, thus Sk;,» isa

column stochastic matrix;
S:(-) be the n; X n; route transition matrix function assumed time-independent.

A route proportion consistency equation holds between the today and yesterday
route choice proportions and the route transition proportions:

Phir=_ Phirip" s Vr €ERNIVKEN
/ (4.41a)
or pk;;=S%;-p* 'y VivkeN

.
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Generally, the route transition matrix depends on the today route utilities, as well
as on yesterday day actual and forecasted route costs (and possibly further
past costs, not indicated to simplify notations), through the route choice updating
filter:

Shi=Si(vh Wy L) VivkeN (4.41b)

The route choice updating function is made up by combining the route proportion
consistency equation with the route transition function, leading to the S filters:

phi=Si (v WLy ) pt VivkeN (4.42)

Very often conditional route choice models are formulated to explicitly simulate the
choice switching process leading to two-stage choice models. Let

phi ¢;i€10, 1] be the switching choice proportion that a user reconsiders the
route j chosen the previous day;

Qk; ; be the n; x n; diagonal route switching choice matrix with entries on main
diagonal given by p*;; ¢y and null off-diagonal entries; since the entries on
the main diagonal are strictly positive this matrix is not singular (otherwise
some users would never reconsider previous day choice);

Q:(-) be the n; x n; route switching choice matrix function assumed time-
independent;

Pri »#ci€10,1]  be the active route choice proportion that today a user
chooses route r after reconsidering the route j chosen the previous day,
with 3°,0% ye;=1;

Z5;; bethe n; x n; square route active choice matrix on day k for each o-d pair i,
with entries pk;i cjs since all its entries are non-negative, Zk;,z 0, and its
column sum is equal to 1, lTZk;,: lT, Zk;i is a column stochastic matrix;

Z(-) be the n; X n; route active choice matrix function assumed time-
independent.

As for the route transition matrix, both the route choice switching and route active
choice matrices depend on the route utilities as well as other route costs; a con-
sistency equation holds between the transition matrix function and these two
matrices:

S; (Vk;i, whly, ykfl;i) =Z (Vk;i, whol y! ;i) Q; (Vk;i, whly, ykfl;i)

(4.43)
+ (In, -Q (Vk;i, whls, ykil;,-)) Vivke N
Thus Eq. (4.42) can re-written as follows, leading to ZQ filters:
Pl =Zi (vh, Wl vl ) - Q (VR wh L v pR
(4.44)

+(L, — Qi (vh Wy ) - pE T Vivke N

Eq. (4.43) shows that S filters (4.42) and ZQ filters (4.44) are equivalent; S filters are
preferred for theoretical analysis due their compact notations (see also Chapter 5),
while ZQ filters are preferred for specification.
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The Logit choice function derived from RUT (cfr Chapters 2 and 5; for details see Appendix A to
the book) can be used to specify a S or a ZQ filter, as shown below for a user having travelled
yesterday along route j, omitting indices for day and o-d pair. Proportions are defined by
probabilities.

The switching choice probability pc;; that a user reconsiders the route j chosen the yesterday,
an entry of the diagonal matrix Q, can be defined as a function of yesterday forecasted and actual
route costs by a Binomial Logit choice function. The choice set contains only two alternatives:
reconsider (R), non-reconsider (N). The utility of alternative R is given by the difference w;—y;
between the yesterday actual w; and forecasted route costs y;, thus the greater the difference,
the greater the propensity to reconsidering is. The utility of alternative N, say the inertia to change
utility, may be assumed proportional to the opposite of the actual cost —6,w; with 6, > 0; thus the
smaller the actual cost the greater the propensity to not reconsider. Therefore:

peyi=exp ((w; =) /80) / ((exp (=01w;/80) + exp ((w; = 1) /80)))

where 0, >0 is the dispersion parameter including the scale factor. This is an instance of the
logistic function, often used to described stochastic thresholds.

The j-th column of matrix Z gives the today active route choice probabilities p,,c; and can be
defined as a function of today forecasted route costs by a Multinomial Logit choice function. The
choice set contains all available routes (for the o-d pair 7). The utility of each route r different from j
is given by the opposite of the route forecasted cost —y,; but for route j chosen yesterday an extra-
utility is added; the greater the extra-utility the greater the propensity to not change the route chosen
yesterday.

S filters (4.42) and ZQ filters (4.44) are very general and includes as special cases
simple models described in Section 4.1.2, and others described below, as well as most
existing models. To simplify notation, below the today forecasted route costs only are
explicit included as argument of any function related to user choice behaviour.

A simpler modelling approach is obtained by assuming that the switching choice
proportion do not depend on the route j chosen made the previous day, and possibly
depends on the o-d pair i only: pk;,» cli= pk;,» c- Let

pk;,- c€10, 1] be the route independent switching choice proportion; so that:

Ak;,-: pk; i c L, be the n; X n; diagonal route generic switching choice matrix,
with entries on main diagonal given by p;; ¢ and null off-diagonal entries;
since the entries on the main diagonal are strictly positive this matrix is not
singular;

pci(-) be the route generic switching choice function assumed time-
independent;

A(")=pci()L,, be the n; X n; route generic switching choice matrix function
assumed time-independent.

The generic switching choice matrix generally depends on the difference between
actual and forecasted route costs Ak;f:A(Wk_l;i,yk_l;i):pC,‘(Wk_l;iayk_l;i)Ini, if
Qk;i:Ak;i,then Zk;,--Qk;f:Ak;,-~Zk;i thus, a simpler version of ZQ filters (4.44) is
obtained, leading to AZ filters:
pYi=poi (W Y ) Zi (Vs Wy ) o p
(4.45)
+(1=pei(w iy 1) )Pl Vivke N
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An even simpler modelling approach is obtained by assuming that all the columns of

each matrix Z;(-) of are equal to the vector function pi(vk; 10). If Zk: = pk; i 17, then

Z,-(Vk;,-) -pk_l;i:pk;,-- 1T. pk_l;,-:pk;i, thus a simpler version of AZ filters (4.45) is

obtained, leading to specific Ap filters:
pYi=pei (W Y ) (v 0) + (T—pei (W Y1) )p* Ty VivkeN (4.46)

If the switching choice proportion function does not depend on the o-d pair (nor on
the user class) p.,(-) =p.(-) a simpler model is obtained, leading to generic Ap filters:

pYi=poi(W iy ) (Vi 0) + (1—per (W 1y 1) )pt s ViVkeN (4.47)

If the switching choice matrix does not depend on costs, thus it is constant over time,
model (4.47) becomes the ES(a) filter (4.7.2) with a= pC(vk;f).

* Route flow updating function

Either of the above choice updating model (4.42) or (4.44) can be combined with the
utility function (4.6) and the demand-route consistency equation (4.8) to define the
general route flow updating function for given h%;Vi, blocks of h’:

b =8 (< v Wy ) T Vivke N (4.48)
W =7 (VR Wity ) - Q (VR wh T yE ) e
(4.49)
+(In, — Qi (Vhi W ¥ )) Rl ViVkEN
with v'5; =~y ¥

Similar are results are obtained with simpler choice updating models (4.45), (4.46),
and (4.47):

b = pei (Wi v 1) Zi (=g v5s) -0

+(1=pei (Wl y* 1) )bl Vivke N

(4.50)

W =diper (W v ) (< vEs ) + (1—pei (W sy 1) )l Vivke N @4.51)
hk;,- =dipc (wk_l;,-, yk_l;,-)p,-(fqli yk;,-; 9,—) + (1 fpc,-(wk_l;,-,yk_l;,-))hk_l;,- Vivke N (4.52)

Each of the functions S;(+), Z,(-), Q(*), pci(*), pc() can be specified by applying any
choice modelling theory (see Appendix A to the book). Some existing approaches to
modelling user inertia to change and habit are briefly described below within the gen-
eral framework proposed above.

In aggregate approaches to model the effect of reliability of several information
sources the switching choice behaviour depends on the aggregate reliability, thus
may change over time. Examples of this kind models, sometimes called bounded-
rationality behavioural models, are mostly based on probabilistic (or deterministic)
threshold filters with respect to differences between actual and forecasted costs.
Modelling effects of an ATIS reliability is addressed by Bifulco et al. (2016) through
a modelling approach consistent with (4.52). Other aggregate approaches are based
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on extra utility inertia: the route chosen the previous day is given an extra utility,
expressing the so-called transition cost to a different alternative.

In route-disaggregate approaches, a choice updating parameter is defined for each
route separately depending on the difference between experienced and forecasted arc
costs. The use of probabilistic thresholds leads to route choice switching models. This
approach is rather effective when only two routes are available between each O-D pair,
since there is no need of any route choice function. Indeed, when more than two routes
are available, a conditional route choice function should be applied to model route
choice behaviour of users who decide to reconsider their yesterday choice.

All above models can be applied in a multi-user framework, as already noted for
the simple models discussed in Section 4.1.2. In fully disaggregate approaches, each
class is made up by a single user, thus the choice updating parameters may be defined
for each single user. These models are better suited for disaggregate assignment
through stochastic process models, as described in Chapter 5.

Arc flow updating function

An explicit arc flow updating function extension of (4.10.2) cannot be obtained from
any of the above route choice updating functions (4.48), (4.49), (4.50), (4.51), (4.52).
A special case occurs if the switching choice proportion a does not depend on the
o-d pair, nor on route forecasted costs, but only depends on arc forecasted costs,
a=oa(x); in this case the arc flow updating function can properly be defined as:

F=o(x) F(x5d) + (1 —a(x)) ! VkeN (4.53)

which results an extension of Eq. (4.10.2).

General DP models

The set of six equations (4.1) (4.2), (4.40), (4.6), any choice updating equation, and
(4.8) defines a Markovian deterministic process (DP) model with respect to all the six
basic variables, describing the evolution over time of them.

As in Section 4.2, to further analyse the resulting model it is better to reduce the
number of equations and variables. None of the models discussed below is suitable
for the explicit stability analysis carried out in Sections 4.3 and 4.4. They can be
specified with respect to route (i-route) vectors, and in some particular cases only
with arc variables.

Two equation assignment models

Given a cost updating filter and any choice updating filter, the resulting DP models
are made by two equations with respect to two vectors, a flow vector and a cost vec-
tor, say a two equation assignment models (TEAMs). Let

* Route costs and flows—G/S or ZQ

Wl =BT (B b)) vivkeN (4.54)
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Yai=y (Wl yl) VivkeN (4.55)
b =S (= v W ¥ ) T VivkeN (4.56)

Eq. (4.40) has been split into equations (4.54)—made up by (4.1), (4.2) and (4.39a)—
and (4.55)—say (4.39b)—for better readability; indeed Eq. (4.54) is an auxiliary
static equation (yesterday actual costs depend on yesterday flows); thus this model
is still considered a TEAM. A similar model is obtained by applying the ZQ filter
instead of the S filter:

W =7, (Vk;[, whls, ykfl;i) Qi (Vk;i» whl ye! Q[) 0 S
+ (In, — Qi (vybse, W lin yE7 1)) - WY ViVkEN (4.57)
with v;; = —y; y*3;

The DP model (4.54), (4.55) and (4.56 or 4.57) can easily be rewritten as a proper Mar-
kovian DP, today state only depends on yesterday one, by putting Eq. (4.54) into (4.55)
and both Eqs (4.54) and (4.55) into (4.56 or 4.57). The main state vectors of DP model
(4.54), (4.55) and (4.56 or 4.57) are (yk;,« nh)vi, wEL i being auxiliary vectors
introduced for readability only; the updating parameters are those in the updating fil-
ters; other parameters are demand flows, and any other parameter in choice functions
and in the arc cost function. Model (4.54), (4.55) and (4.56) is useful to highlight the
non-linearity of the relationship between today and yesterday flows, while (4.54),
(4.55) and (4.57) is useful to clearly distinguish the user route choice behaviour and
the switching one. Both the above models are useful when explicit path enumeration
can be carried out; it is worth noting that this is hardly the case if routes are hyperpaths.
These models are also useful as a base for developing stochastic process models
described in Chapter 5. No specification of this general model has been analysed in
literature, still some theoretical results can be drawn as shown in the next sub-sections.

Any simple cost updating equation presented in Section 4.1.1 may be used
instead of (4.54) and (4.55) as well as any simplified model (4.50), (4.51),
(4.52) can be used instead of (4.56) or (4.57). With reference to the route cost updat-
ing Eq. (4.52), Eqgs (4.40) and (4.53) defines an equivalent model based on arc vec-
tors (xk, ck):

¢ Arc costs and flows—G/A

X =x(c(f k), X)) >0 Vi €S, VkeN (4.40)
fF=a(x) f(x;d) + (1 —a(x')) VkeN (4.53)
OEAMs

One equation assignment models (OEAMs) may be based on the route cost updating
Eq. (4.4.1) with the Only Yesterday (OY) cost updating filter combined with any of
the above route flow updating equation. In this case indeed Eq. (4.55) becomes:
yk;,:wk_l;i, Vi VYkeN. Another kind of OEAMs are based on the route flow
updating Eq. (4.9.1) with the no inertia (NI) flow updating filter combined with
the general route cost updating Eq. (4.40). These models have been quoted out of
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sense of completeness, since they combine a very detailed specification of an updat-
ing equation with a very simple specification of the other.

Fixed-point states of general deterministic processes

Generally fixed-point states of model (4.54), (4.55) and (4.56) or (4.55) and (4.57)
are not consistent with CUE, as described by the fixed-point models presented in
Chapter 3.

If the cost updating filter is not time-homogenous (cfr Section 4.5.1), the fixed-
point states depend on the route cost updating filter, and the route actual costs w* at a
fixed-point state may be different from route forecasted costs y* Indeed the fixed-
point state conditions

o=yl =y;"and bt =h* ! =h*, with w;* =w;(h*; k) Vi

combined with Eqs (4.54), (4.55) and (4.56), gives for each o-d pair i:

(S ) i s
yi* — y[(wi*, yl*) Vl (459)
h* =S;(—y;y;*, w*,y;*) - h* Vi (4.60)

On the other hand, if the cost updating filter is time-homogenous:

k. _ k-1, ko k=1,
Y=Y LGi= Yi=W o

Eq. (4.59) becomes: y;* =w;* that combined with Eq. (4.58) gives:
y* =BT C(ZiBi Tl K) Vi (4.61)

Let S;(y;*) =Si(—w,y;*,y;*, y;*) simplifying notations of arguments for readability,
Eq. (4.60) can be re-written:

Si(y*) -h* =h* Vi (4.62)
Thus, for time-homogenous cost updating filters fixed-point states (y*,h*) are the
solutions of the two equations (4.61) and (4.62). The analysis of these equations

shows that the fixed-point states do not depend on any time-homogenous cost updat-
ing filter.

Eigenvalues and eigenvectors of stochastic matrices

Let S be a n x n (non-negative) column (or left) stochastic matrix, that is all its entries are non-
negative, S > 0,with column sum equal to 1, 17.8= lT, it has

— at least an eigenvalue equal to 1, S-w=m, with a non-negative real eigenvector >0, the
eigenvector 7 with sum equal to 1 is called a Perron vector mp >0 with lTnp: 1;
if S is also irreducible, a necessary and sufficient condition being (I, +S)"~' >0, it has

— one eigenvalue equal to 1 with a positive real eigenvector 7t >0 (Frobenius theorem), and the
Perron vector wp  is unique;
if S is also positive, S >0, it is irreducible and

— each of the other eigenvalues has absolute value less than 1 (Perron theorem).
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Since S;(y;*) is a column stochastic matrix it has at least an eigenvalue equal to 1,
thus for given y;* each route flow vector h;* solution of (4.62) is equal to the product
between the demand flow and a Perron vector, h;* = d;mp;if S; (y;*) is also irreducible
it has exactly one eigenvalue equal to 1, and the route flow vector h;* =d;mp is
unique.

Similar considerations hold with the choice updating filter ZQ leading to the
route flow updating Eq. (4.57); and the following equation is used instead of (4.60):

h* =Z:(vi*, wi*,y,") - Qi(vit, Wit y;") -+ (I, — Qi(Tn, — Qi(vi*, wi™, y; ")) -hy™ Vi (4.63)
withv;* = —y, y;"

As above, if the cost updating filter is time-homogenous, Eq. (4.59) combined with
Eq. (4.58) gives Eq. (4.61). In this case, let Z;(y;*) =Z;(—wy;",y/*,y;*) and

Qi(y*) =Qi(—w,y,*, y,%, y;*), simplifying notations of arguments for readability,
Eq. (4.63) can be re-written:

Zi(y") - (Qi(y")-h*) = (Qi(y,*) - h*) Vi (4.64)

Fixed-point states (y*, h*) are the solutions of the two equations (4.61) and (4.64).
The analysis of these equations shows that the fixed-point states do not depend on
any time-homogenous cost updating filter.

Since Z;(y;*) is a column stochastic matrix it has at least an eigenvalue equal
to 1, thus Q;(y;*) -h;* =8;mp where §; is a scaling factor. Remembering that
Q;(y;*) is non-singular, for given y,* each route flow vector h;* solution of
(4.65) can be obtained from relation h;* :656i(y[*)71 -qtp with scaling factor

S =d;/ <1T Qi(y) ! 'TCP) so that 1Th* =d;;if Z;(y;*) is also irreducible it
has exactly one eigenvalue equal to 1, and the route flow vector
h* =diQ;(y;")' - mp/ (IT Qi(y)™! ’TCP> is unique.

With reference to the choice updating filter AZ leading to the route flow updating
Eq. (4.50); in this case the following equation is used instead of (4.62) or (4.64):

b =pei(—w; v ) Zi(y;*) -hi* + (1= pei(—y;y;*)hi* Vi

or 0=pci(—w; ¥, )Zi(y;") - 0" —pei(—w,; ¥ )i Vi

or 0=7Z;(y;*) h*—h;* Vi

since pci(—y;y;*) > 0. Therefore

Zi(y/) " =h;" Vi (4.65)

The analysis of Egs (4.58), (4.59) and (4.65) shows that the fixed-point states do not
depend on switching behaviour for any ZQ filters. Eq. (4.65) looks like (4.62) with
matrix Z;(y;*) instead of S;(y;*), thus all above comments still applies.

If the switching choice proportion only depends on arc forecasted costs,
a=oa(x) > 0,the arc flow updating function can properly be defined by Eq. (4.53)
to be coupled with the arc cost updating Eq. (4.40). Assuming a time-homogenous
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1

cost updating filter, X" =x‘"'=x* = x* =c*, the fixed-point states (x*,f*) of this

DP are given by:
x* = ¢(f*; k)

f* = a(x)f(x*; d) + (1 — a(x*))f*

or
x* =¢(f*; k) (4.66)
£+ =f(x*; d) 4.67)

They are independent of the switching behaviour and consistent with fixed-point
states of simple DP models discussed in Section 4.2.3 and with CUE, as in Chapter 3.

General fixed-point existence conditions
Sufficient conditions for the existence of fixed-points of general deterministic process
models with time-homogeneous cost updating filters are given in the following. These
conditions are a generalisation of those already discussed for CUE in Section 3.2.3. For
brevity’s sake they are discussed with S filters for choice updating only, Eq. (4.43)
allowing to apply the so-obtained results to ZQ filters, and their simpler versions.

It is worth to express Eq. (4.61) in a different way. At this aim, remembering the
arc-route flow consistency equation (3.1), the arc cost function (3.2), and the route-
arc cost consistency equation (3.3), let

f* = ZiB,-h; be the arc flows corresponding to the fixed-point route flows
h;*Vii;

c* =c(f*;k) be the corresponding arc costs;

y*=B;T-¢* be the route costs corresponding to the fixed-point route flows
h;*Vi.

Thus, Eq. (4.61) is equivalent to the following equations:

=" Bh’+1; (4.68)
c* =c(f*; k) (4.69)
y, = B,-T c*+wy Vi (4.70)

Moreover, Eq. (4.62) implicitly defines a map between the route flow vector h;* and
the route cost vector y;*; if matrix S;(y,*) is irreducible there is one route flow vector
h;* for each route cost vector y;*, thus this map is a function @g;(y;*), called the S
route flow function for o-d pair i, that can be used to express equation(4.62):

hi* = @g(y;*) Vi 4.71)

Since the eigenvectors are continuous function of the entries of a matrix, if function
S,(+) is continuous, the S route flow function @s;(-) is continuous too.
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Therefore, fixed-point states (h;*,y;*) defined by Egs (4.61) and (4.62) can also
be described by (4.68), (4.69), (4.70), and (4.71). Furthermore, the generalised arc
flow function can be defined combining together Eqs (4.68), (4.70), and (4.71):

Parc(c) = ZiBi(Psl' (B"-c) 4.72)

It is continuous if the S route flow function is continuous. It has values in the feasible
arc flow set Sy € Em, which

e has a finite dimension if the number of arcs is finite,

» is non empty if each o-d pair is connected by at least one route,
» is compact, since closed and bounded,

e is convex.

Thus, fixed-point states (h;*,y;*) Vi are equivalent to the solutions (f*, ¢*) of the
following two equations:

c*=c(f*; k) 4.73)
f* = @arc(c*) 4.74)

These equations are a generalisation of the TEAM (3.15), (3.16) presented in
Chapter 3 for CUE. Combining them together the following fixed-point model with
respect to arc flows can be defined as a generalisation of the OEAM (3.17):

£* = @arc(c(tf*; k) €55 4.75)

Solutions f* of (4.75) allow to define the solutions (f*, ¢*) of (4.73) and (4.74) that
are equivalent to the solutions (h;*, y;*) Vi of (4.68-4.72), say of (4.61) and (4.62).
Hence existence conditions can be stated with respect to the OEAM (4.75).

Thus, sufficient conditions for existence of solutions f* of (4.75) can be derived
with reference to the composed function @g(c(-)) defined over set Sy with values in
the same set, as:

1. each o-d pair i is connected by at least one route,

2. the arc cost function ¢(f; k) is continuous with respect to the arc flows f,

3. the generalised arc flow function @rc(c) is continuous with respect to the arc
costs ¢, that is functions @s,(-) Vi are continuous, say functions S;(-) are
continuous and matrices S;(-) are irreducible (otherwise @s;(-) is not a function).

Proof, based on the Brouwer’s theorem, is similar to the proof of existence conditions
in Chapter 3, with reference to the composed function @rc(c(-)) instead of f(c(-)).

General fixed-point uniqueness conditions

Sufficient conditions for the uniqueness of fixed-points of general deterministic pro-
cess models with time-homogeneous cost updating filters can stated by applying the
uniqueness conditions discussed in Chapter 3 to the two equations (4.61) and (4.71)
with respect to route vectors, a generalisation of equations (3.11) and (3.12), or to
two equations (4.73) and (4.74) with respect to arc variables, a generalisation of
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equations (3.15) and (3.16). But it should be remarked that generally it is not easy to
check whether functions @g(-) or @src(-) have the required features.

On the other hand, with route choice updating Eq. (4.51) based on Ap choice
updating filters (4.46), since d;pc;(y,;*) >0 Vi, Eq. (4.62) becomes:

hy* =dip;(vi* = —y;y,5 0;) Vi
4.76)
or h*=h;(y*;d;) Vi

with @g;(y;*) =dip;(vi* = —y,y,*; 0;). Eqs (4.61) and (4.76) are exactly equations
(3.11) and (3.12) in Chapter 3.

Solution issues and convergence analysis

Any of the above described discrete-time Markovian deterministic process models
can be solved by repeatedly applying the recursive equations that specify it, given
an initial state and values of all parameters.

At each iteration of general models based on route costs and flows, arc costs and
flows can be computed through equations (4.3.#) and (4.1) respectively. Still these
models require explicit route enumeration, thus they may be unsuitable for very large
scale applications.

In any case, the trajectory of a DP may not converge to a fixed-point state and
other kinds of attractors may be reached possibly depending on the initial state, as
already noted for simple DP models.

Summary
Major findings

This chapter presented several simple and some general discrete-time Markovian
deterministic process models, casted within the general SEAM framework, for the
day-to-day dynamic assignment to congested transportation networks. They are
based on a model of user memory and learning and a model of user habit and inertia
to change. The presented DP models may include route choice functions from any
choice modelling theory (cfr Appendix A to the book). They have been developed
under steady-state conditions, but they can be applied to any transportation system
with supply modelled by a TAN. Relationship with fixed-point models for CUE, dis-
cussed in Chapter 3 has also been analysed.

This chapter also presented a general methodology to analyse discrete-time
Markovian deterministic process models (see for instance Stokey and Lucas, 1989
for more theoretical details). First, fixed-point states are defined and existence,
uniqueness, and global stability are investigated; then, if global stability cannot be
assessed, the Jacobian matrix is defined and dissipativeness analysis is carried
out; furthermore, the eigenvalues of the Jacobian matrix at a fixed-point state are
defined and the fixed-point local stability and bifurcation analyses can be carried out.
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This methodology has been applied to the presented DP models as far as possible,
a full analysis being available for some simple models only. The simple DP models
based on MA cost updating filters deserve further research effort to get complete
fixed-point local stability and bifurcation analyses. General conditions for global sta-
bility are still an open issue. Whether the general fixed-point existence conditions
could be extended to non irreducible stochastic matrices through the Kakutani’s
theorem is still an open issue as well.

The today state may also depends on itself when the system state is the result of
aggregation and/or averaging over sub-periods of the day &, or for idealised systems
used as ‘benchmarks’, such as traveller information systems where the future can
perfectly be forecasted, see for instance Bifulco et al. (2016). As already noted,
the resulting DP models can be put in Markovian form by applying either of the
approaches described in Appendix C.

As already noted for CUE models, the proposed modelling approach can rather
easily be extended to assignment with demand flows variable with respect to costs,
and/or multi-type or multi-mode assignment, where the choice behaviour among
vehicle types or transportation modes is explicitly described by choice models. These
extensions are out of the scope of this book (and will possibly be described in a future
book on advanced topics). All parameters introduced above are to be calibrated
against real/simulated data (Cheng et al. (2019) recently addressed this issue); this
relevant issues as well as implementation and application issues are out the scope
of this book, mainly focusing on mathematical features.

Further readings

Very few applications exist based on real input data. Surely worth of mention are the
several papers dedicated to modal split in freight transportation by Ferrari (2009,
2011, 2014, 2015, 2016, 2018).

Since the seminal paper by Horowitz (1984), the basic framework of DP models
has been developed in some papers published during 90s. After a break in the sequent
decade, many papers have been published from 2010, too many to be mentioned.
Some papers published by the authors are enlisted below. An analysis of attraction
basins or domains is in (Bie and Lo, 2010). An application for congestion toll design
is in (Han et al., 2017). An application to a simple multi-modal systems is in
Cantarella et al. (2019).

The approximated stability conditions presented in Section 4.4 may be included
as a constraint in optimization models for Transportation Supply Design with equi-
librium assignment (see Cantarella et al., 2012, for an example of large scale appli-
cations). The relevance of fixed-point stability analysis for transportation supply
design and project appraisal is discussed in Cantarella (2013).

Remarks

Some papers follow a continuous time approach to day-to-day dynamics modelling.
They (do not address this issue or) state that it can often be convenient for obtaining
analytical-theoretical results, which might be easier to establish in the continuous-
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time case; still this is not case for relevant modelling approaches. On the other hand, for
numerical solution time discretisation is necessary; indeed even if the model were
originally specified in continuous-time, it needs to be discretised for computational
purposes at least. Furthermore, the properties of the resulting DP models can be rather
different in the two cases, some qualitative phenomena evident in one and not in
another (see Cantarella and Watling, 2016). From a general point of view, continuous
time DP models cannot be considered an effective approximation of discrete time ones
asmuch as like a circle generally is not a good approximation of a square or arectangle.

Quite often, but not always, continuous time DP models are based on Wardrop
(1952) or Deterministic Utility route choice behaviour. This approach to route choice
modelling could be rather effective when only two routes are available between each
O-D pair, and the choice updating filter is specified by a switching model, since there
is no need of any route choice function. Indeed, when more than two routes are avail-
able, a conditional route choice function should be applied to model route choice
behaviour of users who decide to reconsider their yesterday choice. As noted in
the previous chapters Deterministic Utility choice modelling approach shows several
drawbacks, such as several path flow patterns may correspond to the one link flow
pattern, ...; indeed, models based on this approach are classified as link-based or
path-based depending on the variables used to specify the models; this distinction
is meaningless if applied to more general choice modelling approaches.

DP models should not be confused with CUE solution algorithms, however sim-
ilar they may look. Indeed, in a DP model parameters are to be calibrated against real
data and convergence to a fixed-point state equivalent to CUE may not be guaran-
teed, as shown above through some simple examples. On the other hand, CUE solu-
tion algorithms are specified in order to converge to CUE anyway.

Appendix A: Dissipativeness of DP-MA/ES
(adapted from Cantarella and Watling, 2016)

The dissipativeness analysis of the DP-MA/ES model (4.18, 4.19) can be carried out
by specify an equivalent DP model with respect to i-route flows, see Section 2.3.

The i-route cost (block vector) function can be specified by combining together
equations (2.23) and (2.24) with arc cost function (4.2):

V=W (h) (AL1)
where the i-th block is given by W; h) = BT -c(B;- h; +1,,K ) + Wz

The i-route flow (block vector) function can be specified by combining together
equations (2.25), (2.26) and (2.27):

h=h(w) (A1.2)
where the i-th block is given by h;(W) =d;p;(—y,W;: ;).

Thus an equivalent formulation of the the DP-MA/ES model (4.18, 4.19) with
respect to iro flows is given by:
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W=ah(> Gw(R ik)id)+(1-0'h ke Nk > (A1.3)

Thk=’-1hk—1 j=2,....p (Al.4)
The DP (A1.3, Al1.4) is formally similar to the DP (4.18, 4.19) and shares with it the
Jacobian matrix structure with reference to the p matrices G; = Jn - Jw generally dif-

ferent since computed in different points, with jh = VE(VNV) and jw =Vw (H) thus:
6((5,,):6<3h)6(3w) j=1p (AL5)

If for each o-d pair i, the choice function is strictly (positive) regular (see Definition 2
in Section 2.3), such as invariant strictly positive probabilistic choice functions
derived from the RUT, the Jacobian of the i-route flow function is non-singular

det (jh) = (0. Moreover, the Jacobian of the i-route cost function is given by: Jo=
B J. B’ with J.= Ve(f), thus:

5(Gu)=5(Ju) 5(B"J.B) (AL6)

Assuming that J. is a (not necessarily symmetric) positive definite matrix with
respect to real vectors, thus it is non singular, det(J.) #0, two cases may occur, as
discussed below, about the rank rank(B’) of the m x 1 arc—i-route incidence matrix
B’, with blocks B',.

+ The rank is equal to the number of i-routes, rank(B') =7 <m, and B is full rank.

. 5T & . . .. . .
In this case, matrix B J. B is a (not necessarily symmetric) positive definite
matrix with respect to real vectors, thus it is non singular. Thus, in this case

a(ép) £0.

Indeed if Q is a n x n (not necessarily symmetric) positive definite matrix with respect to real vectors
(but necessarily with respect to complex vectors too):

xTQx>0 Vx#£0,xeR”

and if M is a m x n full rank matrix with n<m,
then the n x n matrix M" Q M is positive definite matrix with respect to real vectors:

yYMTQMy >0 Vy#0,yeR"
sinceM y > 0Vy #0,y € R".

+ The rank is less than the number of i-routes, rank(B’) < 7; in this case, matrix B’
may be expressed as the product of two full rank matrices both with rank rank(B’)
through a rank factorization: B'=B; x R.
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Indeed a m x n matrix Q with rank » <min(m,n) contains r linearly independent columns making
up the (mxr) full rank sub-matrix Qq, hence after some re-arrangements of the column Q=
[Q1|Q2], with the (m x (n—r)) matrix Q, containing the (n—r) linearly dependent columns, thus
for a suitable (r x (n—r)) full rank matrix A, Q,=Q; X A.

Therefore, Q=[Qy | Q21=Qy x [I;. | Al, where the (r x n) matrix R=[I,|A] is full rank.

In this case the DP (A 1.3, A1.4) can be reformulated in the space of the i-routes
corresponding to the r linearly independent columns of B’ through a linear transfor-
mation defined by matrix R. In this space for the reformulated DP it occurs that
S(Gp> # 0, properly redefining matrix G,,.

Some assumptions about the arc-route incidence matrix are useful to reduce the number of linearly
dependent columns (or rows):

each arc belongs to at least a route, thus no row is null,

each route contains at least one arc, thus no column is null,
no pair of routes are equal, thus no pair of columns are equal,
no route is properly contained in another route.

bl i

>

All the above assumptions are quite mild and/or reasonable and can easily be accepted. On the
other hand two arcs may well have equal rows if the share all routes, as it occurs for instance for two
arc in series or in parallel.

Once in a properly defined space the matrix ép is non-singular the dissipative-
ness analysis can be carried out. If the partial derivatives in matrix G, are well-
defined, say finite and continuous, the absolute value of the determinant of

matrix GP,S(GP), is a continuous function defined over a compact set, thus

4] (ép> has an upper bound dy;ax (and a lower bound, as well), so that o Cp §) ((N}p) <

ocCp dmax, thus a {, Oyax <1 implies 8(J) < 1. Value of 8y ax cannot easily com-
puted, an approximation may be obtained through matrix norms. It is worth noting

that the entries of matrix (N}p as well as dy;ax have no dimension, thus the above con-
dition is not affected by the units used to measure flows or costs.

It can easily demonstrated that {, is decreasing with p, and lim,_,.,{,=0
whichever the value of €] 0.5, 1.0 [ is, thus there always exists a large enough
memory depth p* such that for any memory deeper than this value p* the DP is
dissipative from any initial state. The minimum memory depth value p* is
defined by:

Pt = min{p:Cu< 1/((16MAX)}

.
133
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Appendix B: Local stability conditions for of DP-ES/ES

Below some general considerations are reported about the combination of the general
stability conditions MAX; \Xj*| <1or ‘7»,-* 2 < 1,Vj=1,...,2m with either of the two
solutions (roots) A; and A, of a reduced quadratic equation:

A2 —ph+g=0 (A2.1)
M=p/2+A" (A2.1a)
M=p/2— A" (A2.1b)
A:p2/4—q (A2.1¢)

where A is the discriminant of Eq. (A2.1).

Remark. The linear coefficient, p, is equal to the sum of the two solutions,
A1 +A=p, and the constant coefficient, g, is equal to the product of the two solutions,
}\1 }\2 =(q.

Remark. If the linear and/or the constant coefficient is null, p =0 and/or ¢ =0, the
Eq. (A2.1) can easily be solved without using Eqs (A2.1a), (A2.1b), (A2.1c), thus in
the following these coefficients are assumed non null, p£0 and ¢ #0.

» If both p and ¢ are real the discriminant A is real, and

A is real non-negative, A >0, then A" is real and non-negative, A”>0;
in this case A; and A, are both real with A; >A,; thus the stability conditions
becomes

1>A; >N > —1,thus:

1>p/2+A%>p/2 - A" > 1

or

A%< (1-p/2)

A* < (1+p/2)

If both right sides are non-negative, (1 —p/2) >0 and (1+p/2) >0, or

—2<p<2 (A2.2a)

squaring both of the above conditions do not affect the inequality thus the stability
conditions become:

A< (1-p/2)?

A< (1+p/2)?
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Therefore the stability conditions are equivalent to (A2.2a) together with:
—(l+q)<p<l+q (A2.2b)
Depending on the value of q either of (A2.2a) and (A2.2b) dominates the other.

» If both p and g are real the discriminant A is real, and

A is real negative, A <0, then A% s imaginary A” =i (—A)l/z;

in this case A, and A, occur in a complex conjugate pair such that
M=p/2+i(—A)"

and Ay =A; =p/2—i(—A)"; thus the stability conditions becomes | A;|*=
| <1,

thus:
p/A-A=g<1 (A2.3)
with p?/4 — A=g>0 in any case.
 If either p or ¢ or both are complex the discriminant A is complex, A = (a+ib)

in this case A; and A, are both complex, but do not occur in a conjugate pair; thus the
stability conditions becomes:

M7 <1 (A2.42)
|nF <1 (A2.4b)

The above stability conditions (A2.2) or (A2.3) turn out special cases of (A2.4).
To apply (A2.4). It is useful to remember that the square root of the discriminant
is given by:

! v, Ya A V2
A% = (a+ib)’ = <((a2+b2)/ +a>/2) +i(|b] /b) (((a2+b2)/ 7a>/2>
where (a2+b2)l/2, ((a2+b2)l/2+ a)/2)1/2, (((a2+b2)'/’fa)l/2 are positive square roots,
and (|b|/b) is the sign of b.

Local stability conditions for of DP-ES/ES

In the following the solutions of Eq. (4.31) relative to DP-ES/ES are combined with
the stability conditions to get the stability conditions (4.33) for a DP-ES/ES model.

As proved in the main text, for each eigenvalue w; of matrix G two eigenvalues A,
and A,,,; of matrix J can be obtained from each eigenvalue o, of matrix G, as solutions
of the reduced quadratic equation (4.31). It is reported below omitting superscript to
simplify notations:

M—((1-a)+(1—Pp)+apo)r+((1—a)(1-p))=0 4.31)
with p=1—-a)+(1—-p)+a P o, g=1—a)(1—-p)€]0,1[
At =((1—a)+(1-P)+aBw)’/4—((1-a)(1-P)
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If the linear coefficient is zero, p =0, thatis ® = — ((1 — &)+ (1 — B))/(at B), the two solu-
tions are pure imaginary, \; =i ((1 —a) (1— B))%andknﬂ- =—i((1—a) (1-p))" in
this case the stability condition | A; I>=| Mt |* < 1become (1 —a) (1—p))< 1,thusthe
stability conditions is always satisfied. Therefore, below the linear coefficient is
assumed different from zero, p #£0.

A real eigenvalue o; may lead to two real eigenvalues A;>1,,.; in this case the
two eigenvalues A, and A,,,; have the same sign since A; A,,,,;=(1 — o) (1 —p) >0, and
at least one satisfies the stability condition MAX;| A;| <1 since A; A= (1 — )
(1 —p) < 1; moreover they are both positive if p> 0, otherwise they are both
negative.

Since g=(1 —a) (1 —P) <1, 1 +¢ <2, thus conditions (A2.2b) dominates (A2.2a)
and describe the stability conditions:

—(l+g)<p<l+gq (A2.2b)
After some algebra we get the stability conditions below:
—wo(0, B)<w<1 Vj=1,....,m

where:  oy(o,f)=1+2 ((1—)+(1—p))/(a B)>1, as in (4.34) in the main text.

A real eigenvalue w; may also lead to a complex conjugate pair of eigenvalues A;
and M,,,.; with | A;| = | A,,.1;|; in this case both the eigenvalues A; and A,,,; always sat-
isfy the stability condition (A2.4) since A Apyi=| M[*=| Apny[?=(1—a)
(1—P)*<1. Therefore, above stability conditions are equivalent to ‘Local
stability condition for arc cost functions with symmetric Jacobian’ (4.35).

A complex conjugate pair of eigenvalues 0, =wr +iojandw;;; = oOr — iy,
with o7 > 0, leads to four two complex eigenvalues Aj, A4, Ajs1, and A4 that must
occur in two conjugate pairs since they are complex eigenvalues A of a real matrix:

}\j and >"j+|’ with |}\7| = |}\j+1‘
}\n1+j and >\m+j+l with ‘}\mﬂ" = ‘}\m-%—j+l‘

The general stability conditions become:

(hey)” + (1) < 1 (A2.52)
()" + (i) < 1 (A2.5b)
Since | A;| = | A1 |and | Ayj| = | Ayajer | With no loss of generality in the following

0;=0r +io; with o;>0 is considered only. At least one of two eigenvalues
A, and A, satisfies the stability conditions (A2.4) since |N[* |Au|*=
11— 1-p)*<1.

Generally the discriminant is complex, A =a+ib, after the eigenvalue w, let

a=1"—(« B o)’ —4(1—a)(1— B) be the real part of it,

b=2 aPfw;>0 be the imaginary part of it, non-negative as commented above.

Thus, from the expression of the square root of a complex number (a+ib) with
b >0, the positive square root of the discriminant is given by:
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A”=(a+ib)" = (((a2+b2)%+a>/2>%+i (((a2+b2)%_a>/2>%.
Thus:

o= (errapons (@ 1) +a)/2) i (101" -2)12) ) 12

- ('r:l: (((a2+b2)‘/2+a>/2>'/2>/2+1‘ ((x[}(uli (((a2+bz)%7a>/z>vx) P

and
2

= (4297 o (-

—025 (P27 ((a2+bz)%+a>/2>l/z+ ((@+0%)"+a)/2))

%3

+0.25 (((xﬁml)zj:ZocBmI ((a2+b2)'/’—a>/2) + ((a2+b2)'/’—a)/2))
—0.25 (2 + (apaoy)> + (a2 +b%)”
+£0.50 (r ((a2+b2)'/’+a)/2>%+a5ml((a2+b2)'/ia)/2)‘/2))

Therefore the stability conditions (A2.4), thatis |, ,|> < 1, are equivalent to the fol-
lowing two conditions, depending on the sign of the left-side term:

+2 ('c ((a2+b2)%+a)/2)%+(xﬁml<(a2+b2)l/2—a)/Z)%))

<4- ('cZ +(apor)’ + (a2 +b2)l/2>

(A2.6)

Conditions (A2.6) with positive left-side term can only be satisfied if the right-hand
side is positive:

(a2 +b%)* <4 (# +(a ﬁm1)2> (A2.7)

On the other hand, if condition (A2.7) is satisfied, condition (A2.6) with a negative
left-side term becomes redundant, thus conditions (A2.7) can be restated as:

2|t <(a2+b2)%+a)/2)'/2+(xﬁwl ((a2 +b2)1/2 —a)/Z)%\
(A2.8)
<4- ('cz +(apor)’ + (a2 +b2)%>

Since both the left-side and the right-side terms are positive condition (A2.8) can be
restated squaring both sides:

(e (o0 ) )b ()

1 2
< (4— (r2+ (apor)® + (a2+b2)/z>)
therefore the stability conditions (A2.4) are equivalent to (A2.7) and (A2.9).

V2

(A2.9)
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Since (((a%+b%)?)? —a%)*=(a’+b*>—a%)?=(b»)"*=b=21« B o; (remembering
that b>0), after some algebra on either term, condition (A.2.9) becomes:

2 (12 — ((x[iml)z) a+2 (12+ (ocﬁcol)2> (az+b2)%+812(0c[3m1)2

<16+7+(aBan)* + (a2 +b2) — 872 —8 (aPay)’ — 8 (a2 +b7)”

+27(aPar)’ +2 (apoy) (a2+b2)%+2ﬂc2 (a? +b2)1/2
or
8t (aPoy)’+272a—2a(aPoy)’a

‘ (A2.10)

<16+7* + (apan)’ — 81> —8 (aPwy)’ +272(aPay)” —8 (a2+b2)/2+ (a>+b%)

Since (a® +b?) =* + (aPon)* +16 (1 — )’ (1 —B)* + 27 (a Por)”
—87 (1—a) (1—P) +8 («par) (1 —a) (1)

The above condition becomes:
0<16—8c> —8 (aPor)* —8 (a>+b?) " +16 (1 —)® (1 —p)?

Thus, after reordering and dividing by 8 (A.19) becomes:

(@2 +b?)" <2 (1 +(1—0)(1 —[3)2) - (1:2+((x[3(o1)2) (A2.11)

Since 0<a<land O<f<litresultsthat 0<1—a<land 0<1—B<1,thus 0<
(1—a)*(1—p)*< 1 and then 1<(1+(1 —a)*(1 —p)*) <2, therefore the right-hand
side of (A2.11) is less than the right-hand side of (A2.7), and condition (A2.11) dom-
inates condition (A2.7).

Before squaring both sides of (A2.11) in order to eliminate the square root, it is
necessary to assure that the right-hand side is non-negative, thus condition (A2.11) is
equivalent to the two following conditions:

0<2 (1 +(1—a)’(1— B)2> - (‘r:2+ ((xﬁu)l)2> (A2.12)
(a2 +b?) < (2(1 +(1— (1 —;3)2) - <r2+(aﬁw1)2> )2 (A2.13)
Condition (A.2.12) can be restated as:
P (aPor) < (1+(1—a) (1=)*+(1— (1 —a) (1 =)’ (A2.14)
Remembering the expression of (a?+b?) condition (A2.13) becomes:
8 (1—a) (1 fB)+4T2(1+(17(x)2(176)2>
+8 (apor)>(1— o) (1—B) +4(apay)’ (1+(1 ~a)’(1-p)") (A2.13)
<4(1+(1—oz)2(1—[3)2>2— 16 (1 —0)*(1—p)?
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Therefore dividing by 4 condition (A2.13) can be re-stated as:
(1= (1-0) (1-B))*+ (aBor)* (1+ (1 - ) (1 - )’
<(1=(1=a) (1=p)* (1+(1—0) (1-p))’

As already noted, assumption 0<a<1 and 0<B<1 implies 0<1—a<1 and
0<1—-p<1,thus: 0<(1—a)(1—p)<1 and then:

(A2.15)

0<(1—(1—a)(1—Pp))<land 1<(1+(1—a)(1—B))<2
or 0<(1—(1—a)(1—Pp))*<land1<(1+(1—a)(1—p))* <4

Thus, dividing condition (A.2.15) by (1 — (1 —a)(1 — p))*> 0 leads to:

T+ (@por)’ (1+(1—a) (1-B))*/(1=(1—a) (1-B))* <(1+(1—a) (1-P))*  (A2.16)

Since (1+(1 —a) (1 — B))z/(l —(1—a)(1-— [3))2) > 1, the left-hand side of (A2.16) is
not less than the left-hand side of (A2.14), moreover since (1 — (1 —a) (1 — [3))2 >0
the right-hand side of (A2.16) is less than the right-hand side of (A2.14), thus
condition (A2.16) dominates condition (A2.14).

As a conclusion, stability condition (A2.2) is equivalent to condition (A2.16),
which can be restated as:

(e/ (@) /((1+(1 =) (1= B))/(aB))*+ (@) (1= (1 =) (1=B))/(@f)* <1  (A2.17)
Remembering the expression of 7 it results that:

t/(af) = o + (1—a) + (1 )/ (af) =or — (1= (1+ (1 —a) (1—B))/(ap))

Thus stability condition (A2.17) becomes (4.33):

(ry* — (1 —er))?/er®+ (o) fer’ <1 Vj=1,....m (4.33a)
where

er =(1+(1—0)(1-))/(af) = 1 (4.33b)
er=(1-(I1-a)(1-))/(ap) <1 (4.33¢)

Appendix C: DP with today states depending on itself
(adapted from Cantarella and Watling, 2016)

In some case it may occurs that today state also depends on itself. This condition may
occur for instance when the system state is the result of aggregation and/or averaging
over sub-periods of the day k, or at idealised systems which cannot exist in the
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real-world but act as ‘benchmarks’, such as idealised traveller information systems
where the ITS and/or travellers can see perfectly into the future

X =(x*',x)es VkeN (A3.1)

Implicit function theorem

briefly: if f(x, y) is continuously differentiable and the Jacobian matrix V,f(x,y)=I— V@ (x,y) is
invertible, then there exists a unique continuously differentiable function y = g(x), from an open set X
to an open set Y, such that for any given x€X, y=g(x) €Y is a solution in y to f(x,y)=0.

Quite often the following approach may be followed to express the above DP model
as a proper Markovian model x*=q@(x* ).

The implicit function method. Let us express Eq. (A3.1) as y=¢@(x,y), assuming
f(x,y)=y — @(x,y) it yields f(x,y) =0. Thus, if the hypotheses of the implicit func-
tion theorem hold then the following equation can be obtained for a properly defined
function g(-):

Xk:g(xkfl) €S VkeN

where  V,g(X)= — (V,f(X,¥)|y =) L(Vfx, Yy =gx). This expression of
Jacobian is remarkably useful when analysing the evolution over time close to a
fixed-point state x * :xk:xk_l, that is x* =¢ (x*,x*), since it does not require
to know function g(-).

If the transition function in Eq. (A3.1) is separable with respect the two arguments
another approach is also available as described below. This approach, applied in
Bifulco et al. (2016), can be proved a particular instance of the previous one. Anyhow

it is outlined below for comparison’s purpose.

Global inverse function theorem

briefly: if f(y) is continuously differentiable and the Jacobian matrix Vy f(y)=I1—V, @a(y) is
invertible in an open set Y, then there exists a unique continuously differentiable inverse function h
(z)=f"(z) for z£(Y), where £(¥) denotes the image of the set Y.

The inverse function method. If the transition function @ (-, -) in Eq. (A3.1) is sep-
arable with respect the two arguments: @ (xkil,xk):q)l(xk*l)ﬂpz(xk), Eq. (A3.1)
may be rewritten as:

x — @, (xk) =@ (xk’l) (A3.2)

Let us express Eq. (A3.2) as y — @2(y) =@1(x), assuming f(y) =y — @,(y) it yields
f(y) = @1(x). Thus, if the hypotheses of the global inverse function theorem hold, then
the following equation can be obtained for a properly defined function h (-):

X =h (¢ (x'"))
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where, since the Jacobian matrix of function h(z) is V,h(z) = (I — V,@,(y)|y = h(z))_l,
the Jacobian matrix of function h(g@(x)) is Vih(@(x)) =1 — qu)z(y)|y= (pl(x))_1 .
(Vx@1(x)). [The same result may be obtained by applying the implicit function method
expressing Eq. (A3.2) as: —(y — @2(y))+@1(x)=0. ] This expression of Jacobian is
remarkably useful when analysing the evolution over time close to a fixed-point state
x* =x*=x*"!, that is x* — @x(x*)=@1(x*), since it does not require to know the
inverse function h (-).
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CHAPTER

Assignment to congested
networks: Day-to-day
dynamics—Stochastic
Processes

Giulio Erberto Cantarella®, David Paul Watling”
AUniversity of Salerno, Salerno, Italy
®Institute for Transport Studies, University of Leeds, Leeds, United Kingdom

All my days | have longed equally
to travel the right road and

to take my own errant path.
Sigrid Undset

The problem with putting two and two together is that
sometimes you get four, and sometimes you get twenty-two.
Dashiell Hammett, The Thin Man

Outline. This chapter describes a comprehensive modelling approach to day-to-day
dynamic assignment to congested networks through discrete-time Markovian sto-
chastic process (SP) models; presented models are consistent with the SEAM model-
ling framework presented in Chapter 1; contents of this chapter mirrors those of
Sections 4.5 and 4.6, in the previous Chapter 4, on general deterministic process
models.

As stated in the previous Chapter 4, methods for day-to-day (or inter-periodic)
dynamic assignment play a central role in advanced transportation system analysis,
since they allow to analyse and forecast equilibrium stability and fluctuations around
it, as a result of past events.

This chapter discusses stochastic process (SP) models for day-to-day dynamic
assignment to congested transportation networks, a kind of assignment still at
research level and not yet implemented in commercial software. They can be con-
sidered a sort of generalisation of the deterministic process (DP) models, described
in the previous Chapter 4. Indeed in a DP model the system state is described by
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deterministic variables, while in a SP one it is described by random variables. Still a
SP model for day-to-day dynamic assignment is meaningful under the assumptions
of probability theory only, whilst any uncertainty theory can be applied to specify the
demand model in a DP model.

Even though exactly one user equilibrium flow and cost patterns exist (cfr
Chapter 3) and conditions for its local stability can be stated by embedding it within
a deterministic process model (cfr Chapter 4), a full description of day-to-day
dynamics can only be obtained through a stochastic process analysis. Indeed, the
DP analysis does not allow to analyse transients after demand and/or supply changes,
nor to obtain a statistical description of the system state evolution over time, i.e.
means, modes, moments and, more generally, frequency distributions, this kind of
analysis requiring SP models.

Indeed, a complete day-to-day dynamic analysis cannot be based on DP models
only, it also needs the specification and application of stochastic process (DP)
models, the only models that can provide full statistical description of the evolution
over time of the system state for asymptotic behaviour through invariant probability
distribution(s) as well as for transient from an initial state (distribution). On the other
hand, a proper day-to-day dynamic analysis we need both kinds of models: DP
models mainly provide the basis for fixed-point stability conditions including bifur-
cation analysis useful to support sensitivity analysis with respect to model parame-
ters, while SP model provide a complete statistical characterization of the limit state
distribution as well as tools for transient analysis. ... .

As already noted in the previous chapter, day-to-day dynamics ontologically
occur over discrete time, while within-day dynamics, discussed in Chapter 6, occur
over continuous time, say any instant of time within a day (cfr Introduction). Thus in
this chapter we will only discussed discrete-time stochastic process models.

Just few years after Horowitz (1984) first proposed to analyse day-to-day dynam-
ics in transportation networks through DP models, Cascetta (1987, 1989) was the
first to apply models derived from the theory of stochastic processes to analyse
day-to-day dynamics in transportation systems. Davis and Nihan (1993) discussed
some issues of stochastic modelling of assignment. Then, Cantarella and Cascetta
(1995) were the first to propose a unifying general theory, based on RUM, encom-
passing FP models for UE assignment and DP and SP models for day-to-day dynamic
assignment to general transportation networks. Since then few other papers have
been proposed, such as Hazelton and Watling (2004). Recently Watling and
Cantarella (2013) proposed a general framework and Watling and Cantarella
(2015) discussed some examples.

In this chapter, we introduce and discuss general SP models for day-to-day
dynamic assignment to congested networks, consistent with general DP models dis-
cussed in Sections 4.5 and 4.6. They may include most route choice modelling
approaches based on the theory of probability (cfr Appendix A to the book). They
described under steady-state conditions, but they also apply to any TAN used for
within-day dynamics, as discussed in Chapter 6. Presented SP models are consistent
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with the SEAM modelling framework presented in Chapter 1. Section 5.1 introduces
basic equations for general stochastic process models discussed in Section 5.2.

Basic equations for SP models

This section presents the basic equations for day-to-day dynamic assignment through
SP models; again the presented approach can straightforwardly be applied to i-route
variables instead of route ones and/or to multi-class assignment as well. All defini-
tions and assumptions introduced in the previous chapters still hold, unless
otherwise stated.

As noted above in SP models the state of the system is described by random vari-
ables. Each of the main vectors appearing in the SEAM are modelled by a random
vector so that the state of the system at day & is described by a realisation of each
of them.

For clear notation a random variable is denoted by an italic upper case letter as
usually, even though an ambiguity may occur with set notation; a random vector
(r.v.) or matrix (r.m.) is denoted by an italic bold lower or upper case, respectively;
a realisation of a random variable or vector or matrix is denoted as a deterministic
variable or vector or matrix; a discrete or a continuous r.v. or r.m. is described by the
joint probability mass (pmf) or the probability density function (pdf), respectively.

The equations introduced for general DP models in Sections 4.5 and 4.6 are used
to specify relationships among the following random vectors:

c“eS,. isthe mx 1 (column) random vector of actual arc costs on day k;

fre S is the m x 1 (column) random vector of arc flows on day k, it has discrete
entries as explained in Section 5.1.1;

h* i€Sy, isthe n; x 1 (column) random vector of route flows for o-d pair i on day
k, it has integer entries as explained in Section 5.1.2;

pk;,- >0 is the n; x 1 (column) random vector of route choice probabilities for
o-d pair i on day k;

vk isthe n; x 1 (column) random vector of route systematic utilities for o-d pair
i on day k;

wk: i€S,, isthe n; X 1 (column) random vector of actual route costs for o-d pair i
on day k;

yk;i €S, isthe n;x 1 (column) random vector of forecasted route costs for o-d
pair i on day .

d; >0 is the demand flow for o-d pair i, it is assumed integer as explained in
Section 5.1.2.

If any input data, such as demand flows, are to be modelled through random vectors,
they have to be included among the state vectors, even if they do not depend on day.

Main vector notations from Chapter 4 as well few new ones used in the following
are enlisted below in alphabetical order for reader’s convenience (sets come first,
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then Roman letters, at last Greek letters). Variables, vectors, or matrices that may
change over the day have a superscript, usually k.

A s the set of arcs, with m= | A| elements;

E™ is the set of real m x 1 (column) vectors with Euclidean distance;

m is the number of arcs;

N s the set of natural numbers, that is positive integers;

N, is the set of non-negative integers;

n; 1is the number of routes connecting o-d pair 7;

R; is the set of routes for o-d pair i, with n;= | R;| elements;

Sec E™ is the arc cost set, given by the convex hull of set ¢(Sy), non-empty,
compact and convex, since ¢(Sy), the co-domain of the arc cost function ¢(-),
is non-empty and compact for a continuous arc cost function;

Src E™ is the feasible arc flow set, non-empty, compact since finite, see
Section 5.1.1;

S, C N i;o is the feasible route flow set for o-d pair i, non-empty, compact since
finite see Section 5.1.2;

Sw;c E™  is the route cost set for o-d pair i, non-empty, compact and convex
since an affine transformation of the arc cost set S, see Eq. (5.3a);

B; is the (m x n;) i-th block of the ARGIM for o-d pair i

cfesS, s the mx 1 (column) vector of arc actual costs on day £;

¢(-) 1isthe mx 1 (column) arc cost function;

£~ €Sy is the mx 1 (column) vector of total arc flows on day k;

f;>0 is the m x 1 (column) vector of other arc flows;,

f(-) is the m x 1 (column) arc flow function;

hk;,-ESh{, is the n; X 1 (column) vector of route flows for o-d pair i on day £;

thSh’ is the n x 1 (column) vector of route flows for all o-d pairs on day £;

h;(-) is the n; x 1 (column) vector route flow function for o-d pair i;

pXi>0 s the n; x 1 (column) vector of route choice proportions with entries
pk;,- . such that 17p%;,=1;

p:(-) 1is the n; x 1 (column) vector route choice function for o-d pair i;

Sk, be the n; x n; route transition matrix with entries pk;i s all its entries are
non-negative, Sk;i >0, with column sum equal to 1, ITSk; i= IT, thus Sk; ;isa
column stochastic matrix;

S:(\) be the n; X n; route transition matrix function assumed time-independent;

v*;; s the n; x 1 i-th block of the (column) vector of route systematic utility for
0-d pair i on day k;

whes w, 1s the n; x 1 i-th block of the (column) vector of actual route costs for
o-d pair i on day k;

wz; >0 is the n; X 1 (column) vector of other route costs for o-d pair i;

w;(-) is the n; x 1 block the (column) vector route cost function for o-d pair i;
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x¢ €S, isthe m x 1 (column) vector of forecasted arc costs for day k;

yk;,- €S, isthe n;x 1 (column) vector of forecasted route costs for o-d pair i on
day k;

¥ €S, is the n x 1 (column) vector of forecasted route costs for all o-d pairs on
day k;

a€]0, 1[ is the choice updating parameter,

pe]0, 1[ is the cost updating parameter,

G isthe weight given to the actual cost occurred in any of the p previous days, in
a moving average filter;

0;>0 is the vector of the route choice function parameters for o-d pair i;

k>0 isthe m x 1 (column) vector of the arc capacities, with entries x,;

p>1 1is the integer memory depth, in a moving average filter;

y; >0 is the utility scale parameter in the route choice model, for o-d pair i.

Relationships between two random vectors or matrices

Let x and y be two random vectors with values in sets Sy and Sy respectively, and @(-) be a vector
function from sets Sy and Sy.

e Relationship in variables (RiV) occurs if y =@(x), often referred to as function of a r.v.;
— if function () is linear, moments—such means, variances, and co-variances—of r.v. y may
easily be obtained from those of r.v. y;
— iffunction @(-) is invertible, or generally if for any given y € Sy, equation y = @(x) has at most a
countable number of roots, the pmf/pdf of y may be defined from that of x, then moments of r.
v. y may easily be defined.
e Relationship in all parameters (RiAP) occurs if all parameters of r.v. y are a function of r.v. x; since
moments of r.v. y depend on its parameters they may easily be defined. The same relationship can
be obtained if (a large enough number of) moments are expressed as functions of r.v. x.

Remark. In both cases the uncertainty modelled by r.v. y is the same of that modelled by r.v. x,
even though their dispersion indices, such as variances, take different values.

e Relationship in some parameters (RiSP) occurs if some but not all parameters of r.v. y are function
of r.v. x (this case may only occurs if r.v. y has at least two parameters). A similar relationship is
obtained if some moments are expressed as a function of r.v. x.

The most common case occurs if the mean E[y] only of r.v. y is defined as a function of r.v. x, E
[y]=@(x), and the r.v. y is defined by the sum of its mean and an additional r.v. y4 with null mean, E
al=0, say y=(x) +y4.

Remark. If the two r.v.’s @(x) and y4 are independently distributed, they are uncorrelated thus the
uncertainty, as measured by variances for instance, modelled by y is always greater than that of @(x)
(if Var[y4] > 0). On the other hand, if the twor.v.’s @(x) and y 4 are correlated the effect depends on the
sign of correlation.

Similar considerations apply for a matrix function of random vectors and/or matrices.
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Supply models for SP

Transportation supply models express how user behaviour affects network perfor-
mances. This section describes the three equations that according to the SEAM
framework specify the transportation supply model for the day-to-day dynamics
of a transportation system within a stochastic framework. The arc-route flow consis-
tency relation (4.1), the arc cost function (4.2) and the route-arc cost consistency and
updating function (4.39) still apply with some extensions to random vectors.

» Stochastic arc-route flow consistency relation

The yesterday arc flows due to all o-d pairs are assumed modelled by a random vec-
tor. It can be obtained through an affine transformation from the route space to the arc
space defined by the arc-route generalised incidence matrix (cfr Eq. 4.1),

FI=D BB €S VhEN (5.1.1)
with f0=" "B, -h%; +1 € S;.givenh’;; €, Vi

Thus its stochastic characterisation can easily be obtained. Moreover, the uncertainty
modelled by r.v. 57! is the same of that modelled by r.v.’s k" ';;Vi. Since all ran-
dom vectors hk_l;,» are integer, fk_1 is a discrete random vector as well, and S is
finite.

According to the more general RiSP modelling approach, some but not all param-
eters (or moments) of r.v. f~ ' may depend onr.v.’s B*~';;Vi. In a simple instance of
this approach the mean E[f“"'] is defined as a linear function of r.v.’s B*~';;Vi
through (5.1.1) leading to:

SN BB+ g f, VKEN (5.12)
where f4  is the additional arc flow r.v. with E[ f4]=0, it is assumed independent of
r.v.’s hk_l;Ni, and day-invariant; the r.v. f, tries to model uncertainty about arc
flows due to missing arcs after zoning, route definition, flow composition, lack of
information about other flows, ... .

» Stochastic arc cost function

Due to congestion, say driving user behaviour, yesterday actual arc costs depend on
yesterday arc flows (cfr Eq. 4.2):

¢ =c(f* k) €S, VkeN (5.2.1)

withe’ =c¢(f’; x) €S,
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Arc cost function are assumed day-invariant. If the arc cost flow function may be
assumed strictly monotone, thus invertible, the stochastic characterisation of r.v.

¢“~! can be obtained from that of f*!. Moreover, the uncertainty modelled by r.

v. ¢! is the same of that modelled by r.v. f*'.

According to the more general RiSP modelling approach, some but not all param-
eters (or moments) of r.v. ¢! may depend on r.v. f*'. In a simple instance of this
approach the mean E[¢* '] is defined as a function of r.v. f*' through Eq. (5.2.1)

leading to:
T =c(f* k) +ea VhkeEN (5.2.2)

where ¢4 is the additional arc cost r.v. with E[c4] =0, it is assumed independent of
I.v. fk_l, and day-invariant; the r.v. ¢4 tries to model uncertainty about arc costs due
to weather and lighting conditions and traffic control that may affect capacity, mon-
etary cost heterogeneity and dispersion, ... .

+ Stochastic route-arc cost consistency and updating function

The yesterday actual route cost r.v. for o-d pair i can be obtained from the yesterday
actual arc cost r.v. through an affine transformation (cfr Eq. 4.39a):

w L =BT " rwg €8, ViVkeN (5.3a)
Withwo;,- = B,’T -c? +Wz; € Sw, Vi

Thus its stochastic characterisation can easily be obtained. Moreover, the uncertainty
modelled by r.v.’s w*™';; Vi. is the same of that modelled by r.v. ¢~ (Usually the
additional actual route cost r.v.’s are not explicitly considered, since they are defined
by the affine transformation of the additional arc cost r.v. if present.)

Today forecasted costs depend on actual or forecasted costs incurred on a finite
number of previous days (cfr Eq. 4.39b) through a forecasting filter assumed day-
invariant and continuous:

Y=y, (WYL ) €S, VivkeN (5.3b)

withyo;,- = wo;,- €Sy, Vi
where

Sy, 1is the set of forecasted route costs for o-d pair i, it assumed compact and
independent of the day &, as explained below.

Indeed, the domain of the function specifying the forecasting filter is the product of a
finite number of sets, each containing the actual or the forecasting route costs relative
to one previous day. If each of these sets is compact their product is a compact set.
In this case for a continuous filter the function is continuous and its co-domain
(or image) Sy Vi is a compact set as well, generally depending on the day k. By
induction if all the costs at day O belong to a compact set, such as S, Vi, the
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forecasted route set at any day k Sk;y,»Vi is a compact set; moreover the union of the
first k+1 sets S,;; from day j=0 up to day j=k is a compact set. Still, the limit as &
goes to infinity of the sequence of the unions up to day k£ may not be compact. In the
following it is assumed that this limit set S, Vi exists and is compact. This surely is
the case for a convex filter, based on a convex combination of past actual or fore-
casted costs, such as the ES(B) and the MA(, p), if all the costs at day O belong
to a convex set, such as S,, Vi, thus the co-domain is a convex set.

The route-arc cost consistency and updating function is defined combining
together Eqgs (5.3a) and (5.3b).

Y=y (BT rwg ¥yl L) €S, ViVkeEN (5.3.1)

The uncertainty modelled by r.v.’s y*;; is the same of that modelled by r.v. ¢ " and r.
v.’s y* 711,V i. The stochastic characterisation of .v.’s y*;; can easily be obtained with
linear filters; examples are the ES(P) filter or the MA(B,p) filter described in
Section 4.1.1:

yh =pB;T- ! +(1 —B)yk_l;i Vke N

Y= >0 (BT VivkeNk>p
J=hon

withG; =B (1) ' /(1—(1-P)*)>0 Vj=1,2, ... p

According to the more general RiSP modelling approach, some but not all parame-
ters (or moments) of r.v.’s y*;; may depend on other r.v.’s. In a simple instance of this
approach the mean E[y*;;] is defined as a function of the other r.v.’s through
Eq. (5.3.1) leading to:

k

Voi=y (BT v wg YL L) 4y, ViVREN (5.3.2)

where y4 is the additional forecasted route cost r.v. with E[y4] =0, it is assumed inde-
pendent of the other r.v.’s, and day-invariant; the r.v. y,4 tries to model uncertainty
about forecasted route costs due to user heterogeneity, variations of attitude, ... .

» Stochastic route cost updating function

Egs (5.1.1), (5.2.1), and (5.3.1) can be combined to define the general route cost
updating function (cfr Eq. 4.40):

yk;i =y, (BiT -c <ZBi ~hk71;,- +fz; K) +wZ,~,yk_1;,~, ) Vivke N 5.4
Eq. (5.4) can be specified through the ES(P) filter or the MA(B, p) filter:

yk;i_ﬁBfT'c<ZBi 'hkl;i+fz;l€> +wz+ (1Pl VivkeN

Y=Y z;jB,-T.c(ZBi-hkf;i+fZ;x> +wz ViVke Nk>p

J=1p
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withg;=p(1—-B)"'/(1-=(1=B)") >0 Vj=1,2, ..., p
+ Stochastic arc cost updating function

The very same route cost updating function (5.4) is obtained by first computing fore-
casted arc costs by applying any of the above linear cost updating filters to arc costs:

F=Be(f k) +(1-p! VkeN

=" Ge(f Vi) VkeNk>p

Jj=1,..,p
withg; =B (1Y~ /(1—(1-P)") >0 Vj=1,2, ..., p

In this case either of the above equations are used instead of Eq. (5.2.1) or (5.2.2),
with forecasted route cost r.v.’s defined by the following relation (cfr Eq. 4.3.#) to be
used instead of Eq. (5.3.#):

Yl =BT X wy VivkeN (5.5)

Demand models for SP models

Travel demand models express how network performances affect user choice
behaviour. This section describes the three equations that according to the SEAM
framework specify the travel demand model for the day-to-day dynamics of a trans-
portation system within a stochastic framework.

The route utility function (4.6) and the general route choice updating equation
(4.42) as well as the route-demand flow consistency relation (4.8) still apply with
some extensions to random vectors and matrices. In SP models route choice propor-
tions have to be considered choice probabilities obtained by applying any choice
modelling theory based on probability, such as the Random Utility Theory referred
to in this chapter (as briefly reviewed above, for details see Appendix A to the book).

Random utility theory (RUT) is based on three main choice modelling hypotheses.

A. Perfect rationality hypothesis: each decision-maker, belonging to a group of homogeneous
individuals, for instance all users travelling between the same o-d pair i (and belonging to same
class):

A.1 considers all the alternatives in a set of relevant alternatives, called choice set, for instance
R; the set of routes available for travelling between o-d pair i;

A.2 gives each alternative r, for instance a route, a value of perceived utility, U; ,;

A.3 chooses an alternative 7* with maximum value of perceived utility, U; ,+>U; ,VreR,.

Remark. Hypothesis A is rather unrealistic, but it is mitigated by the following one.

B. Uncertainty hypothesis: the perceived utility of each alternative is modelled taking into account
uncertainty regarding the non-complete information available to each user as well as to the modeller.

Continued



152

CHAPTER 5 Stochastic process models

Remark. Hypothesis B greatly weaken the above hypothesis A, modelling user errors and
heterogeneity as well as unavoidable modelling approximations about availability of alternatives and
perceived utility (such as dividing the study area into zones, where a journey starts or ends, and
singling out main infrastructures and services to support journeys between any pair of them, cfr
Preface).

C. Randomness hypothesis: the perceived utility of each alternative is modelled through a continuous
random variable; the mean of the perceived utility is called the systematic utility, v; ,=E[U; ,].

Thus, as for any random variable with finite mean, the random residual can be defined as &; ,=
U, ,—E[U; ,]=U,—v; ,, with E[§; ,]=0 and Var[§; ,]=Var[U, ,]; the distribution of the random
residual can be obtained from that of the perceived utility.

Remark. This hypothesis rules out modelling other kinds of uncertainty not included in Theory of
Probability, such as vagueness in Theory of Possibility.

Therefore, the probability p;, that the decision-maker chooses alternative r is given by the
probability that the perceived utility of this alternative is greater than or equal to the perceived utility
of any other alternative:

pir=Pr[U;, > Uy}, Vj€R] = Pr [v,»’,‘ 2 =€ R,}

Remark. Since the perceived utility is assumed a continuous random variable the two conditions
U; »>U; ,and U; ,«>U,; ,VreR,; are equivalent and the same results is obtained by the following
equation (often found in literature):

pir=Pr[U,, > U, Nj#reR] =Pr [v,.y,, i > =G AT eR,-]

According to RUT it is assumed that each user travelling between o-d pair i associate
to each route r in the set of the available routes R; a perceived utility U; , modelled as
a random variable, let
ut; ; bethe n; x 1 (column) random vector of perceived utilities for o-d pair i on
day k, with entries U,; its mean E[uk;f] is given by the systematic
utility vector.

The r.v. u*;; tries to model several sources of uncertainty about perceived utility from
the point of view of the users as well as the modeller (see Section 1.3). Some of them
are enlisted below.

» User perception errors: users may take wrong decisions since they wrongly
perceived or weight attributes such as travel time or money affecting the set
and the utility values of the available options.

» User heterogeneity: aggregation is necessary to keep any model at a manageable
level of complexity but it introduces some unavoidable modelling errors:

— over space, for example during study area delimitation and zoning;

— over time, for example neglecting difference among days of the week;

— over type, for example grouping users with respect to class of income, age,
education degree.
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» Missing attributes: due lack of data modeller may decide to exclude some
attributes who affect users’ behaviour, for example weather conditions, or may
ignore them.

+ Attribute measurement errors: attribute measurements may be affected by errors
due to for example data collection procedures, different conditions during
collection.

In a simplified approach the perceived utility r.v. also model any additional uncer-
tainty about arc flows or costs, or forecasted route costs as in Eqs (5.1.2), (5.2.2),
or (5.3.2).

A random utility model (RUM), derived from RUT, is fully specified by two functions:

o the utility function between the systematic utility and attributes that can be measured in the current
scenario or assumed in a design scenario, for instance the route cost;

® the choice function between the choice probabilities and the systematic utilities and attributes that
can be measured in the current scenario or assumed in a design scenario, for instance the route
cost; its expression depends on the joint distribution of the perceived utilities.

Parameters of the systematic utility function as well as those of the distribution of the perceived
utility can be calibrated through statistical inference applied to a sample of observed choices
(disaggregate calibration) and/or on data about user flows (aggregate calibration).

A random utility choice model is defined PROBABILISTIC if the perceived utilities have non-
null (finite) variance. (If all the variances are null the deterministic utility choice model is obtained.)

A probabilistic choice model is defined STRICTLY POSITIVE if the choice probability of any
alternative is strictly positive, whichever are the systematic utility values.

A probabilistic choice model is defined INVARIANT if the random residual distribution (and the
choice set) is independent of the systematic utility. In this case the choice probability vector actually
depends only on the differences between the values of systematic utility and any reference value; the
choice function is increasing monotone, and if differentiable has a symmetric positive semi-definite
(with respect to real vectors) Jacobian matrix.

+ Stochastic route utility function

Under the assumptions of the RUT, the systematic utility vector v*;; is the mean of the
random vector of perceived utilities u® it vk; = E[uk; i1,Vi Vke N.Itisar.v. given by
a linear transformation of the r.v. of today route forecasted costs (cfr Eq. 4.6):

vhy = —y, ¥k VivkeN (5.6)
where y; >0 is the utility scale parameter.
» Stochastic route choice updating function

A general approach to choice updating can be defined through an S filter (cfr
Eq. 4.42) or the equivalent ZQ filter described in Section 4.5.2:

pli=Si(vhw iy ) P VivkeN (5.7)

k k.ok—1., k-1 . o .
where §%;;=S,(v5;;,,w" ™ ;,y" ;i,...) 1is a random matrix since function of r.v.’s.
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In the most straightforward approach to choice updating for each o-d pair i the
today route choice probabilities depend on today route systematic utility values
through any RUM (cfr Eq. 4.7.1):

phi=p; (v 0) Vi Vke N

In a very simple, approach to choice updating, only some users reconsider yes-
terday choice (but not necessarily change them), and their route choice behaviour
is modelled through any RUM as in Eq. (5.7) while the other users’ choice
behaviour is modelled by yesterday route probabilities. For each o-d pair i today
choice proportions are given by an exponential smoothing filter (cfr Eq. 4.7.2
or 4.47):

phi=ap,(v5:0) + (1—a)p* 'y ViVkeN

where

ac]O, 1[ is the choice updating parameter, that is the probability that a
user reconsiders yesterday choice; it is assumed day-invariant,
independent of route chosen yesterday, and common to all users (anyhow
dispersion among users is somehow modelled through the randomness of
perceived utilities).

» Stochastic route-demand flow consistency relation

For each o-d pair i the demand flows d,;Vi and the route flows h;Vi are assumed
integer; hence the feasible route flow set §;, for o-d pair i is discrete and
finite (since the route flows are upper bounded by the demand flows), thus is
compact (but not convex); it also is non-empty if at least one route connect each
o-d pair.

For each o-d pair i there are d; (indistinct) users who may choose among n; = | R;|
distinct routes in set R;, thus the number of feasible route flow vectors |Sh, |, say
the number of elements in set S;, is equal to the number of the d;-multisubsets of
R;: |Sh, | =(n;+d;— 1) /(d,)! (cfr enumerative combinatorics: case 2.1 of the 12-fold
way, or case 7.1 of the 20-fold way).

If users choose routes independently from each other, for each o-d pair i the
route flow r.v. can be assumed distributed as a sum of d; identically and inde-
pendently distributed (i.i.d.) Categorical r.v.’s (a generalisation of the Bernoulli
random variable) with category probabilities given by the choice probabilities
pk;l- (however specified) that is a multinomial (MN) r.v. (a generalisation of
the binomial random variable), with number of categories given by the demand
flow d; and category probabilities given by the route choice probabilities p*;;
(RiAP modelling approach):

RY;; ~MN(d;,p*;;) ViVkeN (5.8.1)

with mean E[h*;;] =d,, pk; ; (cfr Eq. 4.8) expressing flow conservation.
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If for each o-d pair i the route choice updating function is specified
through a S filter, as in Eq. (5.7) another specification of the route flow r.v. can
be adopted. Let

Hk_l;,j be an entry of r.v. k*;;, that is the yesterday integer flow of route j, say
the number of users who followed it, connecting o-d pair i;

sk;,:,:sij(vk;,-,wkfl;,-,ykfl;,-, ...) be the j-th column of the r.m. Sk =805,
wh™ ;i,ykil;i, ...), say the today choice probability (random) vector for users
who yesterday chose route ;.

For each o-d pair i the route flow r.v. is assumed distributed as a sum of »; indepen-
dently distributed MN r.v.’s, one for each route j, with number of categories given by
Hk_l;,«j and category probabilities given by sk;,j:

B ~SMN(H Yy, 8h) Vivke N (5.8.2)

ijs

If the switching choice behaviour is explicitly simulated through a ZQ filter, or any
of its particular instance such as the ES(a) filter (5.7), the route flows can be mod-
elled as the sum of the combination of a Bernoulli random variable, for switching
choice behaviour, and a categorical random vector for (conditional) route choice
behaviour.

» Stochastic route flow updating function

Combining together Eqs (5.6), (5.7) and (5.8.1) leads to the general route flow updat-
ing function

B ~MN(dy, Si(—wiyS Wyl ) P l) VivkeN (5.9
or using Eq. (5.8.2) instead of Eq. (5.8.1) to

R ~ S MN(HS s (—wybn w1y, 1)) Vivke N (5.10)

Arc flow updating function

Within SP modelling approach an explicit arc flow updating function, extension of
Eq. (4.10.2), that does not requiring explicit route enumeration cannot be obtained
but for very simple cases; thus this topic is not discussed.

General SP models

The set of six equations (5.1.#), (5.2.#), (5.3.#) and (5.6), (5.7), (5.8.#) defines a dis-
crete time Markovian stochastic process (SP) model with respect to all the six basic
variables, describing the stochastic evolution over time of them.
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Discrete time Markovian stochastic processes

Let @(x;0) be a vector function from set S to set @(S), and xO, x!, xz, xk’], xk, xk“, ...€Sbea
sequence of random vectors defined by any kind of relationship between consecutive r.v.’s x* and
X1, .. specified through function @(x, ...; ), the sequence is a discrete time Stochastic—or

random—process (SP), useful to describe the stochastic evolution over time of a system where the

state at time (day) k is described by x* «~ x*

“a realisation of the random vector x* with joint probability
function (jpf) (I)k(x) =¢,«(x) on day £, S is the state space, @ (-) is the transition function, and 0 are its
parameters; the state space S may be discrete or continuous or mixed.

The process is called Markovian if today state depends on yesterday state only.

Remark. This condition can be obtained even if today state depends on finite number of previous
day states by duly specifying an equivalent process with further state variables.

Remark. A SP may also be specified by an explicit relationship between the jpf ¢,«(x) of the
random vector x* with respect the jpf y-i(x) of £

Remark. A stochastic process can be interpreted as a deterministic process in the space (with
infinite many dimensions) of the jpf ¢,(x).

Stochastic processes and deterministic processes

To each SP model defined by the state space S and the transition function @ (-) a DP model with same
state space and transition function can be associated.

Remark. If the transition function is linear the sequence X'V k€ N given by the associated DP is
equal to the sequence of the means E[x*]V ke N of the SP model, otherwise these sequences are
generally different.

Remark. If the r.v. x* has the same jpf each day k so that only the parameters of jpf change each
day, the SP can be described by a DP over the space of parameters of jpf.

As in Sections 4.2 and 4.6, to further analyse the resulting model it is better to
reduce the number of equations and variables. The resulting model can be specified
with respect to i-route variables as well (not explicitly reported for brevity’s sake) but
not to arc variables, apart very particular cases.

General two equation assignment models

Given a cost updating filter specified as a RiV and a choice updating filter specified
as a RiAP, the resulting SP models are made by two equations with respect to two
vectors, a flow vector and a cost vector, say a two equation assignment models
(TEAMs). Let

wk';izBiT-c<ZB,~-hk";i;K> ViVke N 5.1D
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Yai=yi (W) VivkeN (5.12)
B ~MN(dy, S (—wiy5n wh syl ) pF ) VivkeN (5.13)
orh's; ~ EMN(H sy sy (—w b wh 1y 1L L)) ViVkEN (5.14)

Eq. (5.3.#) has been split into Eqs (5.11)—made up by Eqs (5.1.#) and (5.2.#) and
(5.3a)—and (5.12)—say (5.3b)—for better readability; indeed Eq. (5.11) is an aux-
iliary static equation (yesterday actual costs depend on yesterday flows); thus this
model is still considered a TEAM, with two vectors defining the system state.
Eq. (5.13) can be specified by Eq. (5.9) or (5.10).

The SP model (5.11), (5.12) and (5.13 or 5.14) can easily be rewritten as a proper
Markovian SP, today state only depends on yesterday one, by putting Eq. (5.11) into
Eq. (5.12) and both Eqgs (5.11) and (5.12) into Eq. (5.13 or 5.14). Let

S,=U;S, be the set of route cost vectors for all o-d pairs, assumed compact;

ye S, be the n x 1 (column) block random vector of forecasted route costs for
all o-d pairs, with i-th block given by y*;;;

Sp=U;S,, be the set of feasible route flow vectors for all o-d pairs, a finite
(compact) set with IT;[ S, | integer elements;

h €S, be the nx 1 (column) block random vector of route flows for all o-d
pairs on day k, with the i-th block given by k*;;, it has integer entries.

The main state vectors of SP model (5.11), (5.12) and (5.13 or 5.14) are (yk,hk),
w*~1:,¥i being auxiliary vectors introduced for readability only; the state space is
Sy x 8}, assumed compact; the updating parameters are those in the updating filters;
other parameters are demand flows, and any other parameter in choice functions and
in the arc cost function.

The SP model (5.11), (5.12) and (5.13 or 5.14) can be applied to define the jpf
@*(y,h) = @, 4+ (y,h) of the today state (y*, h") conditional to the yesterday state
space (y* ', h*~") starting from an initial state (y°, £°), which might also be defined
by two deterministic vectors (y°, h°). Since the forecasted route costs are assumed as
a continuous r.v., while the route flows are assumed an integer r.v., the joint prob-
ability function ¢*(y,h) is a joint probability density function with respect to y and a
joint probability mass function with respect to k. The marginal probability function
of route flow r.v. is given by: ¢*(h) = [5,¢"(y,h) dy.

The SP model (5.11), (5.12) and (5.13 or 5.14) can be generalised to include an
additional arc flow r.v., and/or additional arc cost r.v., as well as additional fore-
casted route costs 1.v.’s.

The ES(p) filters are an example of cost updating filters that fit well in the above
general SP model. Further considerations are useful for MA(, p) filters, as reported
in the next subsection.
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Simple two equation assignment models
with MA cost updating filters

SP models with MA(B, ) cost updating filters can be put in a Markovian form
as shown in the Section 4.2 (see Eqs 4.18 and 4.19); the state is defined by
a random vector including the route flows of the last p days; the state space is the
union of p copies of set S,,. In this case the SP modes is a non-linear Markov chain
since the state space is finite with integer elements, as noted above.

Markov chains

A Markov chain is a discrete time Markov stochastic process with a n-dimensional finite state
space S. The joint probability mass function (pmf) of today state 7t (x) =T (x) is defined through
a linear transformation of the yesterday joint pmf nkil(x):n(xk HX): @) =P- 7 (x), where P
is called a Markov matrix, an entry p; being the probability of jumping from state j to state i.

Each Markov matrix is a n x n square column stochastic matrix, that is all its entries are non-
negative, P > 0, with column sum equal to 1, 1. P =17, n, the number rows and columns, is equal to
the number of distinct states in the finite state space S.

If the matrix P does not depend on the system state the Markov chain is called linear; otherwise, if
it depends on the state P=P(x) the Markov chain is called non-linear (for some authors the latter is not
a Markov chain).

Remark. Different definitions of a Markov chain may be found in literature.

Ergodic sets of stochastic processes

Below some notions about the convergence of a stochastic process are briefly reviewed
below to introduce notations and definitions (and to support the unfamiliar reader).

Ergodic sets and stationary joint probability functions
of a stochastic process

An ergodic set of a SP is a minimal subset of the state space such that there is a null probability of
leaving it from a state inside it; minimal means that it does not contain any proper subset with this
property. (Cfr convergence sets and attractors of a DP.)

An SP may have several ergodic sets. (Cfr convergent DP’s.)

A stationary joint probability function is associated to each ergodic set, it expresses the probability
that the system state belongs to the ergodic set as k— oo

&*(x) = lim ¢ (x)
k—o0
Each stationary joint probability function completely defines stationary moments, such as the
mean vector and the co-variance matrix.
Remark. If the stochastic process is interpreted as a deterministic process in the space of
the jpf ¢.(x), a stationary probability function is to be compared with the definition of fixed-point
attractor.
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Stationary, ergodic, regular or strongly converging stochastic processes

A stochastic process is called stationary if its state space contains at least one ergodic set, thus there
exists at least on stationary probability function ¢ * (x).

A stationary stochastic process is called ergodic if its state space contains only one ergodic set,
that is there exists at only one stationary probability function ¢ * (x).

An ergodic stochastic process is called regular if its probability converges towards the unique
stationary probability function, regardless of the initial state (or its distribution).

In this case, the moments of the jpf ¢*(x) converge to the stationary moments of ¢ * (x).

Remark. If the stochastic process is interpreted as a deterministic process in the space of the jpf
$.(x), stationarity, ergodicity and regularity are to be compared with the concepts of existence,
uniqueness and global stability of a fixed-point states.

Regularity conditions—Invariant distribution existence

and uniqueness conditions

Regularity conditions for a general S stochastic process model (5.11), (5.12) and
(5.13 or 5.14) mainly require all involved functions are continuous, and that each
matrix S; is positive.

Necessary and sufficient regularity conditions for a Markov
stochastic process

A necessary and sufficient condition for the regularity of a discrete time Markov SP requires that there
exists a finite number of days such that the probability of a transition from any feasible state to any
subset of the state space or to its complement is significantly greater than zero. More formally, for a
given Markov process, let

Pr”(x, E) be the probability of a transition in m days from state x €S to the subset £ECS.

The Markov process is regular if and only if

Je>0,m>1: VECS, Pr"(x,E) >eVx €S OR Pr"'(x,S—E) >e VxeS
where S—E is the complement of E with respect to S (see Stokey and Lucas, 1989).

Assuming that each O-D pair is connected by at least one path, IF

— each matrix S;=S;(—y; y,,¥;»¥;) is positive whatever the value of y in set S,,

— each function Si(-, -, -) is continuous over the compact set S, X S, x S,

— the forecasting filter y(-, -), made up by blocks y(-, -), is continuous over S, x S|,
— arc cost-flow functions ¢(f) are continuous over set S,

THEN the resulting stochastic process is regular.

Indeed, since each matrix S; is positive the transition probability to any path flow vector from a
given previous day state is positive:
Yy nt) €8, x Sy = Priht] (L n1)] >0 vhtes,

Since the transition probability function is positive over a compact set, it is positively lower
bounded, that is:

.
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Je>0,e<1:V(y" ', b 1) eS, xS, = Pr[bf| (y¥ ", h* )] >e Vh* €5,

Moreover, given any previous day state, the corresponding forecasted path cost vector belongs
to the set of feasible forecasted path cost vectors:

Yy e es, xSy = Y =y (¥ Lt es,

Therefore, for any initial state and any subset of the state space, only two cases are possible
corresponding to the required condition:

Yy W) €Sy x S, VECS, xSy,

e 3Jhfes,: (Y hHeECS, xS,
then Pr[(y",h]‘) €E| (yl"l,hl"l)] >e

e Vh'eS,:y . hH¢Ee
©Vh* eS8, (¥, h") €S, xS, —ECS, xS,
then Pr[(yk,hk) €S, xSy —E| (y"’l,hk’l)] =1>¢

Remark. The above conditions are adapted from Cantarella and Cascetta (1995)
who extended to a general S formulation the conditions proposed by Davis and Nihan
(1993) for a simpler formulation.

Remark. The assumption of positive matrices S; Vi is satisfied by any strictly pos-
itive random utility model, as those usually adopted. This assumption also implies
that each matrix S; is irreducible, thus map S,(-, -, -) is a function.

Remark. The extension to irreducible (but not positive) matrix S; Vi is still an
open issue.

Remark. The assumption that function S,(-, -, -) is defined over a compact, that is
closed and bounded, set S, X S, x S, requires that forecasted path costs, and thus
actual path and link costs cannot tend to infinity even if any link flow is over the
link capacity (as already noted for deterministic processes, and for fixed-point
models for equilibrium).

Remark. If switching choice behaviour is explicitly simulated following a ZQ
formulation the regularity conditions require that the diagonal matrices Q;Vi are
non-singular, that is all entries on the main diagonal are strictly positive (as already
assumed in Chapter 4), and that matrices Z; Vi are positive, a condition which again
occurs for any strictly positive random utility model.

Remark. The above regularity conditions can almost straightforwardly be applied
to other filters depending on several past costs.

Remark. The above regularity conditions can almost straightforwardly be
applied to SP models including additional an arc flow r.v., and/or an additional
arc cost r.v.

Remark. Regularity of a stochastic process is a weaker property than the exis-
tence, uniqueness and stability of a fixed-point of the associated deterministic pro-
cess; indeed no assumptions about monotonicity of demand and/or supply functions
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or the structure of their Jacobian matrices are needed to assure regularity of the sto-

chastic process. Moreover the forecasting filter does not need to be homogeneous.
Remark. The above regularity conditions implies convergence with respect to

moments of the state space jpf, such as mean vector, co-variance matrix, ... too.

Strongly and weakly converging stochastic processes

A SP is called weakly converging, if convergence occurs with respect to moments of the state space
jpf, such as mean vector, co-variance matrix, ... .

From this point of view a regular SP is called strongly converging.

A strongly converging SP is also weakly converging, but general the converse is not true. But if the
r.v. x* has the same jpf each day k so that only the jpf parameters change each day, an SP weakly
converging with respect to a large enough number of moments to completely define the parameters of
the jpf is also strongly converging.

Solution issues and convergence analysis

Any of the above described discrete-time Markovian stochastic process models can be
numerically solved, say the probability of each state on each day k can be estimated, by
applying Monte Carlo techniques, given an initial state and values of all parameters.

Monte Carlo techniques are used to compute (an unbiased estimate of) the probability that a random
variable X gets value x when direct computation is unavailable, such as the probability of each state on
each day k of a stochastic process.

Let @ (x) =Pr[X <x] be the distribution function of a random variable X (if this function cannot be
expressed in a closed form, approximation functions can be used).

If X is a continuous random, for each value x that X may assumed, variable @ (x) is strictly
increasing monotone, thus its inverse function ®y-i(-) exists. Given a random number p, uniformly
distributed over interval [0, 1], a realisation x + X of the random variable X is ®y (p). Value p can
actually be generated with a Pseudo-Random Number Generator (PRNG). In literature various
procedures have been proposed for PRNG.

If X is a discrete random variable, for each value x; that X may assumed ®,(x;) has a jump equal to
pi=Pr[X=x;], and a similar procedure may be applied, dividing the interval [0,1] in to as many
segments, each long p;, as the number of values x; that X may assume.

Solution of stochastic processes

The jpf of the state at each day k can be estimated by averaging several realisations of the process,
obtained through Monte Carlo techniques, given an initial state X’ € S. Each realisation, say each
sequence XO, xl, xz, ..., generated this way is often called a trajectory.

From the jpf moments, such as means, variances, co-variances, can be computed.
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Solution of regular stochastic processes

The stationary jpf ¢ * (x) of a regular SP can be estimated from a single realisation of the process,
obtained through Monte Carlo techniques, given an initial state x’ €S, collecting results after the
transient long enough to reach stationarity, say from a day &, far enough from the first day k=1.
Remark. The end of transient can be checked through duly statistical tests, or through checking the
trajectory of the associated DP.
Remark. The statistical characterisation of the transient requires averaging several realisations of
the process anyway.

A realisation of any of the a general S stochastic process model (5.11), (5.12) and
(5.13 or 5.14) can be computed recursively applying the following steps given initial
route flows h%; e S, Vi, and a proper initialisation of the forecasted route costs

0 .
Y€ S, Vi

* Arc flows

A realisation of the yesterday arc flows is computed from route flows through a
deterministic version of Eq. (5.1.1):

P =B b+t e Sy (5.15)
If additional arc flows f4 are considered as in Eq. (5.1.2), a realisation f « f4 of
them is computed applying Monte Carlo techniques and added to £,

» Actual arc costs

A realisation of the yesterday actual arc costs is computed from yesterday arc flows
through a deterministic version of Eq. (5.2.1):

l=c(f k) eS. (5.16)

If additional arc costs ¢4 are considered as in Eq. (5.2.2), a realisation cp «- ¢4 of
them is computed applying Monte Carlo techniques and added to ¢*~'.

» Actual route costs

A realisation of the yesterday actual route costs is computed from yesterday arc costs
through a deterministic version of Eq. (5.3a):

wol =BT - rwy €8, Vi (5.17)
» Forecasted route costs

A realisation of the today forecasted route costs is computed from yesterday actual
and forecasted costs (and possibly further past costs) through any cost updating filter,
say a deterministic version of Eq. (5.3b):

Ya=y(wW iy ) e s, Vi (5.18)
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Instances of Eq. (5.17) are the ES($) and the MA(B, p) filters:
Yo =pw i+ (1—p) Yy Vi (5.18.1)

Yoi= Y LWl Vik>q (5.18.2)
j=1,..,p

Remark. In fully aggregate approaches to memory and learning behaviour users are
assumed sharing information to generate a common memory, thus all users have the
same forecasted route costs. Any heterogeneity and/or dispersion is modelled
through additional forecasted route costs y, or in the randomness of the perceived
utility. In fully disaggregate approaches to memory and learning behaviour users
are assumed to have information about own experience only, thus each user has spe-
cific forecasted route costs. In this case the memory of each single user is separately
modelled. Real world behaviour is in between the above two limit cases depending
on availability of information systems.

* Route choice probabilities

Applying the S choice updating filter, a realisation of the today choice probabilities is
computed as a function of today forecasted route costs and possibly other past route
costs through the following deterministic version of Eq. (5.7) equation including a
deterministic version of the utility function (5.6):

Pl =Si(—w ¥ Wy L ) pE T (5.19)
where p*~1;; = (1/d;) h*~1;;

An instance of Eq. (5.19) is the ES(o) filter:

phi=ap(—yiy5s )+ (1—a) p*'y; Vi

* Route flows—general method

Once choice probabilities have been computed a realisation of the route flows is
computed applying Monte Carlo techniques to Eq. (5.8.1)
h*;MN(d;, p*;;) Vi (5.20)

A multinomial random vector is obtained by independently repeating several times a
Categorical random vector (in the very same way that a Binomial random variable
is obtained by independently repeating several times a Bernoulli random variable).
Thus for each o-d pair i and for each of the d; users travelling between o-d pair i a
route is associated as a realisation of a Categorial r.v. with category probabilities p*;;.

* Route flows—alternative method for s choice updating filters

According to an alternative method for SP models based on S choice updating filters,
first a realisation of the route transition matrix is computed as:

SEi=Si(—y ¥ Wy L) Vi (5.21)
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then route flows are computed as a realisation of the sum of Multinomial r.v. apply-
ing Eq. (5.8.2)

hk;iz MN (K1, sbyy) Vi (5.22)
J

* Route flows—alternative method for ES choice updating filters

According to an alternative method for SP models based on ES(a) choice updat-
ing filters, first for each o-d pair i and for each of the d; users travelling between
o-d pair i the choice of reconsidering or not reconsidering yesterday choice is
defined as a realisation of a Bernoulli random variable with probability a. Then,
a route is associated as a realisation of a Categorial r.v. with category probabil-
ities p/";l- or pk_l;,-:(l/d,-) <, depending of the realisation of the Bernoulli
random variable.

Remark. In the above described method Monte Carlo techniques have been
applied to route flows only, but these techniques may be applied to other variables.

From a single trajectory after the transient of a regular SP estimates of the jpf
function through frequencies can be obtained, as well as of mean, variance, co-
variances, and the autocorrelogram, say the correlation index between any pair of
states in two different days.

With reference to the examples already discussed in Chapters 2—4, Fig. 5.1 shows the trajectories of
flow on route 1 from day 105 to day 120 obtained by applying SP and DP-ES/ES with a=0.50,
p=0.60, dispersion parameter =7, and demand flow d=3600. The trajectory of DP reaches the
unique fixed-point state.

3000 T T
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105 110 115 120
day
FIG. 5.1

A route flow against day given by SP-ES/ES or DP-ES/ES with d=3600.
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Fig. 5.2 shows the trajectories of flow on route 1 from day 75 to day 90 obtained by
applying SP and DP-ES/ES with a=0.50, $=0.60, dispersion parameter 6="7, and demand flow
d=3900. The trajectory of DP reaches a 2-periodic attractor, since the unique fixed-point state is

not stable.
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FIG. 5.2

A route flow against day given by SP-ES/ES or DP-ES/ES with d=3900.

In both case SP and DP trajectories are not very different since the number of users, say the
demand flow, is rather great.

Summary
Major findings
This chapter presented several simple and some general discrete-time Markovian
stochastic process models, casted within the general SEAM framework, for the
day-to-day dynamic assignment to congested transportation networks. As the DP
models presented in the previous Chapter 4, SP models are based on a model of user
memory and learning and a model of user habit and inertia to change. Presented SP
models have been developed under steady-state conditions, but they can be applied to
any transportation system with supply modelled by a TAN.

A complete day-to-day dynamic analysis of a transportation systems cannot be
based on deterministic process models only, it also needs the specification and appli-
cation of stochastic process models, the only models that can provide full statistical
description of the evolution over time of the system state for asymptotic behaviour
through invariant probability distribution(s) as well as for transient from an initial
state. Moreover SP models allow disaggregate approaches to users memory and
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learning behaviour. On the other hand, DP models provide the basis for fixed-point
stability and bifurcation analysis useful to support sensitivity analysis with respect to
model parameters; DP models may also be used to provide indications about tran-
sient length. Therefore a proper day-to-day dynamic analysis needs both kinds of
dynamic models. (Some papers seem suggesting that one kind only of dynamic pro-
cess models is the right tool for day-to-day dynamic analysis, in some cases in favour
of SP models in others of DP models, thus missing the useful contribution of the other
kind of models.)

The SP models may include route choice functions from any choice modelling
theory based on the theory of probability only, such the random utility theory (cfr
Appendix A to the book), while DP models can be applied with any choice modelling
theory. Moreover DP can be used to specify stability equilibrium constraint for trans-
portation supply design methods.

Generally for non-linear dynamic process models, considering a regular SP
model and the associated DP model, if the DP has one fixed-point attractor, it
may be considered an approximation of the mean, or the mode, of the stationary
jpf of the SP; if two (or more) stable fixed-point attractors exist, they may be con-
sidered an approximation of the modes of stationary jpf. Similar considerations hold
for periodic and quasi-periodic as well as aperiodic attractors.

Applying a regular SP model there always is a positive probability for the system
state jumping from the neighbour of one fixed-point to another one, in other words
SP models provide (more realistic) stochastic boundaries between the attraction
basins. On the other hand DP models provide only deterministic boundaries between
the attraction basin (often called domain) of each fixed-point attractor.

Main open issues about SP models regard extension to random-fuzzy vectors,
possibly defined over a fuzzy set.

As already noted for CUE and DP models, the proposed modelling approach can
rather easily be extended to assignment with demand flows variable with respect to
costs, and/or multi-type or multi-mode assignment, where the choice behaviour
among vehicle types or transportation modes is explicitly described by choice models.
These extensions are out of the scope of this book (and will possibly be described in a
future book on advanced topics). All parameters introduced above are to be calibrated
against real data; this relevant issues as well as implementation and application issues
are out the scope of this book, mainly focusing on mathematical features.

Further readings

The application of SP models to uncongested vs congested transportation networks is
described by Watling and Cantarella (2013). The application of SP model to
schedule-based assignment of transit systems is described by Nuzzolo et al. (1999).

For more considerations about DP models as approximation of SP for assignment
see Cascetta (1989), Davis and Nihan (1993), Hazelton and Watling (2004), Watling
and Cantarella (2015).
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5.3.3 Remarks

SP models based on Wardrop or deterministic utility route choice behaviour are
inconsistent.
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CHAPTER

Assignment to transportation
networks: Within-day
dynamics

Giulio Erberto Cantarella

University of Salerno, Salerno, Italy

Nothing, of course, begins at the time you think it did.
Lillian Hellman—An Unfinished Woman (1969)

Outline. This chapter proposes a modelling approach to within-day dynamic assign-
ment to transportation networks through models derived from the Traffic Flow
Theory.

Methods for within-day (or intra-periodic) dynamic assignment play a central role in
advanced transportation system analysis, since they allow to analyse the effects of
variability over time of capacities and demand flows, queue formation and dissipa-
tion at bottlenecks, real time traffic management systems as well as user while-trip
re-routing due to information (or indications) provided by an ATIS or to unexpected
traffic conditions.

This chapter discusses deterministic and stochastic process models for within-day
dynamic travel demand assignment to a transportation network, a kind of assignment
still worth of further research efforts, but some software is available for real case
applications under some simplifying assumptions. DP and SP models used for
within-day dynamic analysis are properly specified in continuous time (see
Chapter 1), even though they need to be discretised over time and possibly space
for solution, as in the modelling approach followed in this chapter.

Macroscopic continuous time DP models are based on sets of differential equa-
tions derived from macroscopic models of the Traffic Flow Theory (see Appendix
B); discretisation over time leads to sets of finite difference equations. As already
noted in a mathematical note in Chapter 4, in the resulting discrete-time DP models
time might well take real values (for example one tenth of second); these models
should not be confused with native discrete time DP models, for which time is inte-
ger and increased by 1 at each iteration, as those used for day-to-day dynamic
analysis.
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Continuous time or event-driven SP models, often called discrete event simula-
tion (DES) methods when coupled with Montecarlo solution techniques, are based on
microscopic models of the Traffic Flow Theory (see Appendix B); discretisation
over time leads to discrete time or time-driven SP models, in which time might well
take real values (for example one tenth of second). These models should not be con-
fused with discrete time SP models for which time is integer and increased by 1 at
each iteration, as those used for day-to-day dynamic analysis.

Continuous time or event-driven stochastic process models

In a continuous time or event-driven stochastic process model the system state is updated each time an
event (in a discrete set) occurs; the solution approach based on Montecarlo techniques is often called
next-event time progression.

Discrete-time or time-driven stochastic process models

In a discrete time or time-driven stochastic process model time is divided into intervals (of same
duration) and the system state is updated at the end of each of such intervals, cumulating all changes of
state occurred within the interval; the solution approach based on Montecarlo techniques is often
called fixed-increment time progression.

Under within-day dynamic conditions, travel time should explicitly be modelled,
if different from transportation cost, in order to specify the consistency equations in
the supply model and the utility function in the demand models, as shown in
Section 6.1.

Indeed, the relation between arc and route flows is highly non-linear since the
flow entering an arc at a given time depends on travel time to reach the arc, generally
through different routes; the travel time of each of these routes depends on the travel
time of each arcs previously traversed, which in turn depend on the flow that has
traversed them. Hence, within-day dynamic models for transportation supply anal-
ysis are highly non-linear including several feedbacks.

Moreover, demand modelling requires to include departure time choice behav-
iour through pre-fixed proportions or explicit choice models derived from a Choice
Modelling Theory (see Appendix A). Utility functions for modelling departure time
choice behaviour usually include a disutility attribute for early/late arrival with
respect to the desired time; this attribute depends on the route travel time generally
depending on the departure time.

Under within-day dynamic conditions different modelling approaches are usually
followed to describe transportation supply with discrete (scheduled) or continuous
service systems (see Section 6.1.2). In the former case, indeed, a diachronic discrete
TAN can effectively be used to model both space and time (see for instance Nuzzolo,
2009), each node representing a point in space and an instant of time. Thus models
for steady-state conditions can almost straightforwardly be applied, as already noted
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in previous chapters (see also Gentile and Nokel, 2016). On the other hand, generally
diachronic networks are not suitable for properly modelling Within-day Dynamics
for continuous service systems to avoid a huge number of nodes and arcs, apart some
very particular cases (see the recent Watling et al., 2019).

This chapter proposes a general approach for within-day dynamic assignment to
continuous service systems consistent with the SEAM modelling framework. Since
flows and costs depend on time and on the position within the arc, most modelling
approaches are based on continuous networks (see Section 6.1.1) and continuous
time. However, space and time discretisation is assumed as in any solution method
suitable for real size applications.

Section 6.1 introduces basic equations for within-day dynamic supply and
demand models after space and time discretisation; in Section 6.2 within-day assign-
ment models are briefly discussed first for uncongested networks, then for congested
network under the assumptions of equilibrium or day-to-day dynamics.

Basic equations

This section presents the basic equations for within-day dynamic assignment mirror-
ing the approaches already followed under steady-state conditions in previous chap-
ters; all definitions and assumptions introduced in the previous chapters still hold,
unless otherwise stated. The proposed modelling approach is consistent with the
SEAM framework even if in some cases a basic equation is split into more equations
for better readability.

User modelling. In aggregate modelling approaches users are grouped into o-d
pairs (and user classes), and the results of their routing behaviour is described by
flows and related variables, while in disaggregate modelling approaches each single
user is distinguished from the others and the routing behaviour is described by the
user trajectory, say the user’s position over time.

Space modelling. Space is assumed modelled through a continuous network, so
that flows and related variables as well as costs can be attached to any point along an
arc, and a vehicle trajectories may be traced by its position over time. However, for
solution space discretisation is needed, in this case each link may be described by a
single arc, or by several arcs (called sub-arcs, segments, cells, etc.) and variables are
attached to arcs only. A variable may be defined with respect the beginning or the end
of an arc or to the whole arc. Let

Ax, be the length of arc a; if a links is described by several arcs, usually each of
them has the same length, the same notation is used in any case.

Time modelling. Time is assumed continuous for model specification. However, for
solution, time discretisation is needed; thus time is assumed divided in small inter-
vals of same (real) duration, thus all time variables are integer, actually defining the
number of intervals. Therefore time appears as a subscript for flow and cost vari-
ables. The analysis time period, such as the morning peak period, is made by ny
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intervals. A variable may be defined with respect the beginning or the end of an inter-
val or to the whole interval. Let

At be the duration of each time interval.

Main vector notations from previous chapters should be reviewed to take into
account within-day dynamics. Route variables common to both the supply and
demand models are introduced below. Let

A s the set of arcs, with m = |A| elements;

m is the number of arcs;

n; 1is the number of routes available to o-d pair/user i;

ny is the number of time intervals within the analysis time period;

R; is the set of routes available to o-d pair/user i, with n; = |R;| elements;

i be an o-d pair—that is all the users travelling between the o-d—or a single
user for aggregate or disaggregate modelling, respectively;

his > 0  be the route flow moving on route r and departing at the beginning of
interval s for o-d pair i/user i; in the latter case h;, = 1 if route r is the chosen
route h;,. = 1 otherwise;

h;; > 0 be the vector of the route flows departing at the beginning of interval s
for o-d pair i/user i, with entries h;, Vr €R;;

Yisr = 0 be the route travel time along route r departing at the beginning of
interval s for o-d pair i/user i;

yis > 0 be the vector of the route travel times departing at the beginning of
interval s for o-d pair i/user i, with entries y;, Vr €R;;

wis- > 0 be the route transportation cost along route r departing at the beginning
of interval s for o-d pair i/user i; this cost may include other disutility
attributes beside the travel time, such monetary costs, on-board
crowding, etc.;

w;; > 0 be the vector of the route transportation costs departing at the beginning
of interval s for o-d pair i/user i, with entries w;,,. Vr €R,.

Supply models

Transportation supply models express how user behaviour as described by route
flows per departure interval affects network performances as described by route
travel times and route transportation costs per departure interval. After the introduc-
tion of some preliminary assumptions, this section describes the three main rela-
tions that according to the SEAM framework specify the transportation supply
model for a within day-dynamic transportation system, assuming space and time
discretisation.

The proposed modelling approach is rather formal trying to encompassing most
of the main approaches to within-day dynamics in a transportation networks avail-
able from the Traffic Flow Theory (see Appendix B).
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Arc flow modelling approaches

o aggregate approaches through mono-dimensional fluid (MDF) approximation;
in this case conditions are needed to assure mono-dimensional fluid
assumption: a particle may never reach (or overtake) a particle who has entered
the link before, otherwise the fluid is no longer mono-dimensional; this condition
is often referred to in literature as the (MDF) FIFO rule;

» disaggregate approaches, through direct representation by tracing the position of
each vehicle; in this case FIFO rule is irrelevant.

Arc speed modelling approaches

o aggregate approaches, speed and travel time are function of the arc density;
» disaggregate approaches, the speed of each single vehicle is modelled as a results
of the interaction with the surrounding vehicles.

In macroscopic models flow is represented through aggregate variables, so far single
vehicles are not explicitly traced, and aggregate speed-density (or other LoS attri-
butes) relations are used, derived from stationary models. Macroscopic models
can be:

e continuous in time and space;
» continuous in time and discrete in space;
» discrete in time and space.

For solution models of the first two types are formulated as models of the third
type, after space and time discretisation. FIFO rule is a relevant issue for proper
specification of macroscopic models; space discretisation may lead to FIFO rule
violation. The less coarse the space discretisation, the less significant the FIFO rule
violation is.

In mesoscopic models: flow is represented through disaggregate variables, by
explicitly tracing each single vehicle but aggregate speed-flow relations are used,
derived from stationary models. In microscopic models flow is represented through
disaggregate variables, by explicitly tracing single vehicles, and disaggregate speed
modelling is adopted based on explicit modelling of driver behaviour of speed adjust-
ment (through well established models of car following, lane changing, overtaking,
gap-acceptance, etc.). FIFO rule is not an issue for mesoscopic or microscopic
models.

As already noted, in macroscopic and mesoscopic models, the flow entering an
arc at a given time depends on travel time to reach the arc, generally through different
routes, the travel time of each of these routes depends on the travel time of each arcs
previously traversed, which in turn depend on the flow that has traversed them. This
condition leads to a fixed-point between flow and density on one hand and speed and
travel time on the other. Time discretisation breaks down this feedback providing an
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approximated solution to this fixed-point. The less coarse the time discretisation, the
less significant the fixed-point violation is.

Main notations for describing within-day dynamics in an arc and between adja-
cent arcs are introduced below together with main relationships existing among them.

* Arc flow models

- Aggregate modelling is applied for macroscopic models. Let
myva: be the number of users entering arc @ during interval ¢;
Moura: be the number of users exiting arc a during interval ¢;
Nonai—1) be the number of users on arc a at the end of interval ¢ — 1,
that is at the beginning of interval £
Nona: be the number of users on arc a at the end of interval ¢,
ka—1) = Nonai—1)/Ax, be the density on arc a at the beginning of interval f;
ka = nona/ Ax, be the density on arc a at the end of interval ¢;
JfiNva: = Myna/At  be the flow entering arc a during interval ¢;
fouta: = Moutadd At be the flow exiting arc a during interval z.

The following general conservation equation holds:

NoNat = NoNa(t—1) + MiNat — MOUTat 6.1
or

NoNat = NoNa(t—1) + (fiva — foura ) At (6.2)
thus

kar = (finar —foutar) At/ Axa + ka(—1) (6.3)

Remark. Initial density kg, say density at the beginning of the analysis period can be
assumed equal to zero, or given by initial traffic conditions (see pre-load in
Section 6.2).

- Disaggregate modelling is applied for mesoscopic and microscopic. Let

X;qr be the position of user i on arc a time at time ¢.

From the position of each vehicle the above variables my;, MouTar NoONat —1) NONats
can easily be computed, thus flows and densities.

» Arc speed and travel time models
- Aggregate modelling is applied for macroscopic and mesoscopic models. Let

vy, be the average (space) speed entering arc a during interval f;
tt,, be the average travel time entering arc a during interval ¢.

The average speed is assumed a function of density at the beginning of interval ¢ after
time discretisation:

War =W (Ka(i-1)) (6.4)
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and the travel time is given by:

ttar = DXy [V (6.5)

- Disaggregate modelling is applied for microscopic models. Let

Wi, be the speed of user i on arc a at time ¢.
From the speed of each vehicle on arc a at time 7 the average speed can be computed.
» Arc entering and exiting models

According to aggregate modelling used for macroscopic models after time discreti-
sation, the flow of users fo ., €xiting arc a during interval ¢ is function of the enter-
ing flow fjv,, and the average travel time #7,, during interval #:

foutar = foutar (finar tar) (6.6)

The detailed expression of this function depends on the macroscopic model actually
used. Generally, exit flow also depend on the exiting capacity of arc a.

Remark. If time discretisation is not carried out some feedbacks may occur lead-
ing to fixed-point conditions.

* Arc queuing models

Queue formation and dissipation at bottlenecks, such as the approaches of a junction,
can explicitly be modelling by dividing the number of users npy,, On a arc a into

- the number of moving users at the speed above defined, and
- the number of queuing users exiting the queue at a rate given by the reciprocal of
the service time, depending on the control strategy.

In this case a conservation equation hold separately for moving and for queuing
users. Moreover, the travel time is the sum of the running time and the waiting time.

The queue length greatly affects the entering capacity of an arc up to spillback,
occurring when the whole arc is occupied by queuing users, and no entering capacity
is available. This way queues may spread backward through all the network.

» Network flow propagation models

If arc a precedes one arc @' only the exit flow fpy74 iS the entering flow of arc o
during interval ¢. If a diversion occurs after arc a the exit flow is distributed among
several arcs to contribute to the entering flows of these arcs. On the other hand, if a
merging occurs before an arc the entering flow of this arc depends on the exit flows of
all the merging arcs; all route flows departing during interval time ¢ from arc a have
also to be considered. Thus a relationship holds between arc and route flows, defined
by the so-called network flow propagation (NFP) models. The specification of the
diversion or the merging flow models and of the NFP model depends on the macro-
scopic model actually used.
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Remark. In advanced models the exit flow from an arc a is also constrained by the
available entering capacity on the arcs beyond arc a, with respect to the number of
users on these arcs. This condition is more relevant if queuing is explicitly modelled.

» Main arc variables and functions

After time discretisation with reference to arc a and interval (r — 1), given the density at
the beginning of the interval k,_»), the set of four equations (Eqs 6.3-6.6) contains
five variables: the entering flow fin,q—1), the exiting flow fouraq—1), the density ky 1),
the average speed vv,_1), and the travel time f1,,_;,. Thus 4 variables may be consid-
ered dependent variables, and the entering flow during interval (f — 1) fjy 4 —1)1s the only
independent variable, therefore itid the flow associated to each arc a and interval (£ — 1):

Ja(—1) =fiNa(e-1) 6.7)

For aggregate modelling approaches the average speed vv,,, the average travel time
tt,, and the average transportation cost c,, entering arc a during interval ¢ are assumed
function of this flow:

War =VVq (fa(t—l)) (6.8)
tha = ta (fa—1)) (6.9)
Car = Cafu-1)) (6.10)

Remark. If time discretisation is not carried out the average travel time #t,, and the
average transportation cost ¢, would be function of the arc flow during the same
interval f,,,. In this case fixed-point conditions may occur due to feedbacks among
the variables.

The three main equations for supply modelling consistent with the SEAM frame-
work are discussed below; a main equation may be split into more equations for
readability.

* Arc-route flow consistency relation

Under the within-day dynamic assumption, after time discretisation, the arc flows
during time interval ¢ can be obtained from the route flows departed in any interval
up to interval ¢ through an affine transformation from the route space to the arc space,
defined by the flow dynamic arc-route generalised incidence matrix:

f=> > B hittz (6.11)

where

i stays foran o-dpairiorasingle user i, as defined at the beginning of the section;

fz; > 0 isthe m x 1 (column) vector of arc other flows during interval

h;; > 0 is the n; X 1 (column) vector of the route flows departing at the
beginning of interval s, as defined at the beginning of the section;



6.1 Basic equations 177

By, isthe m x n; flow dynamic ARGIM for intervals t and s < #; each entry bz,
€ [0,1] describes how much the flow onroute r departed in interval s contributes
to the flow on an arc a during interval ¢; accordingly Bg;,, = 0 for s > ¢,

f,> 0 isthem x 1 (column) vector of arc flows during interval ¢, with entries
defined according to Eq. (6.7).

The flow dynamic ARGIM By, for intervals t and s < ¢ is a non-linear function of the
travel times up to interval ¢:

Bpfrs:BFi(ttjjzl,...,l) (6.12)
where

tt; isthem x 1 (column) vector of the average arc travel times during interval j.
Br;(-) 1is the flow dynamic ARGIM function assumed independent of the time
intervals.

Remark. Any model expressing the relation between arc and route flows obtained
combining together Eqs (6.11), (6.12) is called a NFP model as said above.

* Arc travel time and transportation cost functions
As already stated in Eqs (6.9), (6.10) for a single arc, like in the previous Chapters 3—

5, the arc average travel times and transportation costs depend on the arc flows due to
congestion, say driving user behaviour:

tt, =tt(f,_;)) >0 (6.13)
¢, =c(fi_)) >0 (6.14)
where

¢, 1isthe m x 1 (column) vector of the average arc transportation costs during
interval ¢, possibly different from the travel times since they may include
other cost attributes;

tt(-) is the arc travel time function assumed independent of the time intervals;

c(-) is the arc transportation cost function assumed independent of the time
intervals.

Remark. The combination of a NFP model and some travel time functions,
Eqgs (6.11)—(6.13), is often called a dynamic network loading (DNL) model.

Remark. If time discretisation is not carried out, travel time would be function of
the arc flows during the same interval, and the DNL model would be specified by a
fixed-point.
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» Route-arc cost consistency relation

Under the within-day dynamic assumption, after time discretisation, the travel time
Yisra > 0 along route r up to arc a € r departing at interval s can be obtained through a
recursive equation. Let @’ and ¢” be two consecutive arcs along route r, it yields:

Visra" = Yisra' + tar Where t = yig o (6.15a)

with y;,40 = 0, a, being the first arc of route r.

According to the above equation the route travel time y;,, along route r departing at
interval s > 0 is given by the travel time up to the last arc of route r:

Yisr = Yisrax (6.15b)

*

a* being the last arc of route r.

From the above Eqgs (6.15a), (6.15b) the route travel times departing at interval s can
be obtained from the arc travel times during any interval equal to or after s through an
affine transformation from the arc space to the route space, defined by the cost
dynamic arc-route generalised incidence matrix:

Vo= ., Beis Vi (6.16)
where

i staysforan o-d pairi orasingle user i, as defined at the beginning of the section;

Bciy, 1is the n; X m cost dynamic ARGIM for intervals s and ¢ > s; each entry
bcistar € {0,1} describes whether the travel time on an arc a during interval ¢
affects the flow on route r departed in interval s or not; accordingly B¢;,, = 0
fort <s;

yis > 0 is the n; X 1 (column) vector of the route travel times departing at the
beginning of interval s, as defined at the beginning of the section.

REMARK. Summation for # > s in Eq. (6.13) ends as the last arc of a route is reached or
the analysis period ends, whichever occurs first (see post-load in Section 6.2).
Remark. Matrix By, is not the transpose of matrix Bg;,,; thus the above equations
do not define a TAN (see Chapter 1).
The cost dynamic ARGIM By, for intervals s and ¢ > s is a non-linear function of
the travel times from interval s:

Beiy =Bei(ttjj=s, ...) (6.17)

The very same matrix B,;,, defines the relation that holds between arc and route trans-
portation costs:

W= Beu ¢+ wzvi (6.18)
where

w;; > 0 isthe n; X 1 (column) vector of the route transportation costs departing
at the beginning of interval s;
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wyzis > 0 is the n; x 1 (column) vector of the route other transportation costs
departing at the beginning of interval s.

* Route travel time and transportation cost functions

Eqgs (6.11)—(6.13), (6.16), (6.17) describing the supply model can be combined to
define the route travel time function:
y=y(h) (6.19)

where

h > 0 is the whole vector of the route flows made by blocks h;g;
y > 0 is the whole vector of the route travel times made by blocks y;,.

Adding Eqs (6.14), (6.18) that describe the effects of route flows on route costs, if
different from travel times, the route transportation cost function is defined:

w=w(h) (6.20)

where
w > 0 is the whole vector of the route transportation costs made by blocks w;.

Remark. The specification of the route transportation cost function requires that the arc
travel time functions have already been defined, since they are needed to assure consis-
tency between arc and route variables through matrices By, = Byi(tt; j =1, ... , 1)
and B;;s = Bi(tt;j = s, ...).

Demand model

Travel demand models express how network performances as described by route
travel times and route transportation costs per departure interval affect user choice
behaviour as described by route flows per departure interval. This section describes
the three main equations that according to SEAM framework specify the travel
demand model for a within day-dynamic transportation system, assuming space
and time discretisation; a main equation may be split into more equations for
readability.

* Route utility function

The utility function is assumed specified through a linear combination of the route
transportation costs and the disutility for early/late arrival with respect a desired
arrival time:

Vis = —Wy; Wis — Wy, Zis (6.21)
where
i staysforano-dpairiorasingle user i, as defined at the beginning of the section;

zie» > 0 is the early/later arrival disutility departing at interval s and following
route r;
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z;; >0 isthe n; X 1 (column) vector of the early/later arrival disutility departing
at interval s, with entries z;,;

yo; > 0 is the utility scale parameter for early/late arrival disutility;

w;; >0 isthe n; x 1 (column) vector of the route transportation costs departing
at interval s, as already introduced;

y;> 0 is the utility scale parameter for transportation costs;

vis <0 isthe n; x 1 (column) vector of the route utilities departing at interval s.

The disutility for early/late arrival with respect a desired arrival time departing at is a
function of the difference between the desired and the actual arrival time:

Zior = 2i(s At + g — dat;) > 0 (6.22)
where

dat; isthe desired arrival time with respect to the start of the analysis time period;
s At is the departure time with respect to the start of the analysis time period;
s At +y;, isthe arrival time with respect to the start of the analysis time period.

All the above time variables as well as the early/late arrival disutility are real num-
bers. Some specifications of function (Eq. 6.22) are described in Appendix A.4.

» Route choice function

The departure time and route choice behaviour can be described by applying any
discrete choice modelling theory (see Appendix A), thus choice proportions depend
on systematic utilities.

In a general modelling approach the choice behaviour occurs over two levels, in
the bottom one the choice options are the routes r conditional to a departure interval
s, in the top one the choice options are the departure intervals s:

Pis = Ppis Pris (Vi3 0;) (6.23)

where

0; is the route choice function parameter vector;

Pris 1s the n; X 1 (column) vector of the route proportions conditional to the
departure interval s;

Ppis 1s the choice proportion of departing at interval s;

Pris(:) is the route choice function conditional to the departure interval s;

Pis is the n; X 1 (column) vector of route proportions departing at interval s.

The choice proportion of departing at interval s, pp;s, can be an input data or the result
of a choice model. In this case the utility function is a linear transformation of an
aggregate value of the route utilities departing at interval s, such as the Expected
Maximum Perceived Utility for choice models derived from Random Utility Theory
(see Appendix A):

vpis = vpi(Vis) (6.24)
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where

Vpis 18 the utility of departing at interval s;
vpi(-) is the departure interval utility function.

Any choice function can be applied to model the departure choice behaviour.
Pp: = Ppi(Vpi; Op:) (6.25)
where
Op; is the choice function parameter vector;
vp; isthe ny X 1 (column) vector of the departure interval utilities, with entries
VDiss
Pp; is the ny x 1 (column) vector of the departure interval proportions, with

entries pp;s;
Ppi(-) is the departure interval choice function.

Remark. In simpler modelling approaches the choice options are the departure time
and route pairs (s, 7).

Remark. In advanced route choice modelling while-trip re-routing after
en-route diversions due to the availability of real-time information can also be
considered.

* Route-demand flow consistency relation
Flow conservation for each departure interval s can be expressed as:

his =d; ppis Pris (6.26)

It assures that flows of all routes departing at interval s sum up to demand flow d; pp;s.
* Route flow function

Eqgs (6.21)—(6.26) describing the demand model can be combined to define the route
flow function:
h=h(w,y) (6.27)

As in the steady-case (see Section 6.2) since demand flows are non-negative the route
flow function has the same features of the route choice proportion functions.

Assignment

This section briefly describes how assignment models presented in Chapters 2—-5
can be extended to within-day dynamics. Many features of the involved functions
do not hold in this case, thus general conditions for fixed-point existence, unique-
ness and stability as well as for stationary joint probability functions cannot
be stated.
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Whichever is the adopted assignment model a so-called pre-load of the network is
needed for effective solutions, that is some users are already loaded on the network at
the beginning of the analysis time period, otherwise speed values would be unreal-
istic high. At the end of the analysis time period some users may still be on the net-
work without having reached their destination yet, thus a so-called post-load is
generated. The assignment algorithm may further be applied until all users have
reached their destination using arc speeds constant over time such the values at
the last interval.

Pseudo-dynamics

Pseudo-dynamics is a heuristic approach to within-day dynamic user equilibrium
assignment. The whole analysis time period is subdivided into rather large time inter-
vals, for instance 2 h are subdivided into six 20 min sub-intervals. Then demand
flows are distributed among these sub-intervals and a user equilibrium assignment
is carried out for reach sub-interval; queue lengths, parking use, ... at the end of each
sub-interval are used as initial conditions for the next sub-interval. This approach is
rather crude, but can be used to provide coarse solutions as indications for more
sophisticated approaches.

Uncongested networks

If the network is uncongested (cfr Chapter 2) arc travel times and transportation costs
do not depend of arc flows, thus Eqs (6.13), (6.14) are not considered. Therefore, the
flow and the cost dynamic ARGIM’ s are fixed, since Eqs (6.12), (6.17) can be used
once for all before the application of the model. The resulting network models is both
a FAN and a CAN (see Chapter 1); still, as already remarked, either matrix is not the
transpose of the other, thus the resulting network is not a TAN (see Chapter 1).

The within-day dynamic arc flow function can be defined combining together
Egs (6.11), (6.16), (6.18) from the supply model with the route flow function
Eq. (6.27) describing the demand model:

f(c, tt)éBF . h(—BT -¢, =Bt - tt) + fZ (628)

where vectors fz, tt, ¢, as well as f and matrices By and By are made up by blocks
given by the corresponding vectors and matrices already introduced. Even though
Eq. (6.28) is formally similar to Eq. (2.33) in Chapter 2, the within-day dynamic
arc flow function is much more complex and hardly shows features similar to the
steady-state counterpart.

Applying the within-day dynamic arc flow function, the arc flows over all inter-
vals can be expressed as a function of the arc travel times and transportation costs
over all intervals:

f=fwp(c, tt; d) (6.29)
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Eq. (6.29) formally describes the within-day dynamic travel demand assignment to
an uncongested network. In some cases it can be computed avoiding explicit route
enumeration.

Congested networks: User equilibrium—Fixed point models

User Equilibrium assignment searches for mutually consistent arc flows and costs. It
can effectively be addressed through fixed-point models as discussed in Chapter 3
under steady state conditions. The set of equations describing the supply and the
demand models defines a fixed-point model with respect to all the basic variables.

To further analyse the model it is better to reduce the number of equations and
variables with references to Eqs (6.9), (6.10), (6.27) for route variables, and to Eqs
(6.13), (6.14), (6.29) for arc variables. Explicit formulations is not reported for
brevity’s sake.

Quite effective instances of macroscopic models based on arc variables are the
link transmission model (LTM) and the cell transmission models (CTM); an instance
of mesoscopic model is the TRAFFMED. All these models are described in Appen-
dix B to the book. Many microscopic models exist allowing very detailed modelling
of arc flow and speed as well as of other traffic phenomena, some of them are also
available as open software; still most of them are specifications of the arc route con-
sistency equation, since route flows are input data, thus they do not provide a com-
plete assignment model, not including a model of the departure interval and route
choice behaviour.

Congested networks: Day-to-day dynamics—Dynamic
process models

Day-to-day dynamic assignment tries to describe the evolution over days of the costs
and the flows in a transportation system. Under steady state conditions it can be
addressed by the discrete time deterministic process (DP) models discussed in
Chapter 4 under steady state conditions or through discrete time stochastic process
(SP) models discussed in Chapter 5.

The supply and demand models described in Section 6.1 can be combined with
any of the general cost updating filters and flow updating filters described in
Section 4.5. Explicit formulations are not reported since some notations used in
Chapters 4 and 5 have different meanings in this chapter due to the limited numbers
of available letters.

Resulting models are often referred to in literature as double dynamic assignment
models. Cascetta and Cantarella (1991) was one of the first papers addressing this
topic proposing a general formal framework for both macroscopic DP and SP models
with reference to choice models from Random Utility Theory. However, operative
doubly dynamic models are still open research issue.

More recently, operative macroscopic modelling approaches based on DP models
have been proposed under some simplifications assumptions; Guo et al. (2018)
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review several approaches of this kind based on the Wardrop choice behaviour (see
remark at the end of the chapter), and some extensions of it. Some extensions of the
mesoscopic TRAFFMED model to DP model have also been proposed.

Microscopic models are better suited to be combined with discrete time SP
models, in particular with disaggregate modelling approaches to user memory and
habit. No significant microscopic models have been proposed to author’s knowledge,
perhaps due to the limitation of operative microscopic models already discussed in
the previous sub-section on user equilibrium assignment.

Summary
Major findings
This chapter presented a general modelling framework for within-day dynamic
assignment including most of the models from Traffic Flow Theory presented in
Appendix B. It is not surprising that no fully consistent unifying general theory is
available yet; indeed, conditions have not been stated yet for consistency among
the different approaches and with steady state conditions as limit cases. Effective
modelling of entering exiting flows from a junction under consistent behavioural
hypotheses is another relevant still open research issue.

Further readings

Several references are reported at the end of Appendix B to the book. Some papers by
Malachy Carey and other authors proposed requirements for effective macroscopic
modelling focusing on the so-called FIFO rule (Bar-Gera and Carey, 2017; Carey
et al., 2014a, b).

Remarks

Several macroscopic within-day dynamic assignment modelling approaches are
based on Wardrop choice behaviour and extensions of it, leading to variational
inequality models of the kind briefly discussed in the remarks at the end of Chapters
2 and 3. The several drawbacks of this choice modelling approach have already been
discussed in the remarks at the end of the previous chapters. These drawbacks seem
even more relevant in within-day dynamic assignment, since it is really unrealistic
assuming that users behave in such a way the used departure time and route pairs
have the same disutility.
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CHAPTER

Conclusion

Giulio Erberto Cantarella
University of Salerno, Salerno, Italy

Praise a book when ‘tis read.
Cfr. the Havamal

Outline. This chapter resumes the general framework presented in the previous
chapter and outlines some of the major research in progress and perspectives.

A quite long title better reflecting the contents of this book would be “Graph,
Dynamic and Stochastic models for analysing distribution over Space, evolution
over Time and Uncertainty (due to lack of information) about flows and costs in
a Transportation System: the modern theory of travel demand assignment to a
transportation network.”

Indeed, this book presented a general theory encompassing most already existing
or devisable assignment models for transportation systems analysis. It focused on the
mathematical issues needed to fully understand transportation systems analysis,
rather than implementation or practical issues (possibly discussed in a future book).

The proposed general modelling theory of demand assignment has been pre-
sented in a progressive way from simpler to increasingly more general and complex
modelling approaches. All of them have been described within the powerful frame-
work of the Six Equation Assignment Modelling (SEAM) approach useful to classify
and specify assignment models. In many case the six equations can be reduced to two
equations only, one about costs and one about flows to ease the analysis, leading to
the Two Equation Assignment Modelling (TEAM) approach.

The possibly too ambitious purpose is that this theory will help researchers to
share a common language about the core elements of demand assignment and to pro-
pose advancements in a clear and consistent way. This book will hopefully be useful
to teachers and students too for supporting exchange of knowledge within a common
framework.

At this aim a consistent set of notations has been developed as described at the
end of most chapters and proposed to the scientific community; in some cases tra-
ditional notations have been changed to clearly distinguish scalar variables from vec-
tors and matrices, deterministic variables from random ones, main variables (Roman
letters) from parameters (Greek letters).

Dynamics and Stochasticity in Transportation Systems. https://doi.org/10.1016/B978-0-12-814353-7.00007-8
© 2020 Elsevier Inc. All rights reserved.
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This book will also provide a tool box for practitioners supporting the under-
standing and the specification of the right modelling approach for applications such
as project assessment and evaluation, feasibility studies, urban planning, evacuation
plan design, transportation systems with ITS and/or autonomous-connected
vehicles.

The presented assignment models can be embedded within transportation supply
design methods regarding for instance traffic lights, urban lane allocation, fares and
tolls, transit frequencies and stops, ... . However, a full integration is still an open
issue, in particular with reference to dynamic models.

All the presented models have been described for transportation systems with a
single transportation mode, without explicit modelling of mode choice behaviour as
well as of demand variability with costs (elastic demand). Indications for the exten-
sion to multi-type multi-mode transportation systems with elastic demand have been
provided at the end of Chapter 3, but this is still an open issue for dynamic assign-
ment (possibly discussed in a future book on advanced topics).

» Additional materials

A mathematical companion is currently in progress to support the unfamiliar
reader with the mathematical background behind the mathematical notes within
the main text. Materials is also planned about detailed discussions of presented
examples as well as of others about cost functions with asymmetric Jacobian or
with indefinite Jacobian.

e Research in progress

The stability and bifurcation analysis of Deterministic Processes with
Moving Average cost updating filters with p-day memory requires the
specification of a p-th degree polynomial equation. The analysis of this model
with p=2, mirroring results reported in Sections 4.3 and 4.4 for Deterministic
Processes with Exponential Smoothing cost updating filters is currently in
progress and will be the main topic of an add-on. Main results will possibly be
anticipated in a paper.

Day-to-day Dynamic Process models for assignment with daily updated
traffic control strategies are still to be specified and analysed requiring a further
updating equation describing how control variables are defined each day.
Preliminary results indicates that the kind of stability and bifurcation analysis
carried out in Sections 4.3 and 4.4 requires the specification of a 3-rd degree
polynomial equation.

e Technical details

All numerical results in the reported examples have been computed through
an-hoc Mathcad 15 code. Figures showing numerical results have been provided
by this code, then further edited in PowerPoint, the others have directly been
drawn in PowerPoint. Tables showing numerical results provided by this code
have been designed in Word over a grid with 5 x 10mm cells, then further edited
in PowerPoint.
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Research perspectives

Several issues are worth of further research efforts, beside those already mentioned
above, such as detailed specifications of the discussed assignment models for transit
systems and for freight transportation, use of other choice modelling theories, rela-
tionship with (stochastic) evolutionary game theory.

As noted in Chapters 4 and 5, very few results are already available about the
parameter calibration of Dynamic Process models, another topic surely worth of fur-
ther research efforts.

Looking into the future of demand assignment, the most promising approach
seems based on the integration of multi-agent systems within disaggregate stochastic
process models, allowing to deal with both day-to-day and within-day dynamics.

Remarks

He is no true friend who only says pleasant things.
from the Havamal.

The many drawbacks of assignment models based on the assumption Wardrop route
choice behaviour have already been highlighted in several chapters; main ones are
briefly remembered below.

— Behavioural issues: it is assumed that users have a perfect and complete
knowledge of the route costs, and the modeller has a perfect and complete
knowledge of the costs affecting user choice behaviour; even unavoidable
uncertainty about costs due to modelling simplifications are neglected.

— Mathematical issues: resulting flow maps are not functions, uniqueness of arc
flows does not guarantee uniqueness of route flows; more than that, this
behavioural approach is arguable for specifying Deterministic Process models,
and cannot be applied at all to support Stochastic Process modelling.

In a general perspective, the wide set of available choice modelling theories include as
a special case utility-based theories, which in turn include uncertainty-based theories,
which include theories based on belief theory including as special case probability and
possibility theories leading to random variables and fuzzy numbers, respectively. In
comparison to this richness of modelling approaches, still to be fully exploited, the
Wardrop choice behaviour modelling approach is just a limit case of the last two,
say Random and Fuzzy Utility Theories. These considerations are even more relevant
remembering that Random Utility Theory has been proposed forty five years ago.
Indeed often the simplest approach is not the most effective one, as shown by an
analogy. Five centuries ago Nicolaus Copernicus presented his well known heliocen-
tric model, the orbit of each planet supposed being a circle; after one century
Johannes Kepler showed that the orbit of each planet is an ellipse. Afterwards
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nobody used circles for modelling planet orbits even if a circle a simpler curve
than an ellipse, and a circle is the limit of a succession of ellipses as eccentric goes
to zero.

Needless to say, all researchers belonging to the scientific community working
on travel demand assignment to a transportation network will forever be in debt
to J.D. Wardrop who gave birth to this topic and more generally to transportation
system analysis with his 1952 seminal paper, worth to be quoted again as end of this
chapter.

Further reading

Wardrop, J.G., 1952. Some theoretical aspects of road traffic research. Proc. Inst. Civ. Eng.
2 (1), 325-378.
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Postface

No book can ever be finished. While working on it we learn just enough to find it immature
the moment we turn away from it.
Karl Popper

Outline. This chapter presents some final philosophical considerations about the
content of this book.

As noted in the Preface modelling is an attitude intrinsic to the mankind nature and
to its approach to the knowledge of the real word; still each models, whichever the
kind, is an opinion and as such should not be confused with subject of the modelling
activity: the real world. A mathematical model can be considered a metaphor from
the real world to the mathematical one [interestingly the Greek word petagopd also
means transportation].

In this book the epistemologems (cfr mythologems introduced by Karoly Kerényi)
of the general complex system modelling and analysis have been discussed and used
to propose epistemologems for the transportation system analysis as founding ele-
ments of a consistent theory of travel demand assignment to a transportation net-
work. Indeed, this book describes a general approach to develop an effective
mathematical theory for analysing any consistent class of highly dimensional real
systems with non-linear feedbacks, and proposes an application of this approach
to develop such a theory to demand assignment.

On the other hand, Karl Popper warned against any ultimate theory stating that
whenever a theory appears to you as the only possible one, take this as a sign that you
have neither understood the theory nor the problem which it was intended to solve.
Thus the presented theory should mainly be considered just a step towards a more
general theory of demand assignment, in much as the same way as a traveller stop-
ping in an inn at evening before re-starting the trip next day towards the final des-
tination; hence readers are expected to argue about the contents of the book, to
further advance them, to propose modification, ... .

A short history of this book

I began working on travel demand assignment to a transportation network in the early
1990s and rather soon I established a fruitful cooperation with Ennio Cascetta, as
well as a still warm deep friendship, born when the two of us were at the University
of Reggio Calabria. After having published some papers on dynamic assignment we
decided to prepare some more extended documents, and we involved Maria Nadia
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FIG. 1

An old fashion diskette containing the very first version of this book.

Postorino in what now can be considered an early version of this book and of the
mathematical companion. Fig. 1 shows the diskette containing the two files.

In the next decade I moved to the University of Salerno, close to my hometown,
but I still had the chance to working on this topic as a tutor of a PhD student, Pietro
Velona, at the University of Reggio Calabria. Together we kept working on Deter-
ministic Process models and on tools for analysing them for several years, before he
became a college teacher in a small town close to Reggio Calabria.

In 2010 David Paul Watling and I met at a congress in London (we were already
in acquaintance since the jotter initiative in 2004) and decided to work together and
to focus our research efforts on both Deterministic and Stochastic Process models
and their relationships. We developed a special approach to working, based on think-
ing, walking, talking together during meeting in Leeds or in Salerno, before starting
writing separately. I really enjoyed the time spent together speaking about several
fundamental topics of transportation analysis as well as any other topic about life.

In 2017 David and I decided to answer to a call for books from Elsevier, and after
some months our proposal was accepted. Unfortunately afterwards David had to
withdraw from this project due to new unforeseeable compelling academic commit-
ments. Therefore the original contents of the book was redesigned and Stefano de
Luca and Roberta Di Pace both members of the Transportation Systems Analysis
and Design Team at the University of Salerno, and good friends of mine since long
were involved.
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A final comment

There are two kinds of truth: the truth that lights the way and the truth that warms
the heart. The first of these is science, and the second is art. Neither is independent
of the other or more important than the other. Without art science would be as
useless as a pair of high forceps in the hands of a plumber. Without science
art would become a crude mess of folklore and emotional quackery. The truth
of art keeps science from becoming inhuman, and the truth of science keeps art
from becoming ridiculous. (Great Thought, February 19, 1938)

Raymond Chandler (from The Notebooks of Raymond Chandler)

In my opinion mathematics is a sort of language for speaking of science rather than a
science in itself, a kind of poetry, a form of art. Thus, to get an effective mathematical
theory you have to look at the same time for a beautiful elegant theory. Fig. 2 below
tries to suggest the reader which is the right perspective needed to catch the deep
meaning of this book. Moreover it is an artistic portrayal of the state space of a
dynamic system with several attractors and circling trajectories to reach each

of them.
Giulio Erberto Cantarella
R T e B N s L L P
- ™ - e Al wr - hed - ad - - -
: ‘ i
Y k]
&=
Ll
P 2e
‘ !‘ '1",3‘
{ t~ LX)
R
ik
e
he
q =
R i
FIG. 2

A particular of the inside of the Salerno Cathedral.
Photo shoot by Roberta Di Pace.



APPENDIX

Discrete choice modelling
with application to route
and departure time choice _——

University of Salerno, Salerno, Italy

Not to be absolutely certain is, | think, one of the essential things in rationality.
Bertrand Russell

Knowledge is an unending adventure at the edge of uncertainty.
Jacob Bronowski

Outline. Travel demand analysis and simulation is one of the main issues of Trans-
portation Engineering and represents one of the most investigated topics in the last
40years.

Generally a travel demand model could be interpreted as a tool to estimate origin-
destination demand flows, to simulate travel behaviour, but also a tool to understand
and quantify the determinants of travel choices.

In general, a travel/demand choice model tries to simulate the real choice phe-
nomenon by describing input factors and output effects through numerical variables
and existing relationships through a function
y=g(x;0)
where y is the vector of the output variables, x is the vector of the input variables,
g(#) is the modelling function, and 0 is the vector of the model parameters.

The meaning of input and output variables come out from the description of the
real phenomenon itself (assuming that they can be observed and measured). For
instance, when dealing with discrete choice analysis, choice attributes play the role
of input variables and observed choice fractions (equal to O or 1) of output ones.

Provided that a sample of observations concerning the real phenomenon is avail-
able, a model can be completely defined by a trial-and-error process which consists
in three main stages: specification, calibration and validation.

The specification (the definition of a specific mathematical expression) of the
modelling function, g(x; 0) is a matter of the analyst’s judgement based on
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observations, except in the very simplest cases, since several options are often avail-
able. It should be stressed that, as is well-known from calculus, given a finite number
of points, infinite many functions can be found that fit them perfectly (provided that
the functions include a large enough number of parameters).

Three different modelling approaches can be distinguished to specify modelling
functions:

» White Box: the function is derived from theoretical considerations which try to
explain the phenomenon itself. This is often the case for models emanating from
the direct application of physics or the like (e.g. models describing the trajectory
of a car moving on a road) or through some analogy (e.g. models describing car
flow along a highway). In these cases the model parameters may often be given a
clear interpretation.

» Black Box: the function is derived from empirical considerations. This is often
the case when no satisfactory theoretical paradigm is available. In this case
parameters may be interpreted with difficulty, although a larger set of functions
may be taken into consideration; this is the case of ANNSs.

* Grey Box: any mix of the two types above and usually adopted when only a
partially satisfactory theoretical paradigm is available. This is generally the
case when human decision-making is concerned, e.g. econometric choice models
such as Random Utility Models.

Once a type of modelling function has been specified, the calibration of its param-
eters should be performed in an attempt to best reproduce a sample of observations
(data-set).

Usually, a (scalar) calibration function x(0; S) (not to be confused with the model-
ling function) is defined as an indicator expressing how well the observations in the
sample S are reproduced by a given set of parameters, 0 (the modelling function hav-
ing already been defined).

The values of parameters corresponding to the best value of the calibration func-
tion are considered the most sensible values. When a statistical technique may be
employed, the obtained values of the parameters can be considered statistical esti-
mates of those values. An example of this approach is the maximum likelihood esti-
mation, well-known within statistical inference.

More generally, any distance function (d) over the sample S, between the ith
observed inputs (x;) and predicted outputs (y,;) can be adopted, x(@; S)=>"; d(y,,
g(x;; 0)), such as the minimum of the sum of the squares of differences being the
most commonly adopted choices (least square estimators within a statistical frame-
work). Special care should be devoted to the possibility of multiple local optimal
points. It is common practice to deal with this condition by applying the optimisation
algorithm to several (randomly generated) starting conditions, when an in-depth
study of the calibration function is not easy.
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It should be noted that even though the calibrated values of the model parameters
are optimal (in the sense that they optimise the adopted calibration function), the
resulting model may yet perform poorly, since the modelling function might have
been badly specified (apart from the rather irresolvable case of the availability of
poor data). Thus, the effectiveness of the model resulting from the specification
and calibration stages must be explicitly analysed, that is, the validation stage should
be carried out, before the model can be effectively used to generalise. Besides con-
sistency with modelling assumptions, at least two features should be considered:
quality of approximation, in other words, how closely the real phenomenon is repro-
duced, and robustness, that is, the stability of the model with respect to small vari-
ations in calibration data or input variables, the last feature being closely linked to
generalisation. Several indices have been developed with this in mind, which are eas-
ily available within a statistical inference framework. Moreover, it is good practice to
use another sample of observations, hold-out or validation sample, in order to test the
generalisation capability of the obtained model on it (despite the fact that this stage is
often skipped to reduce the costs of model building). Once a model has been vali-
dated, it can be compared with others through the same indices adopted for valida-
tion. The final selection, among all the available specified and calibrated models, is
made by also considering their efficiency, or rather, computational speed and mem-
ory requirements.

Within the before mentioned general context, different theoretical paradigms
have been developed in the last decades: behavioural and not-behavioural.

Behavioural models are mainly founded on the Utility theory, and may refer to per-
fect rationality and/or bounded rationality paradigms. Non-behavioural are mainly non-
linear regressive approach that may rely on traditional methods or on Neural Networks..

The aim of the chapter is threefold, it introduces

(i) Consolidated approaches for modelling disaggregate travel behaviour.

(ii) The most commonly adopted choice models for route choice and departure
choice.

(iii) Alternative approaches to disaggregate travel behaviour that can be
interpreted as an alternative paradigm and/or as a benchmark in terms of
interpretation of the uncertainty and/or in terms of capability to reproduce
users’ choice.

It should be clarified that the aim of this chapter is not to cover any possible approach
for travel behaviour analysis and modelling, but to give a synthetic and compact
overview of the possible solutions that may be implemented within the theoretical
framework proposed in the book.

The chapter is organised as follows. Section A.1 introduces the random utility the-
ory (RUT) and the main random utility models (RUMs), moreover the issues related
to the calibration and validation of RUMs are discussed. Section A.2 introduces a gen-
eral framework for modelling the route choice process, and the modelling solutions
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founded on random utility theory. Section A.3 introduces the modelling solutions for
departure time choice issues. Section A.4 introduces an alternative paradigm to inter-
pret uncertainty within utility theory: fuzzy utility theory and fuzzy utility models are
discussed. Section A.5 introduces the non-behavioural modelling approach founded
on artificial neural network model.

Random utility theory for modelling traveller’s choice

Transportation Systems users’ choices are commonly analysed through models
derived from the random utility theory (Domencich and McFadden, 1975; reviews
in Ben-Akiva and Lerman, 1985; Train, 2009; see also Daganzo, 1979, Hensher and
Button, 2000; and Cascetta, 2009), where:

a. Each user (of a class of homogenous users) of a transportation system.

al. considers a set of alternatives;

a2. gives each alternative a value of perceived utility;

a3. chooses the alternative with the maximum value of perceived utility (homo-
economicus assumption).

b. The perceived utility of a mode is modelled through a (continuous) random
variable due to several sources of uncertainty, such as unobserved attributes,
unobserved taste variations, measurements errors and imperfect information,
instrumental variables (Ben-Akiva and Lerman, 1985).

To apply models derived from this theory three main elements must be specified:

R the choice set, which is the set of available alternatives, mutually exclusive,
it is assumed non-empty and finite, with m=|R ;

U, the perceived utility, or better its distribution ¢¢,;

v,=E[U,] the systematic utility, or the expected value of the perceived utility,
specified as a function, v, = v(X,; ) of a vector of attributes (x,) which can
be measured for the current state or assumed for a design scenario and of a
vector of parameters that should be estimated ().

Hypotheses on perceived utility pdf, ¢, allow to define the probability that the per-
ceived utility of alternative r be maximum, that is the probability of choosing alter-
native r conditional to the choice-set R:

p[r/R] = Pr[U, > Uy

where Uy« =max;,, [U,]. Thus, the choice probability vector, p, results a function
of the systematic utility vector, v, and (possibly) other parameters, 0, of the perceived
utility distribution:

p=p(v;0)
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Parameters of the utility function, y, as well as those of the perceived utility pdf, 0,
can be estimated through statistical inference from a sample of observed choices
(disaggregate) and/or data from user flows (aggregate).

In the following sections the following three main issues will be addressed:

(i) the definition of the choice set (R),
(ii) the specification of systematic utility function (v,; v),
(iii) the hypotheses on perceived utility pdf, ¢,

The discussion will adopt the traditional formulation which expresses the per-
ceived utility of the generic alternative U, as the sum of the systematic utility,
v,, € and of a random residual &, which represent the dispersion between systematic
and perceived utilities (uncertainty). Moreover, all the specification that will be
introduced refers to a specific user class, thus no specific identifying symbol will
be introduced.

Choice set definition

Users may differ with respect to available alternatives, say choice set, R. Alternative
availability can be simulated through several approaches, as for any other socio-
economic characteristic, such as income or sex:

 availability attributes within the choice model (implicit approach) and
+ segmentation of demand with a discrete distribution (explicit approach), which
may be prefixed or explicitly modelled.

Availability attributes, may take binary values, say O or 1, to simulate non-
availability or availability of the alternative; availability can be stated by the user
during the demand survey, or checked by the modeller. These attributes may be used
jointly with or instead of other socio-economic ones, such as the ratio between the
number of cars and the number of licensed drivers in the user household.

More generally, availability attributes in the range [0,1] can be considered as
degree of possibilities, say the choice set is modelled as a fuzzy set (e.g. implicit
availability perception approach, introduced by Cascetta and Papola, 1997).

A simple, but effective, approach to model alternatives availability is represented
by the Dogit model (Gaudry and Dagenais, 1979a; Gaudry, 1981). For each alternative
I a non-negative parameter, ¢,, is introduced proportional to the share of users who
have available that alternative only (¢,=0 meaning no captivity on alternative r):

P = 1/(1+th,,> ~p,./n(+qr/<1+thh> heR

where ¢,/(1+ _; q;) isthe probability of being captive to alternative r; 1/(1+>_,, ¢)
is the probability of not being captive to any alternative; p,,,. is the probability of
choosing alternative r conditional to not being captive to any alternative, which
may be specified by any random utility model.
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Parameters to be calibrated are those within the utility specification and the Dogit
captivity parameters (q,).

Another approach, also known as implicit availability perception (IAP) method,
considers that an alternative may have intermediate levels of availability/perception
to a decision-maker (Cascetta and Papola, 1997). The decision-maker’s choice set is
then viewed as a “fuzzy set”; it is no longer represented as a set of [0/1] Boolean
variables, but as a set of continuous variables 7z(r) defined on the interval [0,1]
and with respect to choice-set R.

The model accounts for different levels of availability and perception of an alter-
native by directly introducing an appropriate functional transformation of 7x(r) into
the alternative’s utility function:

U,=v, + Intg(r) +¢&,

where U, is the perceived utility of alternative r; v, is the systematic utility of alter-
native r; &, is the random residual of alternative r; 7zx(r) is the level of membership of
alternative r in the choice set R (0 <7z <1).

In this way, all the alternatives can be considered as theoretically available, but if
alternative ris not available (zz(r) =0), the term In(zg (7)) forces its perceived utility U,
to minus infinity and the probability of choosing it to zero, regardless of the value of v,.

The main issue of this approach relies on the specification of the term In(zx(7))
which may expressed as random variable with mean valued expressed as a function
of the availability and perception attributes (e.g. a Binomial Logit model may be
used). However practical formulations may be found in Cascetta (2009).

A different approach may consist in explicitly modelling the composition of the
generic decision-maker’s choice set. In particular, in the explicit approach, the choice
probability of an alternative r may be expressed through a two-stage choice model:

pirl=> ,;PlrRI=Y . plr/R]-plR]

where R is the generic choice set; G is the set made up of all possible non-empty
choice sets (non-empty subsets of the set of all the possible alternatives); p[r,R] is the
joint probability that decision-maker will choose alternative r and that R is his/her
choice set; p[r/R] is the probability that decision-maker will choose alternative r,
his/her choice set being R; p[R] is the probability that R is the choice set.

The choice probability p[r/R] conditional on set R can be represented with any of
choice models that will be introduced in the next sections, whilst the probability that
R is the choice set can be formulated in terms of probability that each single alter-
native belongs to the choice set, which, in turns, may be expressed through regressive
or logistic functions properly calibrated from a sample of users (details in Cascetta,
2009; Mansky, 1977; Morikawa, 1996; Swait and Ben-Akiva, 1987a, 1987b).

The explicit approach, although very interesting and consistent from a theoretical
point of view, presents significant computational problems for large number of
alternatives.
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Specification of the systematic utility

For each alternative r, the systematic utility, v, is generally specified as a function of
several attributes, x,;, and parameters, ;. For instance a linear in parameters and in
attributes utility specification is usually adopted:

V= 2 i l//jxly'

The effectiveness of a model can be greatly improved by considering user socio-eco-
nomic attributes (SE—such as income, age, etc.) and land-use ones (LU—such as
population of zones, etc.) a part from those describing level-of-service (LoS—such
as travel time and monetary cost). Moreover, for every alternative, but one, an alter-
native specific attribute (ASA) is usually introduced to consider (quantify) those
determinants that may significantly affect choice behaviour, but known to the analyst
and/or not easily measurable.

Attributes can be introduced in the above systematic utility specification as such
(absolute attributes), or as a ratio with respect to an alternative used as reference (rel-
ative attributes). Moreover, but depending on the choice context, LoS attributes may
be weighted by continuous/discrete attributes, usually socio-economic, in order to
explicitly represent (and weight) the different sensitivity to the Los of different
SE characteristics.

Attributes effectiveness may further be improved by considering non-linearity
with respect to continuous attributes; a part from a better estimation of the effect
of such attributes, non-linearity allows to simulate asymmetry of choice probability
elasticity. Several approaches can be devised as described below.

*  Dummy variables.

ASA’s can further be differentiated by the range of values. Then, users are grouped
into demand segments with common value of ASA’s.

e Threshold variables.

The parameter of a (LoS) attribute varies according to the some (pre-fixed) ranges of
values. Ranges and parameters can be specified in order to get a (continuous) piece-
wise linear relation between the values of the systematic utility and of the attribute
(continuous thresholds). Else it may assumed that the parameter increases when
(given) thresholds about the value of an attribute are overcome (non-continuous
thresholds).

* Box-Cox transformations.

A more general approach is based on Box-Cox transformations (Box and Cox, 1964;
Gaudry, 1981; Gaudry and Dagenais, 1979b). Such a (monotone strictly increasing)
transformation y,; of attribute x,;, that may be applied to a strictly positive variable
only, is defined by a non-negative shape parameter, A;:
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i (4) = (e = 1) /2if 4; #0

i (%) = In(x;)if 4, —0

Box-Cox transformation can be considered as a (continuous) non-linear generalisa-
tion of the continuous threshold introduced above. The partial first derivative of sys-
tematic utility, v,, with respect to the attribute, x,;, depends on the value of the
attribute, according to the value of the shape parameter, 1; however, it will be linear
with respect to the corresponding beta coefficient.

In principle, a different Box-Cox transformation can be implemented to each
attribute, but it is usually more effective to apply it to few attributes only. The intro-
duction of Box-Cox parameters slightly increases the computational effort needed
for calibration, but the specification of the resulting model is more flexible, allows
representing not symmetric behaviour and does not require any prefixed values with
respect to threshold variables.

All the previous attributes measure characteristics easily identifiable of the alter-
natives and/or characteristics of the decision makers, but they are not able to grasp
the psychological factors that may significantly affect users’ behaviour, such as per-
ceptions, beliefs, attitudes.

Within this context, an increasing attention towards specifications able to embed
in random utility model such attributes has been observed.

In particular, random utility choice models with latent variables (often defined
hybrid models) have been increasingly adopted for simulating choice contexts in
which psychological factors may play a significant role.

The hybrid choice model (HCM) based on random utility theory is a discrete
choice model which integrates and simultaneously estimates different types of
sub-models into a unique structure. If the HCM includes a latent variable model,
it is possible to take into account the effects of users’ latent attitudes, perceptions
and concerns (i.e. Integrated Choice and Latent Variable model, ICLV).

Fig. A.1 introduces the general structure of a ICLV and allow to comprehend the
different sub-models that define a ICLV: the latent variable model and the discrete
choice model. In particular, the ellipses represent the unobservable (latent) variables,
the rectangles represent the observable variables, and the circles represent the error
variance or disturbance terms.

Since the latent variables (attitudes, perceptions and concerns) cannot be directly
observed and measured from a revealed choice or a stated preference experiment, they
have to be modelled and then indirectly identified starting from a set of indicators. The
latent variable model allows to identify and measure these unobservable variables as a
function of the indicators, in order to include them in a choice model.

Mathematically, a latent variable is treated as a random variable; the latent var-
iable is specified through a structural equation formalising it as a function of several
parameters and a random error term. With regard to the relationship between indi-
cators and latent variables, it can be formalised through a measurement equation, in
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FIG. A.1

Scheme of integrated choice and latent variable model (ICLV).

which each observed psychological indicator is a function of a latent variable and a
random error term. In general, each latent variable may be part of more than one mea-
surement equation.

Finally, in accordance with the random utility theory, the latent variables are
included in the utility function of the alternatives as explanatory variables. Indeed,
ICLV models may have any of the previously introduced mathematical formulations,
but they differ from traditional models for the systematic utilities specification.
Indeed, the systematic utility functions may be expressed as a function of instrumen-
tal attributes of alternative r (x,;), users’ specific attributes (x;) and latent
variables, LV/,.

Vr= ZJ l//l Xrj + Zx YpXst Zl "4 LV]

With reference to the LV, two equations should be specified: the structural and the
measurement equations.

The structural equations are introduced in order to specify the latent variables,
whilst the measurement equations are introduced in order to specify the perception
indicators.

In particular, if / is the generic latent variable, the structural equation for each
latent variable may be expressed as follows:
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LV, =y + Zp ¢p XSE,p +

where y;  is the intersect; Xz , is the pth users’ socioeconomic attribute which con-
curs in the definition of the LV; ¢, is the pth coefficient associated with the pth users’
socioeconomic attribute; @, be the error term which is usually normally distributed
with zero mean and standard deviation to be estimated.

The specification/estimation of each LV, requires the specification/calibration of
psychometric indicators. Indeed, different psychometric indicators (/;,) reveal the
latent variable LV, and, vice versa, each psychometric indicator concurs to the def-
inition of the LV,. I;,, which may be expressed through a measurement equation as
follows (measurement equation):

In=0a,+4,, LV i+,

where [;,, be the nth perception; a; is the intersect; 4,,; is the coefficient associated
with the latent variable (to be estimated); v, is the error terms usually assumed nor-
mally distributed with zero mean and standard deviation to be estimated.

The psychometric indicators may be observed through ad hoc surveys and are,
usually, coded using a Likert scale. These indicators can be considered to be a linear
continuous expression of the LV’s or an ordered discrete variable. The first approach
has been historically chosen because simpler and more practical with lower
computational cost.

In recent years, several studies have treated them as discrete variables, but with a
higher computational cost. In particular, if the measurement is represented by an
ordered discrete variable @ having m elements {¢;, ¢», ..., ¢,,}, one for each
response in the survey, we may have:

b= [¢1 if]l,n <1715 ¢2 if‘r] Sll,n <1725 ...; ¢m ime,1 Sll,n <Tm]

where and 7, <7, <---<7,,_; are parameters to be estimated, but due to symmetry
constraints, only (m—1)/2 parameters can be independently be estimated.
Usually, the ordered Probit model is used for estimating the probability of @ elements.

Hybrid choice models with latent variables can be an effective modelling solu-
tion to embed psychological factors in traditional random utility models. However,
their operative implementation in travel demand estimation and/or traffic assign-
ment problems could be particularly demanding. In this sense, the approach is
mainly finalised to better understand travel behaviour and/or to interpret the role
that not-instrumental attributes play in the choice process and within the “utilitar-
ian” behaviour.

Distribution of perceived utility and choice functions

Several assumptions can be adopted about the perceived utility random distribution.

The probability of selecting alternative r conditional on his/her choice set R, can
be formally expressed as the probability that the perceived utility of alternative r is
greater than that of all the other available alternatives:
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plr/R]=Pr[U, > Uy; Vr #h, h €R]

That, in turn, may be expressed into the following formulation which depend on the
vector of perceived utilities (U) and on their joint density function f(U).

plr/R] = Ju1<u,- JMU]_}M Lm<uj £(U)-dU;...dU,

In conclusion, the estimation of choice probabilities of a random utility model
involves multi-dimensional integral computation and its complexity mainly depend
on the assumption that can be made on f(U).

The general, and most important, assumption concerns the independence of joint
density function f{U) from the perceived utilities mean values and from the choice-
set R composition. Such an hypothesis defines a class of models, also known as
invariant random utility models, that allows to simplify the expression of the prob-
ability of choosing the generic alternative r.

Indeed, expressing the rth perceived utility U, as the sum of the systematic utility
v, and the random residual &,, the choice probability may be formulated as

plr/R)=Pr[v, — v, > &, — &5 Vr#h, h€R)

and can be calculated assuming the difference, &, — &,, independently distributed
from the difference between systematic utilities v, — v, Vr#h.

Under the assumptions made above, choice probabilities depend on the differ-
ences among the utilities, and not on the absolute values of the utilities. Furthermore,
invariant random utility models not only allow an easier computation of choice prob-
abilities, but they also have some important properties that are useful for the spec-
ification od RUM and are worth of interest for the general mathematical framework
of the book (see mathematical notes 1 for proofs and further details):

(1) Choice probabilities do not change if the utility values are multiplied for a scale
factor. In other words. The scale does not matter in RUMs.

(2) The only parameters that can be estimated are those concurring to define utilities
differences.

(3) If the joint density function of the random residuals is continuous with
continuous first derivatives, the choice probabilities are also continuous
functions of the systematic utilities with continuous first derivatives.

(4) The Jacobian of choice probabilities is (symmetric and) positive semidefinite.

(5) The choice probabilities are monotonic increasing functions of the systematic
utilities. Indeed, the choice probability of a generic alternative does not decrease
as its systematic utility increases, if all the other systematic utilities remain
unchanged. Using an analogous argument, it can be demonstrated that, as v,
tends to minus infinity, the choice probability of alternative r tends to zero.

Before introducing the possible mathematical formulations, it is useful to introduce a
classification based on the possible assumptions that can be made on the random
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Table A.1 Classification of type of random utility models

Parameters of systematic utility functions
Not distributed Distributed
Random Identically Not Homoscedastic Heteroscedastic
residuals distributed jointly with no correlation models and perceived
among perceived utilities potentially
utilities correlated
Jointly Homoscedastic Heteroscedastic and
and correlated perceived utilities
correlated
Not Not Heteroscedastic Heteroscedastic and
identically jointly and not correlated perceived utilities
distributed potentially correlated
(also over time)
Jointly Heteroscedastic Heteroscedastic and
and correlated perceived utilities
correlated (also over
time)

distribution of the vector of random residuals (&) and/or on the vector of parameters
of systematic utility functions (y). (See Table A.1.)
Indeed, random residuals can be.

al identically distributed among alternatives and
a2 not identically distributed among alternatives.

Random residuals can be.

b1 not jointly distributed among alternative and
b2 jointly distributed.

Parameters of systematic utility functions can be.

¢1 deterministic,

€2 randomly distributed across the users,

€3 randomly distributed across the alternatives, and
¢4 randomly distributed over time.

A family of models may be obtained by the combination of the above hypotheses
and, in general, three main issues require particular attention in practical
applications:

(i) modelling the correlation across perceived utilities (usually related to
alternatives that are similar and/or that share same characteristics);
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(ii) modelling the correlation over time of user choices;
(iii) modelling the heterogeneity across users and/or over time.

With respect the above-mentioned classification, the mathematical complexity of the
corresponding choice models can be significantly different. In particular all the
model highlighted in grey may have a closed-form solution, whereas all the others
need simulation for estimating the choice probabilities.

In the following, the most adopted random utility models are briefly introduced
for each of the classes introduced in the table.

Homoscedastic and not correlated perceived utilities

The multinomial logit (MNL) model is the simplest random utility model. It is
based on the assumption that the random residuals &, are independently and iden-
tically distributed (i.i.d.) according to a Gumbel random variable of zero mean and
parameter 6. Under the assumptions made, the probability of choosing alternative
r among those available belonging to choice-set R can be expressed in closed
form as:

p(r) = exp(1/0)/3", ., exp (/)
The MNL model is characterised by three main properties:

» dependence on the differences among systematic utilities,
e influence of residual variance,
» independence from irrelevant alternatives (I.I.A.).

In particular, the last property, can be an advantage, but sometimes may lead to unre-
alistic results if the choice set is not composed by clearly distinct choice alternatives.
As a consequence, the variance—covariance matrix of perceived utilities has a
block diagonal structure and the elements of the main diagonal are all equal to
(7°60°/6).
MNL model can be easily adopted for modelling any travel choice dimensions,
but with perceived utilities not correlated.

Homoscedastic and correlated perceived utilities

A closed form, but effective, alternative to the MNL is the single-level Nested Logit
model (Williams, 1977), which allows to partially overcome the assumption of inde-
pendent random residuals underlying the MNL model, retaining, at the same time, a
closed analytical expression.

The Nested Logit (NL) assumes that alternatives are hierarchically nested in a
finite number of nests (G) and the random residuals of each alternative are decom-
posed into two independently distributed Gumbel random variables: one for each
alternative and one for each nest.

The mathematical formulation continues to hold a closed form, and can be
expressed as the product of two MNL formulations, the former estimating the
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probability to choose the nest g among the nests G, the latter the probability to choose
the generic alternative r belonging to the nest g. Each alternative is characterised by
its systematic utility function, whilst each nest is characterised by the “nest utility”
measured as maximum expected utility associated to the nest g.

p(r) =p(8)p(r/8) = (exp (8Y) /Y, o exp(8Y.)) - (exp (/0)/> ", exp(1/0))

where p(g) is the probability to choose the nest (group of alternatives) g; p(r/g) is
the probability to choose the alternative r, belonging to the nest g, once chosen the
nest g; 0 is the parameter associated to the choice within the group g; 9, is the param-
eter associated to the choice between the nests (root); § is a scale parameter obtained
as the ratio of the scale parameters: 6,/0; Y, is the maximum expected utility asso-
ciated to the nest g (satisfaction). In the case of single level NL, Y, also known as
logsum variable, may be expressed as follows: Y, =In [Z;, exp (v;)], with A the alter-
natives belonging to nest g.”

NL allows a positive co-variance between each pair of alternatives belonging to a
same nest, as described by parameter § (the ratio 6,/0) which may have value €[0,1]
with §=1 meaning no correlation, that is MNL.

From the previous results, the variance—covariance matrix of random residuals
has a block diagonal structure. The elements of the main diagonal are all equal to
(70,)*/6, the covariance between each pair of alternatives belonging to the same
group is constant and equal to (7262 — 7°6)/6, while the covariance between alter-
natives belonging to different groups is null. Therefore, if the alternatives of each
group are ordered sequentially, the resulting variance—covariance matrix has a block
diagonal structure.

The single level NL structure may be relaxed by assuming different 6 parameters
for each group and/or by introducing more levels, thus more root parameters.

In order to overcome the limitation of a block-diagonal structure of the variance—
covariance matrix, a generalisation of the NL model can be introduced assuming that
an alternative may belong to more than one nest (g), with different degrees of mem-
bership. The degree of membership of an alternative 7 to a nest g is denoted by the
parameter a,, which is included in the [0,1] interval. Degrees of membership have to
satisfy the normalising equation: X, a,,=1V r.

This model, also known as Cross-Nested Logit—CNL (Vovsha, 1997), keeps the
same formulation of the single-level NL model with the only difference that the sum-
mation is extended over all the nests (G). Indeed, the choice probability of the generic
alternative r, continues to hold a closed-form expression and it can be expressed as:

p(r) = ;P(8)p(r/g)

“Nested Logit formulation can also be specified assuming, for each choice level, random residuals not
Gumbel distributed. In this case the satisfaction variabile could not be expressed in a closed form, as
well as the resulting choice probabilities.
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pe) = (Znelgahg 1% . exp (va /0, > /2:g e (Znag g 1% - exp (v,,/gg,)>5g,

PUr/8) = arg ™ (exp (v/00) /S 1 s/ (exp (va/0y)

nelg
where I, (I,) is the generic set of alternatives belonging to nest g (g); 6, (6 is the
parameter associated to the choice between alternatives belonging tonest g (g); €, is the
parameter associated to the root; and J, (6¢) the ratio 8,/0, (04/0,).

In this case, the variance—covariance matrix of random residuals may have
covariances different from zero but with the elements of the main diagonal
all equal.

Although the CNL allows a greater flexibility in substitution across alternatives,
it should be noted that it is still an homoscedastic model and that the covariances of
the CNL model cannot be computed with a closed-form expression. Moreover, it has
been demonstrated that the CNL is not able to reproduce the whole. Homoscedastic
covariance matrices domain (Marzano and Papola, 2008).

Heteroscedastic and correlated perceived utilities
Two classes of model allow to take into account both of heteroskedasticity and cor-
relation among perceived utilities: the Probit model and the Mixed-models.

The Probit model (Daganzo, 1979) overcomes most of the drawbacks of the previ-
ous models and its generalisations, though at the cost of analytical tractability. It is based
on the hypothesis that residuals &, are distributed according to a multivariate normal
(MVN) random variable with zero mean and general variances and covariances.

The choice probability of alternative r can be formally expressed as the joint
probability that utility U, will assume a value within an infinitesimal interval and
that the utilities of the other alternatives will have lower values. The choice proba-
bility can be expressed as multi-dimensional integral, and this probability must be
integrated over all possible values of Ur.

+00

p(r/R):J J J exp (—1/2 U-v)Tz " U-v)/(2n)™ det(Z))l/z-dUl...dUm
Ul<Ur Uj=—o0 JUm<Uj

The flexibility of the Probit model is paid at the cost of a computational complexity
greater than the other previous models.

Indeed, the Probit model does not allow to express the choice probabilities in
closed form, therefore approximation methods based on simulation should be
adopted. A general overview on simulation procedure for the Probit model may
be found in Hajivassiliou et al. (1996), the most adopted are: Monte-Carlo,
Kernel-Smoothed Frequency (McFadden, 1989), Stern Decomposition (Stern,
1992), GHK (Geweke, 1991; Borsch-Supan and Hajivassiliou, 1993; Keane,
1994), Acceptance/Rejection or Gibbs Sampler (Hajivassilioui and McFadden,
1990), Sequentially Unbiased and Approximately Unbiased.
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With regard to the variance—covariance matrix, although there are at most
(m(m+1))/2 different values, with m the number of choice alternatives, the esti-
mation of all the possible values can be problematic if the number of alternatives
is large. To this aim, different methods might be adopted to reduce the number of
unknown elements by assuming some structure underlying to the random resid-
uals. One of the most adopted is the Factor Analytic Probit which expresses the
vector of random residuals as a linear function of a vector of independent standard
normal variable.

An effective alternative to the Probit model may be presented by mixed models,
in which it is assumed that random residuals are distributed as sum of two terms: one
distributed anyway and the second one identically, independently distributed as an
extreme value random variable:

E =+,

As a consequence, the choice probability becomes an integral in joint density f{®,y,),
that, if assumed to be independent from each other, allows formally expressing the
choice probabilities the following integral:

P("/R)=J plr/o) f(®)-do

Although any kind of joint probability distribution with any variance—covariance
matrix may be adopted, generally simplified, but realistic, assumptions can be made
in order to simplify the final mathematical formulation of the model.

One of the most used Mixed models is the Mixed-Logit which assumes that the
second term, y,, is identically and independently as a Gumbel variable among all
the alternatives. It allows to express the probability of choosing the alternatives r,
as the integral over @ of a MNL function conditional on values of ®.

p(r/R) = j (exp (v, +@,)/0)/3 ", exp vy +w;/0)) -f (@) -dw

Moreover, if random residuals w, are expressed through independent, but non iden-
tical random variables, the final mathematical formulation, and the consequent com-
putational efforts, can be significantly simplified.

Mixed Logit model allows to approximate any random utility model with a sat-
isfying degree of closeness (McFadden and Train, 2000) and may be expressed into
two different specification, but formally equivalent:

1. the error component formulation and
2. the random parameters formulation.

In the error component formulation, the y, residuals are i.i.d. Gumbel random vari-
able and independent randomly distributed error components are introduced among
the alternatives. It allows to represent heteroscedasticity and cross-correlation among
perceived utilities that share the same error components. However, it should be
pointed out that identification issues (Walker et al., 2007) may arise when the
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number of alternatives and the error components raise. To avoid such a drawback, it
is advisable to preventively hypothesise parsimonious and realistic correlation
structures.

The random parameters formulation assumes the systematic utility parame-
ters, y;, randomly distributed, whilst the error components remain distributed
as i.i.d. Gumbel random variables. Random parameters formulation allows to
explicitly take into account taste heterogeneity among users, but in this case
the taste heterogeneity and the cross correlation between perceived utilities are
expressed (and interpreted) in terms of specific attributes (e.g. travel time). There-
fore, correlations among perceived utilities depend on the systematic utility attri-
butes and not on specific error components; moreover, correlation magnitudes
depend on the values assumed by the attributes whose parameters are assumed
randomly distributed.

However, it should be noted that also for Mixed-models, the dimensionality of the
multifold integrals requires the use of unbiased efficient estimators of choice prob-
abilities as, for instance, the MonteCarlo method.

In conclusion, Mixed Logit models allow more flexible choice models without
significant computational efforts, and also allows an interpretation of taste hetero-
geneity and of correlation. Indeed, MNP model, although allowing complete flex-
ibility in the variance—covariance matrix, on the other hand it does not permit
an easy interpretation of correlations and variances, except for specific choice
contexts, such as route choice, in which the variance—covariance structure is pre-
defined. Furthermore, the parameters identification issue should be carefully
addressed.

Calibration and validation of a choice model

Parameters of the utility function, y, as well as those of the choice function, 0, can be
estimated by trying to reproduce a sample of observations of user choices (disaggre-
gate) and/or demand flows (aggregate).

The parameters estimation is a calibration-validation procedure, not easily auto-
matable, that should be performed until the most effective modelling solution is
achieved.

Random Utility models are usually calibrated through the Maximum Likelihood
Method (ML).

The method, as well known, maximises the probability L of observing the whole
sample S, indeed the probabilities that each user (i) chooses alternative actually cho-
sen by him/her, (7). The probabilities pi[r‘(i)](Xi; Wy, 0) are computed by the random
utility model and therefore depend on the coefficient vectors. Thus, the probability L
of observing the whole sample is a function (the likelihood function) of the unknown
parameters:

L=L(y,0)
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The Maximum Likelihood estimates the vectors of parameters y and 0 by maximis-
ing the previous equation or, more conveniently, its natural logarithm (the log-
likelihood function):

[w, 8],,, =argmaxInL(ys, 0)

The formulation of the likelihood function depends on the type of sample strategy
(e.g. stratified or simple), on the type of the survey (revealed preferences or stated
preferences) and on the type collected observations (cross-sectional or panel). For
more details the reader may refer to Cascetta, 2009).

Once estimated the parameters, the effectiveness of the model must then be
explicitly analysed, that is, the validation stage should be carried out before the
model can effectively accepted and/or be used.

Indeed, a choice model should be able to address the following issues:

(1) Description and interpretation of the phenomenon through its parameters.

Choice model parameters should allow an interpretation of the phenomenon,
giving a clear meaning of the variables and of their relationships. The
parameters interpretation allows a first validation of the choice model goodness
and gives first insights to the analyst and to the policy makers.

(2) Reproduction of observations about choice behaviour used to calibrate model
parameters (calibration sample).

A choice model at least should reproduce the users’ choices (or choice
fractions) that have been used to calibrate its parameters (calibration sample).
Such an analysis may be carried out through some benchmarking indicators.

(3) Generalisation to choice behaviour in the same transportation scenario
(observations not used to calibrate model parameters—hold-out sample) and/or
in different transportation scenarios (model sensitivity to level of service
attributes).

Even though reproduction capabilities are usually used to evaluate and
choose the best model or approach, the most performing model may show very
poor generalisation capabilities because of over-fitting phenomena. The
resulting choice model might not be able to reproduce users’ behaviours even if
they belong to the same transportation scenario, and it might not be able to
simulate model sensitivity.

In the following sections, the analyses that should be carried out are summarised.
All the proposed indicators can be calculated for RUMs, but most of them
can be easily used for different approaches, such those introduced in Sections
A.4 and A.5 (see also de Luca and Cantarella, 2009).

Analysis on utility parameters

First, an informal stage consistency between the meaning of the jth attribute and the
sign of the relative parameter (y) is checked. Unexpected signs of parameters likely
indicate errors in available data and/or model misspecification, moreover the ratios
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between the parameters of some pairs of attributes may be expected to be greater than
one, such as waiting time and on-board time for transit. In addition, the ratio between
the parameters of monetary cost and travel time attributes can be considered an
estimate of the value-of-time (VoT), which can also be estimated through other
approaches.

Once, passed the first informal validation, some formal tests are usually adopted.

For RUMs, if utility parameters are estimated through maximum likelihood esti-
mators, the #-test may be applied to verify statistical significance of parameters, for
large samples of available data, through statistics:

=M |/ Varly "]

where an approximate estimate of the variances (and covariances) of parameters yf}WL
can be easily obtained since equal (minus) the inverse of the log-likelihood function
Hessian. Usually the size of the available sample is large enough to approximate the
T random variable through a Normal r.v.; if the value of t; is >1.96, the value U(;WL
may be considered (statistically) different from zero at a confidence level 0.95.

Analysis through aggregate indicators

The indicators described below when applied to calibration (or hold-out) sample help
us to understand how the model reproduces (generalises) the observed choice scenario
(to other choice scenarios). All the indicators are to be compared with a reference value
obtained from the simplest choice model or the benchmark modelling approach.

Simulated vs. observed shares for each choice alternative

Since differences take a null value over the calibration sample for any Logit model
calibrated through maximum likelihood and with only alternative specific constants,
such a comparison is useful only when referred to the hold-out sample and/or to other
choice models.

Test and indicators based on Log-Likelihood value

This value is always less than or equal to zero, zero meaning that all choices in
the calibration sample are simulated with probability equal to one. Usually, the
comparisons carried out are based on the goodness of fit statistic (pseudo-p*) and
the Likelihood Ratio test; less widely used is the comparison test (it will be called
adjusted p*).

* Goodness of fit statistic

The goodness of fit statistic checks the null hypothesis that the maximum value of
log-Likelihood, In L(B*"), is equal to the value corresponding to null vector of coef-
ficients, In L(0). Thus their difference is due to sampling errors. This test is based on
the so-called (pseudo-)rho-square statistic:

7= (1 InL(B") /L (0)) € 0. 1
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If equal to zero, L(B"") =L(0), the model has no explanatory capability; if equal to
one, the model gives, for each user in the sample, a probability equal to one to the
alternative actually chosen, thus the model perfectly reproduces observed choices.
Usually, the model with a better rho-square statistic is preferred, even if the differ-
ences are small this criterion does not seem very effective.

o Adjusted p*

The adjusted p? test is based on an enhanced value of rho-square statistic (sometimes
called rho-square bar):

“p*= (1= (In L(B"") —Np)/InL(0))

It attempts to eliminate the effect of the number of parameters included in the model
(Np) to allow the comparison of models with different numbers of parameters.

e Adjusted p* test

Starting from the proposed statistics, a specific test may be carried out. It assumes as
null hypothesis that the statistic p7 for model / is not greater than the statistic p3
(assuming ﬁ% < ﬁ%) for model 2, their actual difference being due to sampling errors.
It is based on the relation:

Pr(|7p2="p)°| >2) <@(72)

where @(-) is the distribution function of standard normal, Z = —[—2 z In L(0) +
(N;—N>5)] 2. N 1 and N, are the number of parameters in model 1 and 2 respectively.

This test can be used to ascertain whether model 2 can be considered (statisti-
cally) better than model 1.

o Likelihood ratio test

The likelihood ratio test, LR(y™"), checks the null hypothesis that the maximum
value of log-likelihood, In L(y™"), is equal to the maximum value corresponding
to a reference model with null utility parameters or to a simpler one. Hence thus
the difference is due to sampling errors. This test is based on the likelihood ratio
statistic:

LR(yM)=-2[InL(y°)— InL (y™*)

which, on the null hypothesis, is asymptotically distributed according to a chi-square
variable with a number of degrees of freedom equal to the number of constraints
imposed (the number of parameters). This test can be used to check whether utility
parameters (p™Mb) are (statistically) different from zero or from those of a reference
model (y°).

As stated for the p? test, the likelihood ratio and the adjusted p? tests might not be
very significant, since small differences are sufficient to verify such tests.
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Indicators based on Simulated vs. observed choice fractions for each user
in the sample

*  Mean square error—MSE
" bs \2
MSE=%,;%, (pA mr,i _p( bAr,i) /Nusers >0

Mean square error between the user observed choice fractions and the simulated ones
of alternative r belonging choice-set R, over the number of users (7) in the sample
(Nusers) Apart of MSE indicators, the corresponding standard deviation (SD) may
be computed, representing how the predictions are dispersed, if compared with
the choices observed. If different models have similar MSE errors, the one with smal-
ler SD value is preferable.

e Fitting factor—FF

FF = z:ipSim(rchosen,i)/I\Iusers S [07 1]

It is the ratio between the sum over the users in the sample of the simulated choice
probability for the mode actually chosen, p™” (7 psen) € [0,1], and the number of
users in the sample, N,.... FFF=1 means that the model perfectly simulates the
choice actually made by each user (say with p*" (7 crpsens) = 1).

* Level of service impact—LoS ypac:

The level of service impact may be calculated by the sum of the square differences
between choice probabilities computed with or without ASA’s, hence it describes the
effect of ASA’s: the less this index, the better the corresponding model is.

Analysis of clearness of predictions
It is common practice that this analysis is carried out through the %right indicator,
that is the percentage of users in the calibration sample whose observed choices are
given the maximum probability by the model. This index, very often reported, is
somewhat meaningless if the number of alternatives is greater than two.

Really effective analysis can be carried out through the indicators proposed
below:

* Pociearty rign(t) percentage of users in the sample whose observed choices are
given a probability greater than threshold ¢ by the model;

* Pociearty wrong(t) percentage of users in the sample for whom the model gives a
probability greater than threshold 7 to a choice alternative differing from the
observed one;

o Pouncieart) =100 = (Docicarty right+ Pocicarty wrong) PErcentage of users for whom the
model does not give a probability greater than threshold ¢ to any choice.

The three indicators may be defined for each alternative and/or for all the alternatives
available to users in the sample. Moreover, they can be plotted as the threshold
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changes, thus allowing the comparison between different models by comparing the
diagrams themselves, or by measuring the difference between the areas below the
diagrams. Indeed, integrating the areas under both curves, it is possible to estimate
different indicators able to measure model effectiveness, and to appreciate differ-
ences between models and/or approaches.

As for aggregate indicators, the indicators applied to the calibration (hold-out)
sample allow us to understand how the model reproduces (generalises) the observed
choice scenario (to other choice scenarios).

Elasticity analysis
Elasticity analysis is a further approach, well-consolidated in the literature, helps
understand how a model generalises to other choice scenarios. This is called elasticity
analysis and is based on indicators obtained from partial derivatives (point elasticity)
or finite differences (arc elasticity) of choice probabilities w.r.t. specific attributes.
The point direct elasticity of the choice probability for alternative » with respect
to an infinitesimal variation in the jth attribute (x;.) of its own utility function is
defined as:

E, )= (0p[r](X)/0x;,[r]) - (xr/Plr])
where X includes the vectors of attributes for all alternatives.
The point cross elasticity of the choice probability of alternative r with respect to

an infinitesimal variation of the kth attribute, x; 5, of the utility function of alternative
h is defined as:

Ey i = (9p[r](X)/0xi.n) - (xe./plr])

The “arc” elasticity is calculated as the ratio of incremental ratios over an “arc” of the
demand curve. In general, direct elasticity, E;,, may be defined as the percentage
variation in choice probability of an alternative r divided by the percentage variation
in the value of an attribute j of the systematic utility, x;

E,;j=Ap[r]/plr]- Ax,/x;.,

Analogously, cross elasticity E,;, is defined as the percentage variation in choice
probability of an alternative r divided by the percentage variation in the value of
an attribute k of another alternative &, x;

E,jn = Ap[r]/plr]- Axn/Xin

Random utility models for route choice

Route choice represents one of the most complex characteristics of travel demand
to observe, understand and simulate. Elements of complexity in other choice dimensions
stem from the larger number of degrees of freedom characterising route choice:

— Updating between one trip and the next: high day-to-day elasticity.
Route choice is very elastic to the functional characteristics of the transport
supply system and the experience of previous trips; hence it is an easily
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modifiable choice from one day to the next (between homogeneous reference
periods).
— Updating within the same trip: high within-day elasticity.

Within the same period the user may decide whether to depart or postpone his/
her departure, and once the trip has begun, the user may decide to modify his/her
(preventively chosen) route one or more times in the presence of changed traffic
conditions that make a route deviation worth taking.

— Effect of user heterogeneity.

Compared with other demand characteristics, in route choice there may be
more significant user heterogeneity by virtue of the larger number of alternatives,
the non-clear identification of the set of alternatives (choice-set), the variety of
variables affecting choice, and the greater weight that psychological and
cognitive factors assume in choice behaviour.

The above issues are assuming particular importance alongside the increasing
development of new technologies (e.g. intelligent information systems) which require
the simulation of increasingly realistic and disaggregate route choice behaviour.

The aim of this section is to schematise route choice behaviour by formalis-
ing an interpretative paradigm (a set of rules capable of describing the phenom-
enon) and a theoretical paradigm (formulating a theory or general principles to
simulate individual phenomena) for simulating route choice issues in dynamic
contexts.

Formalisation of an interpretative framework

In studying route choice behaviour, it is important to make the choice process explicit
and how it is expressed in the time between homogeneous time periods and within
each time period.

In general, the route choice process may be expressed as the process of the pos-
sible choice behaviours that a generic user may have:

(i) at the trip origin node (0),
(ii) at a diversion nodes (g),
(i) at an information nodes (g;,).

In this context, simulation of route choice behaviour may be studied in a day-to-day
time context (between homogeneous reference periods) and/or in a within-day
space—time context.

In the day-to-day context we are interested in the evolution of the choice process
between one trip and another in the next day, i.e. whether and how the user modifies
his/her choice process with the variation in experience accumulated on previous trips
and/or in the presence of an information system.

In the within-day context we are interested in the evolution of the choice process
within the same trip, i.e. whether and how the user modifies his/her choices once a
trip has begun.
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If we suppose a subdivision of the phenomenon into homogeneous periods

- the day on which the phenomenon begins (g”),
- subsequent days (g*/, g™, etc...), and
- possibly the day (g*) on which the phenomenon reaches a steady-state condition.

To each of the above-mentioned contexts, different interpretative paradigms may be
associated (e.g. holding or switching choices, etc....) and it is necessary to define
theoretical paradigms and effective/realistic mathematical models.

By combining the day-to-day time dimension and the within-day dimension
we may distinguish the following operational contexts and modelling issues
(Table A.2).

In the following each of the afore mentioned issues are addressed.

As regards the trip behaviour we may distinguish:

Trip behaviour and alternatives in route choice modelling

(a) a completely preventive behaviour: route choice is carried out at the trip origin
and the sequence of nodes to be crossed by the user is completely known and not

Table A.2 Operational contexts and modelling issues
When

&g

*

Where

Origin node o

@

g* o)
type of trip
behaviour
type of
alternative
choice set
reaction to
pre-trip
information
holding
choice

9" 0)

reaction to
pre-trip
information
costs and
choice
updating

Diversion node g
©% g% g or(g*, q)

- reaction to en-route
information
switching choice in a
“reference route”
approach

holding choice in a
“strategy approach”

Information node q;.¢

©°.9%, Ginf) O (@, Ginf)
- reaction to en-route
information
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modifiable by events or information which the user might encounter along
the way;

(b) a mixed preventive/adaptive behaviour: the user extends his/her decisional
process to the whole trip duration and the chosen route cannot be defined a
priori.

The interpretative paradigm of the phenomenon for this choice dimension may be (i)
not-behavioural or (ii) behavioural.

Following a non-behavioural approach, it is assumed that the user does not make
a choice every time he/she travels, and the most reasonable theoretical paradigm
must be sought within regressive-classification methods.

Under the behavioural approach, the user makes a choice which is sensitive to
system functionality and can be modified from one day to the next if boundary con-
ditions vary and/or if an information system exists. In this context, the user chooses
from the alternatives available and can change his/her choice as the boundary con-
ditions vary (e.g. existence of an information system and type of information sup-
plied). In such a context it is reasonable to imagine a theoretical paradigm based
on a binary choice model founded on random utility theory.

Once the interpretative paradigm on the type of behaviour has been chosen, the
type of alternative should be defined.

In a completely preventive context the choice alternatives consist of routes con-
necting the origin—destination, whilst in a mixed preventive/adaptive context the user
has the possibility to make route diversions. In this regard, two possible behaviours
can be distinguished:

(a) reference route and
(b) strategy.

In the reference route approach, the user chooses a route preventively, then at spe-
cific nodes (diversion nodes) he/she considers the possibility of modifying his/her
choice, taking account of the most efficient changes. Each of these changes will
begin at the diversion node and will be characterised by network conditions which
have either been directly experienced or exogenously supplied (information).

In the strategy approach, the user starts by choosing a set of routes and a strategy to
adopt along the way on the basis of the functional characteristics encountered and/or the
information supplied. The approaches are significantly different if threshold and non-
compensatory behaviours are present (in particular cases they may be equivalent).

The type of alternative which users consider in their mind should be previously
investigated and modelled. It may depend on the user characteristics, on the trip pur-
pose, on the type of network, on the existing information systems and/or on the type
of supplied services (e.g. transit, services of sharing, etc.). To this aim, classification
methods may be adopted such as cluster analyses and or regressive classification
methods based on Neural Networks models.
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Choice set in route choice modelling

Modelling choice behaviour requires to defines the set of alternatives from which
each user will choose (Prato and Bekhor, 2007; Bekhor et al., 2006; Cascetta
et al., 2002).

The choice set depends on the user’s experience and the information available.
The information system, in particular, may either extend the perceived choice set, or
reduce it to a few more efficient alternatives.

However, it may be hypothesized that the user considers all the elementary alter-
natives available, or he/she takes only part of them into account.

In the first case, the user considers all available alternatives (routes, reference
routes or strategies), although the topological complexity of the network may gen-
erate alternatives which are scarcely realistic or consistent with a behavioural inter-
pretation of the phenomenon.

In a deeper analysis three types of approaches may be adopted:

(a) Exhaustive, e.g. all the elementary routes without circuits are considered
admissible. This approach may generate a significant computational complexity
due to the overall large number of routes and due to the number of routes that
may share same links, generating correlation among their perceived utilities.
However, these issues may be addressed through implicit route enumeration
algorithms and by adopting proper random utility models.

(b) Selective, e.g. applies heuristic behavioural rules to identify only a subset of the
elementary routes (examples in Cascetta, 2009). In general the selective
approach requires explicit route enumeration between each O-D pair, and
usually applies a combination of criteria.

(c) Modelling, e.g. if the set of admissible alternatives is defined by a further
behavioural model which simulates perception/availability of the alternatives
and supplies the probability of each route belonging to the set of alternatives
perceived by a generic user. In the literature two types of modelling approaches
are consolidated: explicit and mixed. The explicit solution entails specification
of arandom utility model which allows us to assign to each non-empty sub-set of
the alternatives choice set a probability of being the actual choice set of the
generic user (see Section A.l.1).

The mixed solution tackles simulation of the choice set and alternative choice at the
same time. The problem may be formalised in the framework of random utility the-
ory by introducing an attribute that measures the availability/perception of the within
the utility function (see Section A.1.1).

Holding choice in route choice modelling

Depending on his/her previous decisions the user chooses the alternative may be a
route, a reference route or a strategy. Holding choices may occur before the trip, but
also at a diversion node.
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The most adopted paradigm in holding choices relies on the random utility the-
ory. In this case, the specification of a route choice model requires, as usual, the def-
inition of the attributes in the systematic utility function and of the joint probability
distribution of random residuals. It is usually assumed that the variables influencing
route choice are disutility attributes that enter in the utility function, and may be
expressed as a linear combination of user’s socio-economic characteristics, of per-
formance attributes which may be additive (the sum of the corresponding arc perfor-
mance attributes) or might include some attributes that cannot be obtained as the sum
of arc variables (non-additive attributes).

The simplest and first proposed route choice model is the deterministic utility
model, which can be seen as a special case of a random utility model in which
the variance of the residuals &, is assumed to be equal to zero, thus U,=v,. In this
case, a route r can be used only if, from among the set of alternative routes, its utility
v, IS max:

plr]>0=v, >v,Vh#rr,h€R

In particular, the deterministic utility model does not provide a unique route choice
probability vector, except when there is a unique minimum cost route. Although
deterministic choice models are less realistic than probabilistic models, for compu-
tational reasons they are often applied to very large networks with implicit route enu-
meration. See remarks at the end of the chapter for further details.

In the following, the most adopted route choice RUMs are introduced.

Multinomial Logit and Logit-based model

The easiest probabilistic choice models used to calculate route choice probability is
the multinomial Logit model (MNL), however the assumption of Independence of
irrelevant alternatives (I.I.A.) property may be unrealistic when the routes in the
choice set overlap (shared links). At the same time, the hypothesis of homoscedas-
ticity may be quite unrealistic in some choice contexts. The choice probability
expression of the resulting model has been introduced in Section A.1.3.

To reduce the effects of the I.LI.A. property, the MNL model should be used with
an explicit route enumeration method that eliminates highly overlapping routes.

The MNL is usually implemented by means of the Dial’s algorithm (Dial, 1971).
However, Dial’s algorithm has strong limitations, other than the limitations of the
MNL itself, indeed, it restricts the choice set to efficient routes only and, if
single-step formulation is used, it introduces the unrealistic assumption of equal var-
iance parameter for each O-D pair.

To overcome the problems deriving from the Logit I.I.A. property, a modification
to the MNL route choice model is widely adopted in practical application and several
commercial software.

The modification consists in introducing a negative term (commonality factor,
CF,) in the systematic utility specification of each alternative. It reduces the system-
atic utility of a route according to its degree of overlap with other routes. Indeed, CF,
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is inversely proportional to route r’s degree of independence from other routes, and is
equal to zero if no other route shares links with route 7.

The resulting model, usually called C-Logit model (Cascetta et al., 1996; Zhou
etal., 2012), reduces the probability of choosing overlapping routes and increases the
probability of choosing non-overlapping routes. It has the following specification:

p(r) = expl(v,/6) ~ CF, 13", _ expl(v/6) — CF]

The commonality factor may be specified in various ways.
The most used expression reported in the following allows using implicit route
enumeration algorithms similar to Dial’s.

CF,.=In < 1 +Zh7ér z;,,./(zh.zr)l/2> heR

where z, is an additive route cost attribute of route r. It is different from the actual
route cost w, in order to satisfy the random utility model’s property of additivity; z, is
the additive route cost attribute of route /4 belonging to the choice-set R; and z,, is the
cumulative value of the cost attribute over the links belonging the two routes 4 and r.

The previous specification does not take into account the relative weight of
shared links in the overall route cost. Therefore, different specifications of the com-
munality factor may be adopted.

One of the most adopted defines a communality factor larger for a route whose
shared links contribute a larger fraction to its total length or cost:

CFr =D ey Gar 10 (o)

where a is the generic arc belonging to route r, q,, is the weight of arc a in route r
which may be expressed as the ratio (s,/z,) with s, being the arc, a, cost attribute
coherent with the used route cost attribute, and N, is the number of routes of
choice-set R pair using arc a.

Another possible formulation may be obtained by expliciting the dependence of
the communality factor on the cost of its non-shared links. In this case the common-
ality factors of two routes increases as the percentage of common attributes cost, with
respect to the total one, increases:

CF,= In [1 +Zh#_ <zh,./(zh.z,ﬂ)2) “(zr — 2/ 20 —Zhr)]

Multinomial Weibit model
The Multinomial Weibit model (MNW) has been applied to route choice issues by
Castillo et al. (2008) and Kitthamkesorn and Chen (2014), and it adopts the multi-
plicative random utility model formulation with the Weibull distribution as the ran-
dom error term.

The Weibull distribution, as the Gumbel distribution, is a particular case of the
more general Generalised Extreme Value distribution. The latter, in general, depends
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on three parameters: the systematic utility (v,), the scale parameter representing the
variance (#) and a parameter y. Whilst the Gumbel distribution is obtained for y — 0,
the Weibull distribution is obtained when the parameter y <0.

Gammit formulation has been predominantly implemented to route choice models
and with systematic utility functions that coincide with route path cost, w,.

The MNW utility function in usually written in terms of route costs as follows:

0
U, = (w,. - v_v£> -ENreRr

where w, is the route r cost; &, is the random residual independently Weibull
distributed; @ is the scale parameter and is related to the route perception variance
with 6>0; A is the location parameter which identifies the lower bound of
route perceived travel cost between the considered origin—destination pair, with
O<w, < w,

The choice probability expression of the resulting model, is

p(r/R) = (0, =2) /S (=)

The resulting model is a heteroscedastic model, but not able to reproduce any cross-
correlation among alternatives perceived utility.

Multinomial Probit model
An effective alternative to the multinomial Logit model is represented by the mul-
tinomial Probit model (MNP).

Although the general formulation of the MNP model may be adopted, the most
widely used specification is usually obtained by applying the Factor Analytic
approach to the route choice context.

The factor analytic approach assumes a specific structure underlying the random
residuals which allows reducing the number of unknown variance—covariance matrix
elements, and it is particularly suitable for modelling route choice under reasonable
assumptions.

Within this framework, alternatives random residual (the vector of random resid-
uals) may be expressed as a linear function of independent standard normal variables
(of a vector £), E=F &, which in scalar form may be expressed as:

&= . rfnli

where {, is the tth identical and independent standard normal random variables
which composes the vector { ~ MVN(0, I) vector of identical and independent stan-
dard normal random variables; f,, is the 7th loading factor belonging to the matrix (F)
of factor “loadings” which maps the vector of standard normal random variables ()
to the vector of random residuals (&).
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The extension of the factor analytic approach to the route choice problem
assumes that the variance of the random residuals is proportional to an additive route
cost attribute z, (different from the actual route cost in order to satisfy the random
utility model’s property of additivity), and that the covariance of the residuals of
two routes is proportional to the cumulative value of the cost attribute over the links
that are shared by the two routes (z,,,):

var[é,]=yz,r€R

cov[&, &) =yzmh.r €R

Since each route perceived utility may be expressed in terms of the perceived utility
of the arcs belonging to the route, the random residual of each route may be
expressed as the sum of arc random residuals.

Assuming each arc random residual independently normally distributed with var-
iance proportional (through the parameter y) to the value of the arc performance var-
iable of which z, is the sum, each route random residual may be expressed as a sum of
univariate normal random residuals that may associated to each arc belonging to the
route (77,).

In other words, the formulation of the Probit model can be obtained by applying
the Factor Analytic approach to the route choice context assuming a matrix of factor
“loadings” given by the arc-route incidence matrix and the parameter y.

¢ :Ur_vr‘zzaéak (Ua—vﬂ) :Zaéa/\'na

Which may be expressed in vectorial form as.

g=F¢=Bn

where & is the vector of multivariate normal distributed route random residuals, & ~
MVN(0, X); B is the arc-route incidence matrix; 1 is the vector of independent normal
distributed arc random residuals, 7 ~ MVN(0, X,);  is the vector of i.i.d. standard
normal random variables, & ~ MVN (0, I); F is the matrix that maps the random vector
€ into route choice random residuals €.

The Probit model allows handling perceived utility correlation (route overlap-
ping) and particularly suitable for applications with exhaustive route generation
(implicit enumeration). Obviously, the choice probabilities cannot be expressed
in closed form, thus simulation method should be adopted, but Factor analytic
Probit formulation allow the use of algorithms that are based on Monte Carlo
simulation.

Finally, if the hypothesis of a unique variance parameter (y) may be considered a
strong assumption, on the other hand no effective alternative solutions have been
proposed in literature.
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Multinomial Gammit model

The Gammit model is obtained assuming that perceived utilities are jointly distrib-
uted as a non-negative shifted MultiVariate Gamma random variable, with mean
equal to the systematic utilities and variance—covariance matrix .

Gammit formulation has been predominantly implemented to route choice
models (Cantarella and Binetti, 2002) and with systematic utility functions that coin-
cide with route cost, w,.

The Gammit formulation to route choice, once defined the systematic utility for
each alternative, can be specified as follows.

Let

¢, be the arc cost of arc a.
¢, the reference cost on arc a (for instance zero-flow cost), assumed not greater
than the arc cost: 0<¢, < c,.

The perceived utility of arc a, U,,, is assumed distributed (independently of the per-
ceived disutility of any other arc) as a non-negative shifted Gamma variable with
mean given by the arc cost (c,), variance proportional to the reference arc cost
(6,=0c,) and shifting factor given by the difference between the arc cost and the
reference cost (¢, - ¢,):

U,~ (ca fgz> +Gamma (au =g£/9,[3=9>

In other words, the arc perceived utility is the sum of a non-negative deterministic
term depending on arc flows and non-negative stochastic term independent from arc
flows. The assumption on link reference cost yields that the corresponding reference
cost on route r, w,, is strictly positive and not greater than the systematic utility cost,
w,. Thus, the perceived utility on route r is marginally distributed as a non-negative
shifted Gamma variable.

U, ~ (w,. —m£> +Gamma (a,. :yi/a,é :0>

The described specification leads to an additive choice model if the variance param-
eter @ and the reference arc costs do not vary with arc costs.

The resulting model presents a route perceived utility vector distributed as a non-
negative shifted MultiVariate Gamma with variance—covariance matrix proportional
to route reference cost through the parameter 6.

In conclusion, the Gammit model allows simulating heteroscedasticity and
taking into account the covariance between overlapping routes. Indeed, the vari-
ance for route r is proportional to the reference cost w,, whilst the covariance
between two routes is proportional to the reference costs of arc shared by the
two routes.
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Gammit path choice probabilities cannot be expressed in a closed form, and their
computation requires simulation techniques such as MonteCarlo method.

Updating choices in route choice modelling

On the generic day g # g-/ the user elaborates his/her experience from the previous
day, past experience and any information which is supplied exogenously, and rede-
fines his/her own trip behaviours. In general an indifferent behaviour and an active
behaviour may be distinguished.

Under the assumption of indifferent behaviour, the user does not question the
choice made the previous day in the same context (purpose, OD, time slice) and
hence does not update the previous day’s behaviour or the characteristic variables,
such as level of service attribute, on which the previous day’s choice behaviour was
based. Under this hypothesis, the user repeats his/her holding choice according to the
paradigm proposed for day g’; no evolution occurs between one period and the next
unless there is an information system.

In the case of active behaviour, the user analyses and elaborates experiences dur-
ing the trip on previous days (from g to g-1), receives information on the current day
and evaluates whether to behaviour in the same way as day g-1.

In general, a choice updating process can be defined, and in which we distinguish:

(a) the analysis phase and
(b) the choice phase.

In the analysis phase the user analyses the choice already made the day before by
comparing experience and prediction and the choice by comparing personal experi-
ence with the possible available alternatives perceived (or supplied by an informa-
tion system). Then, in the choice phase, the user decides whether to reconsider all the
behaviours which led to the final choice, or only some them and, finally, takes the
choice for the next period.

In specifying a theoretical paradigm, there are two major issues:

(i) simulating cost updating, in other words, simulating how experience and
information on costs for the previous and current days affect current choices and

(ii) simulating the phenomenon of choice updating, that is, how choices in a day are
affected by choices made on previous days.

Costs and choices may be updated using models that simulate choice behaviour in
day g (in a certain cost configuration), cost updating models and choice updating
models (for further details, see Cascetta, 2009).

The cost updating model simulates the way the predicted utilities vector are
affected by the costs on previous days. Costs relative to the previous days may be
the result of direct experience or they may be representative of information obtained
before undertaking the trip.

A simple example of cost updating model is defined by means of an exponential
filter in which utility predicted at day g is expressed by a convex combination of
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predicted utility on the previous day g-7, v¢”/, and of the opposite of route costs

incurred on day g-1, —w%’:

v =—pws Ly (1-p) u,* Wod

where # €]0,1] is the weight attributed by users to costs that are occurred on day
g-1; with # =1 the predicted cost coincides with the costs incurred on day g-/, and
the costs of the days even before do not affect user behaviour.

As regards the specification of the choice updating model, it is necessary to sim-
ulate how daily choices are influenced by previous days’ choices. The most general
approach may be expressed by a matrix, known as the matrix of conditional choices,
with as many rows and columns as there are routes and whose elements define the
percentage of conditional route choice, that is, the percentage of users choosing route
r on day g, having chosen route r on the previous day, g-1.

As with cost updating, an efficient model of efficient choice updating may be
defined by means of an exponential filter. It hypothesizes that every day a fraction
of users (1 — @) repeats the choices of the previous day, while the remaining part («)
chooses independently of the choice actually made the previous day. At day g let p$
€]0,1] be the probability of a user choosing route r having reconsidered the choice
made the previous day, g — 1, and ¢¢ be the probability of the user choosing route r on
day g, it yields:
af=aps+(1-a)-¢*"!

In this approach a €]0,1] is the probability of a user reconsidering the choice made
the day before, g-/. It may be estimated using regressive non-behavioural models or

behavioural models. Probabilities p¢ may be simulated with a model derived from
random utility theory as a function of utilities predicted for day g.

Switching choices in route choice modelling

The choice behaviours are termed switching (Ben-Akiva and Morikawa, 1990) when
the choice occurs over an alternative which can be considered as a reference alter-
native and treated differently from others (e.g. the reference route, previous day’s
choices, etc...).

A possible modelling solution consists of the implementation of random utility
models, possibly combined with a bounded rationality approach that leads to sto-
chastic thresholds.

Switching choices may occur at the origin of the trip (node o) or at a diversion
node (node ¢). In the former case the user may switch from the pre-trip choice made
in the previous day (g-1), in the latter case the user may switch from his/her pre-trip
choice to different solution.

In defining the utility function we consider as an attribute the difference between
preventive route travel time (from origin o—or node g¢—to destination d) and the
travel time of the best route connecting o (¢) and d. The problem consists in estimat-
ing the probability of users changing his/her pre-trip choice. This probability, below
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indicated as the probability of switching, may be expressed as the probability that the
time saved exceeds the maximum of the two stochastic thresholds (/NT)):

- threshold 1, which is the threshold below which the user does not modify his/her
choice and

- threshold 2, which is the of total travel time beyond which the user is believed to
consider the hypothesis of changing his/her preventive choice.

User makes his/her route choice preventively to travel from origin o, or from diver-
sion node ¢, to destination d. Once the choice has been made, a route r (in a reference
route approach) or a strategy I (in a strategy approach) is identified (each with non-
zero probability).

Hence it is possible to define with regard to a time interval ¢ (subsequently
neglected):

UTTP, ,, is the utility associated to route r (or to strategy Ix) relative to origin o
(ore node ¢) and destination d;

UTTM,,,, 1s the utility associated to the shortest route s between node origin o (or
node ¢) and destination d.

The difference between the two costs gives the saving obtainable from adopting the
minimum route instead of route r or strategy Ig: UTTS, ,q=UTITP, ,u — UTTM; ,,.

The user changes his/her route if, and only if, the saving in terms of perceived
utility exceeds an indifference threshold (AINT,,;) which may be deterministic or
stochastic.

Following a deterministic approach the phenomenon of switching may be sche-
matised by a binary variable, ¢, ,,, which is equal to 1 if the user changes his/her
preventive choice, 0 otherwise:

br.a=0if 0 UTTS, ,q <AINT o

@, ,q = 1 otherwise
Assuming a stochastic approach, diversion probabilities are thus defined:
Pr[e, ,q=0] = Pr[0 < UTTS, 0q < A INToq] = p[dy 00 =1] =1 —p [y 0q = 0]

In both cases it is necessary to make both UTTS , j;,; and AINT,, explicit.

As regards the estimate of UTTS,. ,, the problem basically entails the estimate of the
maximum utility (or minimum route cost), UTTM; ,,, from origin o (or node ¢) to des-
tination d. UTTM,,, in turn may be the maximum utility (minimum route cost) per-
ceived by the user at node o (or node g), possibly different from the preventive one.

In the first case, the user observes and elaborates the traffic flow and re-elaborates
his/her trip costs. Specification of such an attribute requires an easy implementation
of a model of travel costs. The main difficulties concern the need to have a signi-
ficant number of test observations and reliable measurements of vehicle flow
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characteristics at the time of the interview. Unlike many studies developed in sim-
ulation laboratories, in this case it is hard to reproduce in a virtual environment the
perturbations and sensations that can be perceived in a real context.

Under the assumption of exogenously supplied route costs, the problem may be
seen as one of minimum route cost estimation, which may be expressed by one of two
approaches:

(a) instantaneous: according to the transportation system characteristics at the
moment of the switching choice and

(b) predictive: based on forecasts of network future conditions so that it is congruent
with the cost that the user will encounter along the way.

As already specified above, instantaneous information is based on the network flow
configuration at the moment when the user moves from origin o, or arrives at diver-
sion node ¢. In this case the user is supplied with instantaneous information which
does not predict system evolution over time. The benefit lies in the greater simplicity
in calculating level of service attributes; the main drawback lies in the incongruence
of information against the costs that the user will actually encounter along the way.
Non-congruent information may cause indifference to information, or may render
the day-to-day evolution of the system highly unstable, thereby distancing the system
from equilibrium. In addition, this kind of information may cause the user wander
through the network without reaching intended destination. For all these consider-
ations the instantaneous approach is not much considered in literature.

Predictive information may be obtained by simulating: (a) the evolution of the
current system without route diversions, (b) evolution of the system allowing for pos-
sible diversions. The first hypothesis, undoubtedly less computationally burden-
some, leads to costs which are not necessarily congruent with the costs that the
user will encounter up to destination. The second hypothesis, at least in theory, guar-
antees congruence between the costs supplied to the diversion nodes and costs which
the user will encounter on the network. The computational burden of such a solution
is not banal, especially in the presence of many diversion possibilities, above all in
light of the need to ensure information in real time.

As regards the estimate of the interval of indifference (AINT,,), it may be repre-
sented as a deterministic variable or as a random variable. In the former case, the
upper limit of the above interval may be estimated through test observations and con-
solidated statistical techniques. In the latter case AINT,,; is assumed characterised by
a known distribution function with parameters that can be estimated using the usual
statistical inference techniques. The latter approach, which is definitely preferable,
allows for the heterogeneity among the perceptions of various users (cross-sectional
heteroscedasticity), the heterogeneity among the various perceptions of the same
user due to explicitly not easy to simulate factors (longitudinal heteroscedasticity)
and some estimation errors of level-of-service attributes which combine to define
travel costs. Generally, the band of indifference may be expressed as the maximum
of two deterministic or random variables:
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A[NTod = max (I’]Od TTPOd, ”od)

where 7,, is the percentage of the chosen travel cost TVP,, of the route which the
user believes significant to change his/her choice. z,; indicates the minimum time
that user expects to save following a change in his/her preventively chosen route.

In practice the user, to be able to change his/her preventive choice, wishes to per-
ceive a time saving greater than, or equal to, part of the current travel time and, at any
rate, no less than a minimum threshold.

In the case of the random interval of indifference, it is reasonable to assume 7,4
and 7, as two random variables, characterised by a systematic component and by a
random component:

MNoa = ¢( SE, LoS,q, 9) + god

Zod = O(SE, L0S.4, 0) + oy

where SE is a vector of socioeconomic attributes; LoS,, is the vector of level-of-
service attributes concerning the pre-trip choice; @ is the vector of parameters to be
estimated of functions ¢ and ¢; and &,, and {,; are the random components.

Also in this case, it may be assumed that the probabilities of diversion are inde-
pendent or dependent among themselves. In the latter case the probabilities of diver-
sion may be expressed as the probability of diversion conditional upon have made a
diversion at the previous node, that is, have already affected a diversion during the
current trip.

The problem may be tackled by a modelling approach, specifying models that
take into account the correlation between choices made at different times (e.g. Probit
or Mixed-Logit).

Diversion choices in route choice modelling

The Analysis of behaviour at the diversion node is important within a mixed preven-
tive/adaptive approach.

On the basis of the trip behaviour and the type of alternative (route, strategy or
reference route), the choice set (exhaustive vs. selective) and the choice made (route
or strategy chosen), the user begins his/her trip and starts to acquire information from
experience or from the information system if any.

Users compare what they know from past experience with what they observe (in
real time) and with what they receive, and begin to build expectations regarding the
network functional characteristics and, especially, those of the reference route or
strategy. Downstream of this process, once a possible diversion node has been
reached, users decide whether to change their own reference route, or choose how
to continue the trip within the preventively chosen strategy.

In the strategy approach it is supposed that the user, at each diversion node
belonging to the strategy, chooses which arc (or sequence of arcs up to the next diver-
sion node) to follow in continuing his/her trip. Such decisional behaviour may be
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schematised as a holding choice between a set of alternatives known a priori whose
costs may differ from those perceived at the beginning of the trip both in terms of
values and quality.

In the reference route approach, there are two choice dimensions to be revisited:

(a) the definition of the choice set and
(b) the choice of a new reference route.

The diversion node becomes the new origin and a behaviour similar to that described
in the previous sections may be assumed. If information systems exist, choice behav-
iour may be strongly affected as the type of information varies.

In the presence of descriptive information (e.g. travel time, congestion rates, etc.),
users may choose among the available route from the diversion node to the final des-
tination. In this case a holding model can be adopted, with the only difference that
each user will have a better knowledge of the current network conditions and will
choose combining past experience and personal forecast of route costs. It can be
expected a less dispersed behaviour, since the users may have a reduced (or more
crisp) choice-set and more accurate information on network conditions. In this case,
a holding choice model should be specifically calibrated, since different dispersion
parameters are expected.

In the presence of prescriptive (or mixed) information, users may choose to com-
ply or not comply with the proposed solutions, if alternative to the reference route.
To this aim two approaches may be pursued: (i) with complete rationality, (ii) with
bounded rationality. The complete rationality approach is founded on the utilitarian
paradigm, the same adopted for the preventive choice behaviour. The bounded ratio-
nality approach assumes a behavioural paradigm for which the user does not change
his/her preventively chosen alternative as long as the variation in perceived utility
stays within an interval of indifference.

Both types of behaviour are significantly affected by the part of the trip already
undertaken and according to the diversion behaviours adopted hitherto.

Reaction to information in route choice modelling

Simulation of the degree of compliance to the supplied information is important for
realistic simulation of route choice behaviour in the presence of an information sys-
tem. As the type of information varies, we may distinguish three approaches to
modelling compliance to information as described in the following.

Explicit model of adaptation to information

In the presence of prescriptive information, the approach simulates the user’s com-
pliance to the information (that is, the probability of complying), as binomial choice
behaviour, based on random utility theory and in which the utility of the alternative
of not adapting is assumed zero. Under this assumption the problem may be formu-
lated as follows:
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Pr[6=1]=Pr[U, > 0] = Pr[£, > v,]

where 6 is a binary variable with the value of 1 if the user follows the indication
supplied; Pr[6=1] is the probability to comply to the information, also called com-
pliance rate; U, is the utility perceived to comply to the information; v.=v.(SE,
LoS): is the systematic utility associated to the alternative, SE being socioeconomic
variables and LoS the level of service variables; and &, is the associated random
residual.

Several modelling solutions may be adopted, which must in any case take into
account that the phenomenon is a succession of correlated choices over time
(day-to-day) and in space (with respect to possible diversion nodes), and that there
may be relevant behavioural dispersion.

If user choice perceived utilities can be assumed to be independent of one another
over time and space, the most effective modelling solution is a binomial Logit model.

To take into account the correlation among different day and/or different diver-
sion (decision) nodes, it is necessary to interpret the phenomenon according to a
process of choice from a discrete number of alternatives which is no longer binary.
Let us suppose that each diversion (origin) node is a decision node ¢ and that each
node has a time index representing the generic day g. At each node (g), at day g, the
user associates a perceived utility u?® and makes a binary choice. The choice prob-
ability is a probability conditional upon the choices already made at the other deci-
sion nodes and/or on previous days. The problem may be also approached by
introducing some error terms (Probit or Mixed-Logit model) which allow simulation
of correlations between utilities of the same node but referring to different days, or
between utilities of different nodes but crossed on the same day.

An alternative approach may be based on the theoretical paradigm of bounded
rationality and on switching models.

Implicit model of adaptation to information
In the presence of prescriptive user information, reaction to information may be sim-
ulated as a holding choice introducing information within systematic utility
functions.

Let:

q be the decision node (origin or diversion node);

R, be the set of possible alternatives to reach destination d starting from ¢ (the
choice set may be exogenously supplied and/or defined by the user);

ch, be the pre-trip chosen alternative;

q

b, be the best alternative (possibly supplied by an information system), it may
be equal to ch,; and
h, be one of the remaining choice alternatives (h,#b, ch, € R,).

The user’s behaviour can be schematised as a choice between: alternative b, alter-
native ch, and the remaining alternatives h,,.
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Following an approach based on random utility theory, to each alternative a per-
ceived utility function may be associated:

Ung = Vg +EngVhy # by, chy
qu = Vbq + ghq

Uchq = Vehg + 5(}14

Although different modelling solutions could be hypothesized, the most effective is
the Mixed-logit model. Since alternative b, is supplied by an information system, it
is considered different by the user and it should be modelled differently. This
can be schematised by introducing a component of utility (latent variable), U,
in formulating the perceived utility function of alternative b,. Such component
measures the degree of user adaptation to the information, if zero there is no
reason why the information supplied should increase the utility of the alternative
indicated. Hence:

Ung =Vig *+&ngVhq # by, chy
Ubg =Ul,pq + Uz,bg = V1,6 + Epg + Varbg + 1y

Uchq =Veng t 5('(1

where U, is sum of systematic utility, v, 5,, and a random residual, #,,,, which in
turn permits us to simulate the heteroscedasticity of utility Uy, in any case. While the
systematic utilities (V7 pg, Viig» Veng) €Xpress the typical characteristics that affect the
route choice (e.g. socio-economic, level of service variables). The systematic utility
V2 pg» in turn, may be expressed as a linear combination of variables representing the
degree of adaptation to information.

The degree of user adaptation to the information should be calibrated, four types
of variables may be reasonably used:

(i) variables representing past user experience (e.g. observed delay on previous
days following information or otherwise);

(ii) variables representing the quality/reliability of information (e.g. dispersion of
travel time supplied);

(iii) variables representing the network congestion level (usually represented by
aggregate measures for crossed links or by symbolic variables calibrated
ad hoc);

(iv) variables representing the benefits to be gained by adaptation to information
(e.g. travel time saving supplied together with the information but also total
travel time);

(v) socio-economic variables.
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As regards the probability distribution functions of the random residuals (&g, Ecpgs
&1q), they could be differently distributed in order to simulate the heteroscedasticities
among the alternative’s utilities.

At this point it may be worth studying the two possible situations separately:

(b,=ch,), if the best route coincides with the route currently chosen;

(b, #chy), if the two routes do not coincide.

In the former case (b,=ch,) it can be useful to introduce an error term which
simulates heteroscedasticity between the two groups of alternatives (b, and 4,). In
the latter case (b, #ch,), by the same token, it could be worth introducing an error
term which simulates the correlation between the utilities of alternatives ch, and h,,
in that they are not affected by the adaptation phenomenon.

Together with the adaptation phenomenon, the inertia phenomenon can be
simulated implicitly, i.e. what induces the user not to change his/her preventive
choice.

Since inertia affects the choice, it is correct to introduce into the perceived utility of
the preventively chosen alternative a latent variable that simulates the dis/utility that
the user attributes to abandoning his/her choice. As with the above case, a Mixed-Logit
model seems to be the best option, and the perceived utilities have similar formulation.

If (b, # ch,), it is hypothesized that the utilities of alternatives h, # (b,, ch,) and
ch,, by means of an error term 7, are correlated as they are not characterised by infor-
mation and lastly, that the utilities of alternatives h,# (b,, ch,) and b, are correlated
by means of the error term @, since they are not characterised by inertia:

Ung =g+ &g + 0y +7,Yhy # by, chy,
Upg =Vpg+Epy + g

Uchq = Ul,(‘hq + U2,(:hq =Vi,chg t gchq TV2,0hg T Neng T

Also in this case, it is possible to assume the same four types of variables described
above for compliance models and make the same considerations on the residuals and
the possible correlations existing.

Explicit model of the cognitive process to acquire and use the information
The process underlying route choice in the presence of an information systems may
be expressed as follows:

(@) the user acquires the information,

(b) the user decides to use it, and

(c) the user chooses on the basis of the acquisition process and the use of
information.

While issue (c) may be addressed through the modelling approaches introduced
before, issues (a) and (b) are worth of interest in the presence of different information
systems.



APPENDIX A Discrete choice modelling 235

Let be:

@ is the generic source of information (e.g. variable message panels) and that /,,
is the set of all the available sources of information;

U,, 1is the perceived utility associated to acquiring information of type ¢;

U,, 1is the perceived utility of using the information of type ¢;

a, is abinary variable which has the value of 1 if the user obtains information
from source ¢, 0 otherwise;

r, 1sabinary variable which has the value of 1 if the user refers (thus use) to the
information received from source ¢ in the process of choosing his/her route,
0 otherwise.

»

The user’s decisional process can be schematised assuming a hierarchical structure in
which the user first chooses to acquire information from the source ¢, then decides to
refer to it (or use). In this case, the phenomenon may be modelled as the probability
of acquiring information multiplied by the probability of using it, conditional upon
having acquired it.

Prla,.r,| =pla,] -p[r,/a,]
Adopting the Utility Theory, the user uses information ¢ that he/she receives (a,=1)

and uses it (r,=1), if perceived utilities U,, and U, exceed two threshold values
Ty, and T,

—acquire if Uy, > Ty

—refertoif U,, > T,

where U,,, is the perceived utility to acquire information from source ¢; U,,, is the
perceived utility to refer to information from source ¢; T, is the threshold relative to
the acquisition process and may be expressed as a random variable consisting of a
systematic part 7,, and a random residual 7,¢; and T, is the threshold relative to
the process of information use, and may be expressed as a random variable consisting
of a systematic part 7,, and a random residual .

Thus Pr[a,, r,] may be written as follows:

Prla,] = Pr[Usy > Tap| = Pr[Vay+ €y > Tap +1ay) = Pt [Vap — Tap > M0y — Eap

Prlry/a,] =Pr[Us, = Typ] = Pr[Vyy+ &1y 2 0+ L) = Pr[Vip =70y 2, = &,
The perceived utilities may be expressed as follows:

Uap =Zm (Wmtﬂ ‘/1’") +Zp (7/171/1 ’ lrip{)lf') *Sap

Ul‘(/) = 2rl (}/n(p . lripnq)) + Zq (5%’ : mq(/’) + f"(/’

where 4, is mth latent variable that measure cognitive involvement and the capac-
ity to process information (see Section A.1.2); t7ip,, ) is the nth (pth) variable
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characterising the trip made up to that moment or the user’s past experience on the
trip he/she is about to undertake: e.g. trip purpose, route characteristics, level of con-
gestion encountered along the route or expected in the past days. In general, the
choice of acquiring and referring to information may be expressed as a function
of benefits that the user may obtain (or have obtained in the past) from the same infor-
mation (e.g. travel time saving). m,,, is the gth variable characterising the source of
information @: e.g. type, acCcuracy. W, ¥ue» 04, are the systematic utility parame-
ters; and &,, and ¢&,, are the random residuals of the perceived utilities.

Assuming that the random residuals ({,¢, &r¢» Hag, £ap) are Gumbel i.i.d. random
variables, the probabilities may be formulated as the product of two MNL models,
but different choice models can also be adopted.

The hierarchical structure specified may also be extended to the choice of the
alternative. In this case a mathematical formulation which is internally consistent
with a behavioural approach can be obtained.

Random utility models for departure time and route
choice modelling

Route choice may be strictly correlated to departure time choice process, and this
issue is particularly relevant in dynamic traffic assignment frameworks.

Usually elastic demand and rigid demand profiles can be distinguished.

In rigid demand profile models, it is assumed that the distribution of demand
flows over departure times is known and independent from variations in travel
times. It follows that path is the only choice dimension considered given a
departure time.

In elastic demand, the flow of users following a route r connecting a generic od
pair and starting at time 7 can be estimated simulating in addition to path, departure
time choice given the desired arrival time at destination, z,, or the desired departure
time from the origin z,,.

Let:

DPoark(t/Tg)  be the choice probability of time 7 and route r, given the O-D pair od
and the desired arrival time 7

v(t/t;) be the systematic utility of route r and departure time 7z, given the
desired arrival time 7,

v,(7/t,) be the systematic utility of route r and departure time 7, given the
desired arrival time 7

T be the simulation interval in which the departure time choice may occur.

v,a(t/ty) be the vector of systematic utilities relative to all the paths connecting
the pair od, r€ R, for a given departure time 7 and desired arrival time 7.

Choice probabilities of departure time 7 and route r are usually expressed with ran-
dom utility models as a function of the systematic utilities of available path-departure
time alternatives:
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Dod,r (T/Td) =Pod.r (Vod(T’/Td)’ VT’)

Such models are usually “single-level” random utility models with mixed continuous
(departure time)/discrete (path) alternatives, or partial share models.
Usually different sequences may be adopted.

(1) poaa/ta) = poa(t/ty) Poalr/z,z,

where p,,, (t/7;) is the product of the probability to choose route  given the depar-
ture time 7, and the probability to depart at time 7.

(2) poa’,r(T/Td) = POd[’"] pnd(T/rde)

where p,q, (z/ty) is the product of the probability to choose route r, and the
probability to depart at time 7 given the route 7.

With regard to the specification of departure time choice model p,;.(7/7,),
continuous or discrete approaches may be adopted.

In the continuous approach, a simultaneous Multinomial Logit model may be
adopted:

Podr(2/74) = exp <v,-<r/rd>>/zr»ekj exp(v (7 ) d

In the discrete approach, users do not choose among an infinite number of departure
instant (z;), but rather among a finite number of times intervals (e.g. 5 min long). Dis-
crete departure time models can be adopted for the continuous flows assuming that
that actual departure times are uniformly distributed within the chosen interval. In
this case the probability of leaving at time z(j), within interval j, and following path
r computed with a Multinomial Logit model would be:

Pod.r (%j/7a) = (exp (v/(2j/7a)) /2 Erer (exp (v (7 /7a)) /T

However, departure time and path choice probabilities can be expressed through
different discrete choice models depending on the type of choice set. For instance
Multinomial Logit specification as introduced before, but also through ordered
choice models (Small, 1987) or hierarchical specifications able to introduce a
correlation structure among adjacent departure intervals (e.g. with a Cross-
Nested Logit).

Finally, it can be useful to highlight that some dynamic assignment models pro-
posed in the literature assume deterministic utility departure time and route models.
In this case, as for static systems, choice probabilities cannot be expressed in closed
form as may exist several departure time/route alternatives with equal systematic
disutilities.

With regard to the systematic utility functions, together with route attributes (usu-
ally Level of Service), attributes representing the penalty for arriving early or late
with respect to the desired arrival time. In particular:

« the penalty, E,, related to early arrival with respect to z,, departing in 7 and
following route r. This penalty is considered only if the early arrival is above
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a minimum threshold 4., and it is usually expressed as function of the travel time
on route r at time 7, TT,(7):

E (1,74 TT,(7)) =14 —Ae — (t+TT,(7))if ty — A, — (t+TT,(z) >0

= O otherwise

» The penalty, L,, related to a delay with respect to z,, departing in 7 and following
route ¢. This penalty is usually considered only if the delay is above a minimum
threshold A,, and it is usually expressed as function of the travel time of route  at
time 7

L. [t,tq, TT,(7)| =7+ TT,(7) — 74 — A;if e+ TT,(z) — 7, —4; >0

= (0 otherwise

For both penalties, deterministic or stochastic approaches may be pursued; moreover
perfect rationality o bounded rationality approaches may pursued, however to
address such an issue the reader ay refer to the considerations and approaches dis-
cussed in Section A.2.6.

The problem can be also expressed in terms of desired departure time 7, from
the origin. In this case the probability p,., (7/7,) can be expressed in a similar manner
of p,u, (z/7,), but with different specification of the systematic utility functions.

Indeed, the desired departure time from the origin z, is function of a scheduled
delay, but in this case the scheduled delay does not depend on the route travel time
TT,(7). Two kind of penalty may be considered:

+ the penalty, E, related to early departure with respect to 7, departing in 7, usually
considered only if the early departure is above a minimum threshold A,.

E(t,7,)=7,— A, —7if 1o — A —1 >0
= O otherwise

» the penalty, L, related to a delay with respect to 7,, departing in 7, usually
considered only if the delay is above a minimum threshold A;:

L(t,to)=1—1,—4ift—7,—4;>0

= (0 otherwise

Fuzzy utility models for modelling traveller’s choice

Fuzzy utility models share the same hypothesis of Random Utility models except for the
assumption on uncertainty paradigm. Instead of the probability theory, perceived utility
as arandom variable, the uncertainty is modelled within the possibility theory, perceived
utility as a fuzzy number (see mathematical notes 2 for further details).
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Possibility theory allows taking into account two types of uncertainty: dispersion
(due to contrasting alternatives) and imprecision of information (or data) available to
the users (or to the modeller).

Most existing approaches to simulate uncertainty in choice behaviour through
fuzzy numbers are based on ranking indices: given a set of fuzzy numbers, a crisp
number (ranking index) is associated to each of them, so that the fuzzy numbers
can linearly be ordered. The most effective indices seem those proposed by
Dubois and Prade (1983). Once the value of the ranking index has been computed
for the fuzzy number describing the perceived utility of each alternative, an estimate
of the choice share for each alternative is obtained from the values of the ranking
index. Henn (2002) presents a review on this approach (see also Henn, 2000;
Binetti and De Mitri, 2002). Approaches based on ranking indices may lead to some
counter intuitive results, as argued also by Henn (2002).

To overcome these limitations, a different approach, coherent with the Utility
Theory may be pursued assuming that the perceived utility is modelled through a
fuzzy number, leading to the fuzzy utility theory and to fuzzy utility models
(FUM). Fuzzy utility models may be specified assuming that.

a. Each user (of a class of homogenous users) of a transportation system.
al considers a set of alternatives,
a2 gives each alternative a value of perceived utility, and
a3 chooses the alternative with the maximum value of perceived utility
(homo-economicus assumption);

b. The perceived utility of a mode is modelled through a fuzzy variable due to
several sources of the above-mentioned uncertainties. Let.

R be the choice set, containing all the available alternatives, it is assumed
non-empty and finite, with m=|R ;

U, be the perceived utility associated to alternative r € R=1{1, ..., m},
considered a fuzzy number with fuzzy distribution function (fdf) py(U,);

v, 1is the core value of the fuzzy distribution function;

q,>0 be the choice possibility associated to alternative r, with max, ¢,=1;

z,>0 be an estimate of the choice fraction associated to alternative r, with >,
z.=1, hence, they be considered as a probability distribution.

FUM can be formulated by defining the maximum perceived utility fuzzy distribu-
tion (defined from the perceived utility fuzzy distribution of each alternative as for
RUT) and defining the possibility that the perceived utility of an alternative be equal
to the maximum value. Then, choice fractions are deducted from choice possibilities,
which model both non-specificity and discord, through a transformation which pre-
serves the total amount of uncertainty considering choice fractions as a probability
distribution.

FUMs allow estimating choice fractions as a function of the core values of the
alternatives perceived utility (v) and of vector of parameters .
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z=2(v;0)

The specification of a FUM requires to address 3 main issues:

(i) the definition of the choice set,
(ii) the specification of systematic utility function, and
(iii) the identification of the most effective choice function (fuzzy distribution
function).

Choice set definition

As regards the definition of the choice set, the same considerations introduced in
Section A.l.1 hold for a FUM, thus no details are reported. In particular, it could
be useful to point out how the perception/availability approach is consistent with
the overall fuzzy utility theory.

Specification of the systematic utility

As for RUM’s, the application of a FUM requires that the core value, v,, of each
choice alternative r be specified as a function, v,=v(x,; ), of attributes, x,,
measured or assumed for a design scenario. A linear expression is commonly used:
V,.:Zj Y Xyje

With regard to the attributes to use, the same consideration introduced in
Section A.1.2 hold.

Distribution of perceived utility and choice functions

As for random utility models, FUM can be formulated by defining the maximum
perceived utility fuzzy distribution and defining the possibility that the perceived
utility of an alternative be equal to the maximum value.

Choice possibilities, g,, can be obtained from the perceived utility fdf, py,(u,), of
each alternative, r, through a two-step procedure.

The (possibilistic) maximum perceived utility, U4y, can be defined by repeat-
edly applying the fuzzy MAX operator (it can equivalently be defined by the general
expression of the maximum of several fuzzy numbers):

Unmax = U

UMAX = MAX (UMAX’ Ur)Vr Z 2

The possibility that any alternatives is chosen, say it is a maximum perceived utility
alternative, is given by:

qr =Pos(U, = Upax ) = max min {uy, (), pymax (x)} € [0, 1]Vr > 1

It should be noted that at least one alternative will have a choice possibility equal to
one, say max, ¢, = 1, thus a n-valued discrete possibility distribution is obtained.
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Choice fractions, s,, can be obtained from choice possibilities (g,) by applying a
general possibility-probability (P-P) transformation, p=p(q), between a possibility
distribution, q, and a probability one, p.

Such a transformation is called consistent if the corresponding components of the
two distributions are ordered the same way, p; > pr+1 < qr > qr+1- Generally, infinite
many consistent transformations may be devised, such as the power transformation
which assures existence and uniqueness of transformation (in both directions). The
following equation, which assures both normalisation constraints, is usually adopted:

= q"l/a/ZheR a'lvr > 1

where 0 <a <1 assures a consistent transformation.

For example, for two alternatives, probability and possibility definitions yield: p;,
p2 €[0,1], p;+p2=1orp;=1 - p,, and q,;, g2 €[0,1], max{q,, g>} = 1. Due to nor-
malisation, a consistent P-P transformation is expressed by any relation p, =p,(q2)
for which both p,<0.5(since p,<p; & ¢<g;=Dand p,<g, (besides
pr<q;=1) hold.

The successive application of the above presented equations lead to a relation
between the choice share vector (z), the central value (core) vector v and the vector
of parameter 0.

s=s(v;0)

The explicit expression of this relation depends on the assumptions adopted about the
perceived utility fuzzy distribution (fdf) as well as the values of its parameters (such
as values of the variability index).

Also for FUMs, different formulations may been derived and it is possible to
introduce a classification based on the possible assumptions that can be made on
the fdf of the perceived utilities.

Usually a fdf can be described by a specific shape (e.g. triangular), by a core value
of v,, by width and/or shape parameters. In general, perceived utilities can be iden-
tically distributed among alternatives or not identically distributed among alterna-
tives. In this case, differently from RUMs, two families of models may be
obtained by the combination of the above hypotheses: homoscedastic or heterosce-
dastic models.

To this aim the following fuzzy distribution functions have been adopted in
practical application:

+ triangular symmetric—generic: characterised by the core value, and by equal
width for the right and the left sides;

 triangular symmetric—specific: characterised by the core value, and by the same
widths for the right and the left sides;

+ triangular asymmetric—generic: characterised by the core value, and by different
widths for the right and the left sides.

The last allowing to take into account heteroscedasticity between alternative
perceived utilities.
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The parameters, s, of the core value function, as well as other parameters for the
fdf (such as the ratio between left and right widths, w; /wg, for asymmetric triangular
fuzzy distribution function), are calibrated trying to reproduce a sample of observa-
tions about user choices (disaggregate) and/or demand flows (aggregate).

Any distance function between observed and modelled values, such as the most
widely used Euclidean one, can express how well the observations are reproduced by
a set of parameters; the minimum of the distance function leads to the estimates of
parameters. (this approach can also be adopted for RUM’s, which are usually cali-
brated through maximisation of log-Likelihood.)

It should be noted that if all the choice possibilities are independent of any linear
transformation of the core value utility, a scale parameter cannot be identified.

As it occurs for models derived from random utility theory, if all the parameters
of the descriptive functions, but the position index, do not depend on the position
index itself, the choice possibilities are independent of any (crisp) linear transforma-
tion of perceived utility, say U,” =a+b-U,, in other word any change of utility origin
or scale does not affect choice shares, as usually assumed in economic-based choice
behaviour theories.

In conclusion, it should be highlighted that FUM have been implemented to mode
choice contexts, but several issues are worth of further research work before a fully
consistent fuzzy utility theory could be considered acquired, namely:

- models resulting from different fuzzy distributions of perceived utility, such as the
beta fdf, which also includes a shape parameter (besides the core, the left and the
right widths), but requires a numerical computation of Upyax;

- fuzzy vector distributions to model similarity between perceived utility of pairs of
alternatives,

- analysis of mathematical features, such as continuity and monotonicity, of choice
fractions from FUM against core values;

- calibration method;

- algorithms for application.

Finally, specific solutions should be formulated for modelling the correlation across
perceived utilities (usually related to alternatives that are similar and/or that share
same characteristics) and/or the correlation over time of user choices.

Neural network for modelling traveller’s choice

A different approach to travel demand and to travel choice analysis based on artificial
neural network models has been proposed by several researchers (a review in
Cantarella and de Luca, 2005a; Karlaftis and Vlahogianni, 2011) and has showed
excellent capability to simulate choice behaviour.

Artificial neural networks (ANNs) were first developed as a simplified model
of the neural tissue which made up animal neural systems. According to this



APPENDIX A Discrete choice modelling 243

biological metaphor an ANN may be considered a modelling function made up of
sub-modelling functions, namely the called neurons, and in this sense it may be con-
sidered a parallel distributed processing (PDP) model. As such they are capable to
generalise a phenomenon starting from experimental input—output pairs of data
(supervised learning).

Formally, a parallel distributed processing (PDP) model is a function made up of
several sub-functions or basic processing units (PUs) working as follows. At each
PU, k, first a linear transformation of the upstream inputs is performed: namely each
received input, ;, is weighted, w - x; all weighted inputs are summed up, > ; up «
wjr-X; and added to a constant (usually called bias), by, leading to z; = Zj Wik Xj+by.
Then, an activation function is valued, y,=q(z;). Finally, the output value y; is
forwarded to downstream PUs, (Fig. A.2).

Output processing units supply their outputs to the model-user, whilst input pro-
cessing units just receive their inputs from the model-user during the model appli-
cation and forward them to the downstream PUs without any transformation (so
far, they actually do not perform any process). All the other PUs are called hidden
processing units, since the model-user does not see them (of course the model-
builder is well aware of them). The layouts can be described by a digraph, with a
node for each PU, and an arc for each pair of connected PUs.

A multilayered feedforward network (MLFFN) is obtained when the layout can
be described by a multi-level graph, where all PUs are grouped into layers, and the
layers are sequentially ordered from the input one to the output one so that each PU is
only connected with all those in the upstream layer (if any) and in the downstream
layer (if any) but not with those in the same layer, Fig. A.3. This architecture is the
most used ANN models for classification and non-linear regression analysis as well
as choice analysis.

According to these assumptions, a MLFFN should be considered a black box
model of the relationship y =wy(X; w, b), between attributes X and users’ choices
y, and not an explicit model of the cognitive processes underlying user choices.

Traditional MLFFN does not allow any interpretation, but a possible solution
may be achieved by specifying a utility based lay-out (Cantarella and de
Luca, 2005b).

Indeed, the proposed lay-out is made-up by two intermediate layers besides the
input and output ones (Fig. A.4), expressing the combination of two functions,

processing unit

FIG. A.2
A processing unit (PU) and its activation function.
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......................... ..
input hidden output
layer layers layer

FIG. A.3
A multilayered feedforward network (Kx 3 x 3 x 3).

input utility hidden output
layer layer layer layer

FIG. A4
Utility-based MLFFN architecture.

according to the utility-based approach introduced above, with the combination of
two functions:

v=v(x) utility function: from layer O to layer 1.
p=p() choice function: from layer 1 to 3 through 2.

[0] Input layer. This layer contains one PU mj for each attribute j (for instance: travel
time, monetary cost, ...) and each alternative m, it simply forwards the input value
X; (from the data-set given by the model user) to downstream PUs, without

processing it.
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FIG. A.5
PU of the utility layer.

[1] Utility layer. This layer contains one PU m for each mode m, which only
receives input values from the upstream input PUs mj corresponding to the same
alternative m (Fig. A.5). So far the input and utility layers are not fully connected.

Assuming the identity function as activation function, ¢(¢), the output, v,,, is
given by a linear combination of attributes:

Vi = ZJ ﬁmjxmj +ASAm

where f3,,; is the weight associated to the connection between input PU mj (attribute
Jj for mode m) and utility PU m and ASA,,, is the bias (constant) associated to utility PU
m (named after Alternative Specific Attribute from econometrics).

The provided output v, is formally analogous to commonly adopted utility func-
tion, quoted in the previous sub-section. Once parameters such as weights and biases
have been calibrated they may be given an interpretation.

[2] Hidden layer. The number of PUs in this layer is defined during the model-
building stage. Each PU n in this layer is connected to (receives an input from) each
PU min the utility layer (Fig. A.6). Assuming an activation function y(*), common to
all PUs in this layer, the output, y,, is given by:

Yn :){<Zm Ymn Vm +Cn>

where y,,, is the weight associated to the connection between utility PU m
(for mode m) and hidden PU n and c,, is the bias (constant) associated to hidden
PU n.

It should be noted that the calibrated weights and biases in this layer should
hardly be given a clear interpretation.

FIG. A.6
PU of the hidden layer.
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FIG. A.7
PU of the output layer.

[3] Output layer. This layer contains one PU m for each alternative m, which is
connected to (receives an input from) each PU n in the hidden layer. Assuming an
activation function y(*) with values in the range [0,1] and common to all PUs in this
layer, the output, p,,, is given by (Fig. A.7):

Pm=W¥p (Zn 6nm Y + bm)

where J,,,, is the weight associated to the connection between hidden PU 7 and out-
put PU m (for mode m) and b, is the bias (constant) associated to hidden PU n.
According to the proposed lay-out allows both the utility function and the choice
function are explicitly and separately specified, as in random utility models (RUMs)
within an econometric framework.
The specification of a ANN for discrete choice analysis requires to address 3 main
issues:

(i) the definition of the choice set,
(ii) the specification of systematic utility function,
(iii) the identification of the most effective choice function (fuzzy distribution
function).

Choice set definition

As regards the definition of the choice set, the same considerations introduced in
Section A.1.1 hold for a the ANN, thus no details are reported. However, it should
be noted that availability may be considered as a PU unit and availability may be
implicitly calibrated into the overall calibration procedure of the ANN model.

Specification and calibration of a neural network model

Given the choice set, R, in order to define a MLFFN model for user choice analysis,
one input processing unit is introduced for each attribute of each alternative, and one
output processing unit, giving a value in the range [0,1], is introduced for each alter-
native. In order to compensate for numerical errors, a normalisation stage is usually
carried out to ensure that the sum of output values (non-negative in any case) over all
the alternatives is equal to one. The input and output layers are connected by one or
more hidden layers.
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The specification of a MLFFN model requires to address the following main
operational issues:

(1) input attributes definition,
(2) selection of MLFFEN architecture: general or utility-based,
Besides assigning the meaning of input and output PUs, which depends on
the particular problem at hand, three items should be defined for a complete
specification of a MLFFN:

(@) number of layers, including the input and output ones, as well as some hidden
layers, conventionally numbered from O (the input layer) to N (the output layer);

(b) number of PUs for each layer k, say ny;

(c) activation function, usually common to all PUs in the same layer k, say @g(*),
clearly no activation function is associated to PUs in the input layer; commonly
adopted activation functions are:

- linear, say @(zp)=a+p z,
- logistic, say @(zy) = 1/(1+e” )
- hyperbolic tangent, say @(z;) = (e’ # - e” )/’ *+e” )

Usually, the parameters of the activation functions, say a and f in the examples
above, are chosen by the model-builder. The MLFFN parameters to be calibrated
include one weight for each connection and one bias for each PU except the input
ones, hence their number is > x—1 n (.7 X1)+> k=1 N M. Due to the high number
of parameters the possibility of over-fitting should be carefully checked.

Once specified the ANN architecture, the calibration can be schematised in the
following main operational issues:

(1) calibration and validation data-sets definition,

(2) error function to minimise,

(3) parameters (weight and biases) initialisation technique,

(4) number of epochs and of starting conditions (initialisations),

(5) selection of MLFFN architecture,

(6) computation of the parameters for the selected MLFEN architecture.

First of all, the available sample of observations (data-set) has to be split into the
calibration data-set, and the hold-out or validation data-set, which is set aside to carry
out the validation stage, some items should be defined to carry out a calibration. This
stage is very important, since the calibration of a ANN model simultaneously carry
out the validation stage to avoid over-training and over-fitting phenomena.
Secondly, the error function (calibration function) to minimise should be
defined. The calibration function is the mean sum of the squares of differences
(MSE) between the observed and predicted outputs; a (local) minimum can be
found through the back-propagation algorithm, a specific implementation of the
gradient algorithm that duly exploits the structure of the MLFFN by backwards
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updating weights and biases from the output layer to the input layer (different algo-
rithm may be also used).

As many non-linear optimisation problems, MLFFN calibration has to deal with
many local minima due to several reasons, the obtained solution can be greatly
affected by the starting values of weights and biases, thus requires different initia-
lisations of parameters. Since the convergence is not guaranteed when all the weights
are set to the same value, an appropriate weights initialisation can improve both rate
of convergence and precision. Two techniques may be used: random or Nguyen—
Widrow initialisation. The latter distributes the initial weights and bias values for
a layer so that the active region of the layer’s processing units is distributed roughly
evenly over the input space.

Once defined the desired input attributes, then the maximum number of epochs
must be defined, that is the number of copies of the calibration data-set which are
actually used for calibration. An excessively high number of epochs may lead to
over-training, that is, a very close reproduction of calibration data-set with poor gen-
eralisation of validation data-set. Over-training can be prevented by heuristic tech-
niques or by the Early Stopping criterion that stops the calibration when the error,
computed on a limited data set, increases. Then, the number of repetitions of the
back-propagation algorithm with different starting conditions should also be defined.
Clearly the higher the number of repetitions the more likely a good approximation of
the global minimum is obtained. This approach leads to several values for calibration
parameters, the values corresponding to the best value of the calibration function are
usually adopted during the applications.

Generally, it can be useful to adopt techniques to deal with over-fitting (such as
the well-known heuristic criteria, weight decay technique or pruning techniques),
that is, the MLFEN is able to reproduce well the calibration sample but unable to
generalise new samples. This depends on the whole number of parameters (depend-
ing on the numbers of PUs and hidden layers) which should be much less than the
number of observations in the calibration data-set. Over-fitting may also be affected
by factors causing over-training.

So far different architectures should be calibrated with different number of
epochs (usually from 50 to 5000) and different number of starting conditions
(e.g. from 10 to 200). It should be noted that each starting condition leads to a
different set of parameters, still the values of the calibration function (MSE) can
be quite similar, in other words different sets of parameters may show similar
reproduction capability.

The MLFFEN architecture is selected among all instances obtained by varying the
number of hidden layers (e.g. 1, 2, 3), the number of processing units per layer (e.g.
from 10 to 50), and the activation function per processing unit (e.g. linear, hyperbolic
tangent and sigmoid functions, usually common to all processing units in the same
layer). It should be recalled that to each instance is associated a different set of
parameters for each starting condition.

Generally, an architecture should be preferred when it shows:
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(a) Good reproducibility, as measured by the error between observations and
simulated values for the calibration data-set,

(b) Good generalisation, as measured by the error between observations and
simulated values for the validation data-set (using parameters obtained from
calibration).

(c) Low dependency on starting conditions, as measured by the dispersion of error
between observations and simulated values for the calibration data-set over the
starting conditions. Several indices may be adopted to describe the above
criteria, for instance: mean square error between the user observed mode choice
fractions and the simulated ones (over the calibration or the validation data-
sets), measures of reproducibility, measures of generalisation, etc.

Usually, a multi-criteria technique can be applied based on the three criteria above
introduced. First, non-dominated (Pareto-optimal) architectures are devised, then
criteria are normalised over the range [0,1], finally an architecture is selected through
the least-distance-from-origin criterion. More sophisticated selection criteria could
be implemented.

Once a MLFFN architecture has been selected during the previous step, for each
starting condition a different set of parameters is obtained by applying the calibration
algorithm, as already pointed out. A set of parameters must be selected to apply the
calibrated and validated model to any scenario. The most adopted approach is also
the simplest one: just select the set of parameters with the best value of error function.
Other approaches may consist in selecting a combination of sets of the obtained
parameters.

Validation

Due to the high number of parameters of an MLFFN as well as its flexible structure,
the validation stage plays a very relevant role in checking whether generalisation vs.
reproduction of observations is obtained. To this end, an in-depth validation analysis,
as previously introduced, should be carried out. An effective approach is the boot-
strap technique that re-samples data from the original calibration sample many times
in order to generate an empirical distribution of the calibration error. However, the
validation of an ANN model outputs can be carried out through some of the indica-
tors proposed in section 2.4.

Summary
Major findings
This chapter presented a general overview of the possible approaches for modelling

disaggregate travel behaviour with special attention to route choice modelling. In
particular, three theoretical paradigms are discussed: the consolidated Random
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Utility behavioural paradigm, the Fuzzy Utility behavioural paradigm and the not-
behavioural paradigm based on artificial neural network models.

First, random utility theory (RUT) is introduced and all the issues regarding the
specification, calibration and validation of a random utility model (RUM) are
addressed. Two relevant choice dimensions are discussed in details: route and depar-
ture time choice. Route choice process are analysed by distinguishing the different
types of choice that a user may be called to take; indeed, the following issues are
addressed: pre-trip choices, en-route choices, reaction to information, switching
behaviour. For each of the above-mentioned choice problems, the most adopted
RUMs are formalised and discussed.

Then, fuzzy utility theory, though not yet widely applied in practice, represents an
alternative paradigm that explicitly allows to interpret and quantify a different type
of uncertainty. Fuzzy utility models represent a potential alternative to RUMs for
simulating choice behaviour, but also a reference approach to understand if and
how a different type of uncertainly may lead to most performing models and/or to
different interpretation of the choice process determinants.

ANN models are a powerful tool to predict users’ behaviour and represent a bench-
mark modelling solution for the above-mentioned utilitarian paradigms. Their use may
be rather effective in those choice contexts in which choice behaviour may rapidly
change and the choice model parameter’s may require to be continuously, or frequently,
updated. Finally, a general protocol for validating any choice model is presented.

Further readings

The chapter does not aim to cover all the possible paradigms and all the possible
route choice models, but those paradigms that can be easily embedded into the math-
ematical framework proposed in the book. Indeed, the literature of the past decade is
rich of several and different interpretative and theoretical paradigms, also fruitfully
applied to disaggregate (discrete) choice modelling.

For a general and comprehensive framework on choice modelling and on all the
related issues, the reader may refer to the contributions by Luce (1959), Domencich
and McFadden (1975), Daganzo (1979), Ben-Akiva and Lerman (1985), Klir and
Wierman (1999), Hensher and Button (2000), Louviere et al. (2000), McFadden
(2001), Washington et al. (2003), Train (2009), Cascetta (2009), and Rasouli and
Timmermans (2015).

With regard to route choice modelling, different models, not introduced in this
chapther, have been proposed within the Random Ultility paradigms and can be worth
of interest: the paired combinatorial logit model (Chu, 1989), the link-Nested Logit
(Vovsha and Bekhor, 1998), the path-size Logit (Ben-Akiva and Bierlaire, 1999), the
implicit availability perception Logit (Cascetta and Papola, 2001; Cascetta et al.,
2002),the quantum utility models (Vitetta, 2016), the CoRum (Papola, 2016). How-
ever an interesting state of art can be found in Prashker and Bekhor (2004).

Recently different theoretical paradigms have been investigated and applied
to discrete choice issues: the Prospect theory (Katsikopoulos et al., 2000;



APPENDIX A Discrete choice modelling 251

Avineri and Prashker, 2004; Gao et al., 2010; de Luca and Di Pace, 2015); Elimina-
tion by Aspects theory (Tversky, 1972a,b; Batley and Daly, 2003; the Random
Regret minimisation framework (Chorus et al., 2008; Prato, 2013; Mai et al., 2017).

Remarks (G. E. Cantarella)

Some choice modelling approaches assume that all sources of uncertainty are neg-
ligible, thus all users travelling between o—p pair i follow maximum utility routes,
and do not use at all any of the other routes. In this case, a route » can be used only
if, from among the set of alternative routes, its utility v, is the max. This approach
does not provide a unique route choice probability vector, except when there is a
unique maximum utility route.

This user choice behaviour modelling approach (cfr Wardrop, 1952) may be
obtained from Deterministic Utility Theory, or as a limit of random/fuzzy utility the-
ory when dispersion goes to zero, as well as from the expected utility theory, where
perceived utility is modelled by a random variables but users are assumed choosing
according the expected values of the perceived utility. Although these choice models
are less realistic than probabilistic models, for computational reasons they are often
applied to very large networks with implicit route enumeration.

In this case, as noted above, the route choice function p=p(v; 0) is actually a
multi-valued function (also called a one-to-many or a point-to-set function or a
map), since it may well be the case that the systematic utility values of two or more
routes are equal to the maximum. A different approach is often followed to avoid this
kind of functions. Let.

Pp(v) >0 be any of the route deterministic choice proportion vectors correspond-
ing to systematic utility vector v with 17 pp(v)=1; for any route r

if v, <Vpar thenp, =0 & if p, > 0then v, = vy,

[The case p,=0 with v.=v,,,, it is not ruled out by this condition.] From the above
condition, for any systematic utility vector v, pp =pp(V) is equivalent to the follow-
ing condition (see Appendix A for more details):

vT-(pp—a) >0vg > Owith 1" q=1

Mathematical notes (G. E. Cantarella)

Mathematical properties of random or deterministic utility
models

Several useful mathematical properties of random or deterministic utility models can
be proved as shown below (reported proofs are adapted from Cantarella, 1997, see
also Daganzo, 1979). The expected maximum perceived utility (EMPU) variable, s,
may associated to any random utility models, it is defined as the expected value of
perceived utility over the alternatives available in the choice set:
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The EMPU is a function of the systematic utilities of all the alternatives, vector v, and
that it depends on the joint probability density function of the random residuals, f(&),
as well as on the composition of the choice set R.

The EMPU is always greater than or equal to the maximum systematic utility:

s(v) > max (v)

Indeed, by definition,

=] | maxvegrea

and since f(§) >0 and max(v + €) > V, + ¢, VreR, it follows that:

=] | maxveg e

> jj v E(®) dé+Ll__Lm £ 1(8) d

| e

Jel... Je

=, ], reaes

=v;+E[§]=v,VheR
Therefore s(v) is greater than or equal to the largest systematic utility, s(v)>V,, YheR.

In addition, the mean systematic utility, calculated by weighing the systematic
utility of each alternative r by its respective choice probability p.(v), is less than
or equal to the EMPU variable. From the previous expression, it follows that:

p(V)T V=2, p,(¥) vs < %, p,(v) max (v) = max (v) <s(v)

Writing the EMPU variable for a MNL model with constant parameter 6, other prop-
erties can be derived. Indeed, since the EMPU variable for MNL can be written in the
following closed-form formulation (also known as logsum variable)

s(v) =0 Iny, exp(v;/0)

It is important to note that the EMPU increases if the systematic utility of one or more
alternatives increases since the functions /n(-) and exp(-) are both monotonic increas-
ing. Furthermore, because of the non-negativity of the exponential function, the
EMPU increases with the number of available alternatives. In fact, the addition of
a new alternative to the choice set results in an increase in the EMPU even if the
new alternative has a systematic utility less than that of the alternatives already
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available. This is because of the randomness of perceived utilities: there is a positive
probability that the new alternative will be perceived as having a utility greater than
that of any other alternative.

These properties of EMPU, directly derived here for the MNL model, also apply
to the larger class of invariant random utility models. Recall that, for these models,
the density function of the random residuals does not depend on v.

Moreover, if the joint density function of the random residuals (&) is continuous
with continuous first derivatives, the choice probabilities p(v) and the EMPU s(v) are
also continuous functions of v with continuous first derivatives. All random utility
models described in the previous sections satisfy these continuity requirements. Under
these assumptions, invariant random utility models share a number of general math-
ematical properties that are connected with the Expected Maximum Perceived Utility.
In particular, the following properties are worth of interest for the aims of the book.

(1) The partial derivative of the EMPU with respect to the systematic utility v, is
equal to the choice probability of alternative r:

3s(v)/0v:=p,(v)
The gradient of the EMPU is thus equal to the vector of choice probabilities:
Vs(v) = p(v)

and its Hessian is equal to the Jacobian of choice probabilities:

Hess[s(v)] = Jac[p(v)]

Indeed, for a continuous function with continuous first derivatives, the integration and differentia-
tion operators can be exchanged:

os(v)/ov;, =0 <J J&m max (v+§&) f(é)d?;) /Ov, = le Jem (0 max (v+E&)/av,) £(€)dE)

el...Je
Since 0 max(v+&)/d v, =1 for r such that (v,+&)=max (v+&), = 0 otherwise, the integral is
equal to the probability that the perceived utility of alternative r, v, +&, is the largest among all the m

alternatives available. This result can be checked immediately for the Multinomial Logit model, for
which the EMPU can be differentiated analytically.

Furthermore, since the choice probability p, is always greater than or equal to
zero, it can be easily demonstrated that the derivative of the EMPU with respect
to the systematic utility is always non-negative: the EMPU increases (or does not
decrease) as the systematic utility of each alternative increases and, by extension,
as the number of available alternatives increases.

(2) The EMPU function is convex with respect to v, the vector of systematic
utilities.
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Indeed, for each &, f(€) >0 and max(v+§) is a convex function of v; it follows that the Expected
Maximum Perceived Utility function s(v) is a linear combination with non-negative coefficients
of convex functions, and therefore is convex too. By virtue of this property, the EMPU function
has a Hessian matrix, Hess(s(v)), which is (symmetric and) positive semidefinite. Consequently,
the Jacobian of choice probabilities, Jac(p(v)), is (symmetric and) positive semidefinite.

(3) If the EMPU function is continuous and differentiable then:
S(V’) > S(V”) +p(V”)T (V’—V”)VV’,V” (a)

and the choice probabilities are monotonic increasing functions of the systematic
utilities.

(p(v) =) (v = V") 2 0% v ®)

Indeed, because the EMPU function is convex and differentiable, it follows that:
s(v') > s(v") + Vs(v")T (v =v )W, v

and its gradient must be an increasing monotonic function:

(Vs(v") = Vs(v*))T (v’ =v") > 0%y, v”

The two preceding expressions can be also formulated in terms of the vector of choice
probabilities:

S(V’) g (V”) > p(V”)T (V’—V”)VV’,V”

S(V”) _ S(V’) > p(V’)T (V”—V”)VV,,V”
Summing the last two inequalities yields:
0> p(V”)T (V’—V”) +p(V’)T (V”—V”)VV’,V”

from which Eq. (a) is easily obtained.

Eq. (b) can be expressed for a single alternative, assuming that the systematic
utilities of all other choice alternatives are constant:

pr(v.’) > p(v,”)if v, >v,”

In other words, the choice probability of a generic alternative does not decrease as its
systematic utility increases, if all the other systematic utilities remain unchanged.
Using an analogous argument it can be demonstrated that, as v, tends to minus infin-
ity, the choice probability of alternative r tends to zero.

The deterministic choice model satisfies condition invariant models. If there are
two or more alternatives with (equal) maximum systematic utility, there are infinitely
many choice probability vectors satisfying the above conditions. In this case, the
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relation p(v) is not a function, but a one-to-many map. Let pp(v) be one of the pos-
sible choice probability vectors corresponding to vector v through the deterministic
choice map.

The following necessary and sufficient condition guarantees that a probability
vector p* (with p* >0 and 17p*=1) is a deterministic choice probability vector:

p* =pp(v) < v'p* = max (v)1"p* = max (v)

Given a vector of deterministic probabilities p* =pp(V), it follows that v p* =max
(v) since p,* can be positive only for an alternative r having maximum systematic
utility, and conversely. Furthermore, the condition 1"p*=1 implies that max(v)
1"p* = max(v).

In general, for any vector of choice probabilities p, since lszl then, as
observed earlier:

v'p < max (v)1Tp = max (v)vp:p>0,1"p=1

Therefore, equality holds in the above relationship only for a vector of deterministic
probabilities. Combining the two above relationships, the following basic relation-
ship can be obtained:

(v—max (V1) (p—pp(v)) <O¥p:p>0.17p=1

The deterministic utility model has properties (2) and (3) described above for prob-
abilistic and invariant models. Regarding property (2), the Expected Maximum Per-
ceived Utility of a deterministic model is a convex function of systematic utilities and
is equal to the maximum systematic utility.

s(v) = max (v) = pp(v) v

This condition implies that, for a given vector of systematic utilities v, the
EMPU of a deterministic choice model is less than or equal to that of any prob-
abilistic choice model involving the same systematic utility. A behavioural inter-
pretation of this result suggests that the presence of random residuals makes the
perceived utility for the chosen alternative, on average, larger than the alterna-
tive’s systematic utility, which is the perceived utility in a deterministic
choice model.

Regarding property (3), the deterministic choice map is monotone non-
decreasing with respect to systematic utilities, just as are invariant probabilistic
choice functions.

S(V’) _ S(V”) > Po (V”)T (V’—V”)VV’,V”

S(V”) _ S(V’) > Po (V’)T (V”—V”)VV’,V”
or

(pp(v)) =pp(v"))" (V" =v") > OvW",v”
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Indeed, max(v') =(v')" pp(¥') and max(v") = (v) pp(v"). Subtracting the last two equations term by
term gives:
max (V) — max (v') = (V) pp () = (v/) 'pp(v") (©)
Since:
V) pp(v) = max(v) > (V)" pvp
for p=pp(v") it follows that:
) pp(V) > (v) pp (V")
from which:
NnT N o\ T " > (v T m ("M T " d
) po(¥) = (V") P (V) 2 (V) pp(v') = (V") 'pp (V') (d
Therefore, combining Eqgs. (c), (d) yields:
R

max (v') — max (v') > (v' = v") pp (V")

as above for random utility models.

Modelling uncertainty

Some approaches to uncertainty modelling are briefly reviewed below, for more
details see for instance:

Klir, GJ., Yuan, B., 1995. Fuzzy Sets and Fuzzy Logic: Theory and Applications.
Prentice Hall, Upper Saddle River, NJ.

Klir, G.J., Wierman, M.J., 1999. Uncertainty-Based Information. Physica-
Verlag, Heidelberg, New York.

Fuzzy and crisp sets
A set is a collection of elements, taken from a universe class, that show a relevant
feature, with reference to the problem at the hand. Let.

X be the universe class, containing all relevant values, for instance the set of
real numbers R, or any n-dimensional extension R";

& be the empty set, assumed included within the universe class, as denoted by
DCX;

X,y be elements of the universe class, as denoted by x € X,y € X;

A, B be sets containing elements of the universe class, as denoted by A CX,
BCX.

Each fuzzy set within the universe class, A C X, may be described by a membership
function: py(x): X — [0, 1], which gives the membership grade of element x within
set A. If the membership function may take only binary values 0/ 1, it is also called
a characteristic function, ya(x): X— {0, 1}, and the corresponding set is
called crisp. A set A is said a subset of set B, as denoted by ACB, if A=A NB
or pa ()< i (x) Vx.
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Three basic operations can be defined on sets (all the other set operations can be
obtained by duly combining them):

C="Aor—A
this case

o (O=1- s ();

C=AUB union of sets A e B, with pc (x) =max{p, (x), pg X)};

C=ANB intersection of sets A e B, with pc (X) =min{p, (X), g (X)}.

complement of set A (with respect to the universe class X), in

Moreover, the Zadeh extension principle makes possible to extend any function on
real numbers to a function on fuzzy quantities.

Monotone set measures

The degree of uncertainty about how much an uncertainly defined object satisfied a
feature expressed by a crisp set can be described by a monotone set measure. [The
use of term fuzzy set measures use sometimes may be misleading since no fuzzi-
ness is modelled by these set measures.] Two well-known examples of such a mea-
sure are possibility-necessity and probability measures, special case of measures
defined within the (Dempster-Shafer) evidence theory. Their main features are
briefly reviewed below (for simplicity’s sake max denotes both usual max or
sup operators).

Possibility-necessity measures

Pos(A), Nec(A) (uncertainty as imprecision)
Pos(A) € [0, 1], with Pos(X)=1 and
Pos(d)=0

ACB=Pos(A) <Pos(B)

Nec(A)=1 — Pos((—A)

Pos(A U B)=max{Pos(A), Pos(B)}

Nec(A N B)=min{Nec(A), Nec(B)}
Normalisation:
max{Pos(A), Pos(—A)}

=1
With Pos(A) + Pos(—A) > 1

Probability measures

Pro(A) (uncertainty as dispersion)

Pro(A) € [0, 1], with Pro(X)=1 and
Pro(@)=0

ACB=Pro(A) <Pro(B)

Pro(A)=1 - Pro(—A)

Pro(A U B)+Pro(A N B) = Pro(A) + Pro(B)

Normalisation:
Pro(A) + Pro(—=A) =1
With max{Pro(A), Pro(—A)} <1

Monotone set measures can be applied to fuzzy set too.

Uncertain numbers

According to above introduced monotone set measures, a real uncertain number
U can be described by two types of variables; main features of their descriptive
functions are briefly presented below.

257
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Fuzzy numbers (f.n.) U Continuous random variables (r.v.) U
Described by a fuzzy distribution function Described by a probability density function
pux) € [0,1], with dulx) € [0,4+00)

{xeX | pulx) >0} bounded
{xeX| pulx)=a} closed and convex

Vae(0,1]

Normalisation: Normalisation:

MaXxe x puX)=1 Ix bul) dx=1

Relationship with possibility measures: Relationship with probability measures:
Pos(U =x)=py(x) dPro(U=x)=dy(x) dx

Pos(U € [a,b]) =maxxefa by HulX) Pro(U € [a,b]) = [fa,0 du(x) dx

It is usually assumed that functions py(x) and ¢py(x) are continuous over the sup-
port set, say {x€X | py(x) >0} or {x€X | dy(x) >0} respectively. A special case is
obtained when the object can precisely be defined, say U=v, with

Crisp numbers: Deterministic variables:

puv)=1, puX)=0V x#£v xeX duV)=1, pduX) =0V x#£v xeX

For random variables it is common practice to use the mean (value):

v= [ X Gy (x) dx
Jx
as a position index (less used are the mode and the median), as well as the variance:

0= (= dulr)ox

(or derived indices) as a variability index.
For fuzzy numbers a central value v can be defined by the barycentre of py(x) or
by the core value, equal to middle point of the core set of py(x)

{y :pu(y) = maxyex py(x) = 1} = [ug, wy]

Clearly, if py(x) is symmetrical, the central value and the core value are equal.
(Sometimes a fuzzy number with a non-singleton core set is called a flat fuzzy
number or better a fuzzy interval). The area of below py(x),

w=y05
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can be used as variability index, it is given by the product of the highness, equal to 1

due to normalisation, say the extension of the support set d, and a factor, y €[0,1],

depending on the shape of py(x), (for instance y =Yz for a triangular fuzzy numbers).
The possibility that two fuzzy numbers U and T are equal is given by:

Pos(U=T) = max, min{py(x), pp(x)}

The possibility that the (fuzzy) maximum, MAX(U,T), of two fuzzy numbers, U and
T, gets a value equal to z is given by:

Pos(MAX(U,T)=z) = HMAX u,T) (z)= max,—max (x, y) min {HU(X)’ PT(Y)}

Several properties hold for MAX operator, idempotence, MAX(U, U)=U, commu-
tativity, MAX(U, T)=MAX (T, U), and associativity, MAX(U, MAX(T, S))=
MAX(MAX(U, T), S). Associativity allow to extend the MAX operator to more than
two numbers (the general expression is not reported for brevity’s sake). It is also
worth noting that the features of the MAX operator assure that the results is a fuzzy
number (say maxycx Humax(X)=1).

Possibility values given by the fuzzy distribution function of a fuzzy number can
be transformed into choice proportions through uncertainty preserving transforma-
tion, see above quoted references for details.
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APPENDIX

Traffic flow theory

Roberta Di Pace
University of Salerno, Salerno, Italy

The enjoyment of scientific research also means coming up against obstacles to overcome,
coming up with even better investigation tools and even more complex theories while
endeavouring to always move forward despite knowing that we will likely get closer to

comprehending reality, without ever fully being able to understand it.
Margherita Hack

Outline. Preliminary studies on traffic flow theory may be found in literature since
1930s (Greenshields, 1935) as the congestion phenomena increased due to the impact
of vehicles interactions.

In the first part of the appendix the observable variables will be initially defined and
then the relationships between them and models are introduced and analysed. In par-
ticular phenomena along links (running links) are discussed in accordance with the
uninterrupted flow theory whilst queuing phenomena are analysed in accordance with
the interrupted flow theory (queuing links). Depending on the nature of the input vari-
ables, stationary and non-stationary conditions may be identified then phenomena
respectively related to the running and queuing links are analysed with respect to each
one of two conditions.

The second part of the appendix focuses on non-stationary models. The
approaches classification is based on the level of aggregation of traffic flow
variables; in particular, as discussed in more detail in Section B.2, users and supply
variables are distinguished in aggregate or disaggregate.

Firstly macroscopic models may be identified in which users’ behaviour variables
are aggregate (arc density or entry flows can be obtained from the vehicle position on
the arc) as well as level of service variables (space mean speed, arc performance func-
tions are derived from fundamental diagram). Furthermore they may be classified in
accordance with time and space. Then there are the mesoscopic models in which users’
behaviour variables are disaggregate (packets of users or single users are considered;
arc density or entry flows can be obtained from packets/users position on the arc) and
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the level of service variables are aggregate (such as space mean speed; arc performance
functions are derived from the fundamental diagram).

Finally, microscopic models able to describe traffic flow dynamics in terms of a
single vehicle may be identified. Indeed, in this models users’ behaviour variables
are disaggregate (single users are considered; link density or entry flows can be
obtained from the users’ position on the link) as well as the level of service variables
(time speed and link performance functions are derived from the drivers’ behaviour
models such as car-following models).

In the perspective of extended applications, each model is also analysed with
respect to the network equations that are introduced in order to define the outflow
rates from incoming links at each node within the network.

The chapter is organised as follows. First we introduce basic notations and defini-
tions in Section B.1, by distinguishing stationary from non-stationary models then we
discuss each class of non-stationary models; in particular in Sections from B.2 to B.4
macroscopic models are analysed, whilst mesoscopic and microscopic models are
respectively displayed in Sections B.5 and B.6.

Finally it must also be highlighted that some of the symbols adopted in this
appendix will appear with a different meaning from the rest of the book chapters.

Basic TFT

The first aim of the section is to provide an overview of the main observable variables
describing the running and queuing phenomena. Then the variables classification
will be related to the running and queuing links. Starting from these observable vari-
ables and depending on nature, stationary or non-stationary, of the input variables,
two classes of models are presented: steady state and non-steady state models.

Main variables are enlisted below in alphabetical order for reader’s convenience
(notations come first, then Roman letters, at last Greek letters):

a is an index denoting a arc;

Cap is the capacity of the road measured in vehicles per unit of time;

fis the flow measured in vehicles per unit of time;

fx s the equilibrium flow as a function of density speed;

fiv 1s the entering flow;

four is the exiting flow during;

fv is the equilibrium flow as a function of density speed;

h is an index denoting the headway between successive users measured in time
per unit of vehicle;

i is an index denoting an observed vehicle/user;

k is the density measured in vehicles per unit of length;

[ is the length of road segment;

1, is the length of road segment corresponding to arc a;
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m is the number of vehicles traversing a point in a time interval;

n is the number of vehicles between two points at a given time;

p is the pressure term reflecting the speed variance and then the effect of different
vehicles;

s is the spacing between vehicles at a given time;

t is the time at which the system/traffic is observed;

t,; is the service time of user i;

t,; is the total waiting time of user i;

u(t) is the function representing the vehicles cumulative arrival function;

v is the speed measured in space per unit of time;

vo is the free flow speed measured in space per unit of time;

v; is the speed of vehicle i measured in space per unit of time;

v 1s the equilibrium speed as a function of density k;

vs is the space mean speed, among all vehicles between two points at a
given time;

vy is the time mean speed, among all vehicles crossing a point during time
interval.

w(t) is the function representing the vehicles cumulative departure function.

X is a point along an arc, or rather, its abscissa increasing (from a given
origin, usually located at the beginning of the arc) along the traffic direction
(s €0, 1.]);

7 is the relaxation time representing the aggressiveness of drivers;

At is the time variation;

Ax is a position variation,

@ diffusion term in Payne’s model.

Fundamental variables

Running links

Running links are introduced in order to describe the vehicles interactions along links;
indeed vehicles using the same link may interact with each other and the level of inter-
action depends on the demand. In particular, if the demand is great enough that the
interaction may affect the link performances in terms of mean speed and travel time
the congestion phenomenon may occur.

In general, modelling may be based on deterministic or stochastic approaches
depending; it is very often sufficient to adopt the aggregate deterministic models
described below in case of running links whilst stochastic models may also be used
in case of queuing representation in order to characterise an interaction event that
causes a delay in a probabilistic sense.

The observable variables will be initially defined and then the relationship
between some observed variables and uninterrupted flow models in stationary and
non-stationary conditions will be introduced.
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Let us consider a road infrastructure which may be represented by a segment,
several variables may be referred to the arc and representing the vehicles moving
along a road segment. In particular, for traffic observed at time ¢ in a road segment
[x, x+ Ax] the variables to be defined are:

si(f) the spacing between vehicles i and i — 1 at time #; that is the front spacing
vehicle to vehicle at time #;

n(t; x, x+ Ax) the number of vehicles at time ¢ between points x and x + Ax;

s()=2Zi—1, ._nsi{t)/n(t; x, x+ Ax) the mean spacing, among all vehicles between
points x and x + Ax at time #; and

v(s, t) the speed of vehicle i at time ¢ while traversing point (abscissa) x;

For traffic observed at point s during time interval [¢, ¢ + At], several variables can be
defined:

hi(x) the headway (temporal spacing) between vehicles i and i — 1 crossing
point x;

m(x; t, t+ Af) the number of vehicles traversing point x during time interval
[t, t+ Af];

h(x) = Zi—y.. . m hi(x)/m(x; t, t+ Af) the mean headway, among all vehicles
crossing point x during time interval [¢, ¢ + Af];

vs(t) = Zi—1.... ., viln(t; x, x+ Ax) the space mean speed, among all vehicles
between points x and x +Ax at time ¢.

vi(x) = Zi_y, Vi (0)/m(x; t, t+At) the time mean speed, among all vehicles
crossing point y during time interval [z, 7+ Af].

Some other relationships may be defined:

foo t t + A= m(x; t, t + Af)/At is the flow of vehicles crossing point x during
time interval [z, t + Af], measured in vehicles per unit of time;

k(t; x, x + Ax)= n(t; x, x + Ax)/Ax is the density between points x and x + Ax at
time ¢, measured in vehicles per unit of length.

Regarding the variation in the number of vehicles between points x and x + Ax during
At and the variation in the number of vehicles during time interval [t, t + At] over
space Ax they may be respectively represented as in the following:

An(x, x + Ax; t, t + At) = n(t + At; x, x + Ax) — n(t ; x, x+ Ax);
Am(x, x + Ax; t, t + At) = m(x + Ax ; t, t + At) — m(x ; t, t + Ab);

thus the general the flow conservation may be formulated in accordance with the flow
conservation equation as follows:

n(t; x, x+Ax) +m(x; t, t+ At) = m(x + Ax; t, 1+ At) + n(t + At; x, x + Ax) (B.1)
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Furthermore let.

Az(x, x + Ax, t, t + At) be the number of entering minus exiting vehicles (if any)
during time interval [z, ¢ + At], due to entry/exit points (e.g. on/off ramps), between
points x and x + Ax the flow conservation equation may be generalised as

An(x,x+Ax, 1,1+ At) + Am(x, x + Ax, 1, 1+ At) = Az(x, x + Ax, t, t + At) (B.2)

Furthermore, let

Af(x, x + Ax, t, t + At) = Am(x, x + Ax, t, t + At)/At be the variation of the flow
over space;

Ak(x, x + Ax, t, t + At) = An(x, x + Ax, t, t + Af)/As be the variation of the density
over time.

Ae(x, x + Ax, t, t + Af) = Az(y, x + Ax, t, t + At)/At be the (net) entering/
exiting flow.

if the general flow conservation Eq. (B.2) is divided by A¢, it may also be
rewritten as:

An/At+ Af = Ae (B.3)
and finally if the equation is divided again by As it may be rewritten as

Ak /At +Af [Ax = Ae/Ax (B.4)
Queuing links

The average delay experienced by vehicles that queue to cross a flow interruption
point (intersections, toll barriers, merging sections, etc.) is affected by the number
of vehicles waiting. This phenomenon may be analysed with models derived from
queuing theory, developed to simulate any waiting or user queue formation at a
server (administrative counter, bank counter, etc.). Below the subject is treated with
reference to generic users, at the same time highlighting the similarities with
uninterrupted flow.
The main variables that describe the queuing phenomena are:

h;=t; — t;_ the headway between successive users i and i — 1 joining the queue
at times ¢; and t;_;;

myn(t, t+ Af) number of users joining the queue during [f, 1+ At];

moyr(t, t+Af) number of users leaving the queue during [#, ¢ + Af];

ht, t + Af) = 2,y . hi/myn(t, t+ Af) mean headway between all vehicles
joining the queue in the time interval [¢, # + Af];

n(t) number of users waiting to exit (queue length) at time t;

With reference to observable quantities, flow variables may be introduced:

fin(t, t + Ay=myn(t, t + At)/At arrival (entering) flow during [¢, ¢ + Af];
four (t, t+At) =moyr(t, t + At)/At exiting flow during [¢, t + Af];
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Note that the main difference with the basic variables of running arcs is that space
(x, Ax) is no longer explicitly referred to since it is irrelevant. Some of the above
variables are shown in Fig. B.1.

b
Ne° of users
Arrivals
i i Departures
m,, (v+47) :
: : : my,; (z, A7)
n(® Pl : i
T 1:71 T THAT T
FIG. B.1

Fundamental variables for queuing systems.

Steady-state models

In this section we describe several deterministic models developed under the
assumption of stationarity, running phenomena along links are analysed in
accordance with the uninterrupted flow theory whilst queuing phenomena at
network nodes are analysed in accordance with the interrupted flow theory.
All models are formally presented in each section about running links and
queuing links.

Running links
In formulating such steady state models for running links models it is assumed that
a traffic stream (a discrete sequence of vehicles) is represented as a continuous
(one-dimensional) fluid.

Traffic flow is called stationary during a time interval [z, t + Af] between points x
and x + Ax under the following conditions.

- flow is (on average) independent of point s, hence f(x; t, t+Af)=f

- density is independent of time ¢, hence k(t; x, x + Ax)=k

- time mean speed is independent of location and the space mean speed is
independent of time:

vr(s) =vr and vs(t) =g

In the case of stationarity, both terms in the left side of the conservation equation are
identically null, anyhow other flow conservation conditions may be formulated.
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In particular in the case of stationarity

- the number of vehicles crossing each cross-section during time At is equal to f At;
- the number of vehicles, time-independent due to the assumption of stationarity, on
the stretch of road between cross-sections x and x + Ax, equals k Ax;

v, the space mean speed of these vehicles on the stretch of road equals to k v, Ar.

Thus the number of vehicles in the stretch of road will be made up of vehicles
entering the section during the time interval At and f A=k vg At. Hence, under sta-
tionary conditions, if the previous equation is divided by At, flow, density and space
mean speed must satisfy the stationary flow conservation equation:

f=kv (B.5)

where v= Vg is the space mean speed, simply called speed for further analysis of
stationary conditions.”

Flow and density are related to mean headway and mean spacing through the
following relations:

flt,t+Af) 22 1/h(s)and k (£ x, x + Ax) 22 1/5(¢)
thus the stationary conservation equation may be rewritten as follows:
f=(1/5)vthen (1/h) ~kv and 5~ hv.

In stationary conditions, empirical relationships can be observed between each pair
of variables: flow, density, speed. In general, observations are rather scattered (see
Fig. B.2 for an example of a speed-flow empirical relationship) and various models
may be adopted to describe such empirical relationships.

These models are generally given the name fundamental diagram (of traffic flow)
(see Fig. B.3) and are specified by the following relations:

vk =v(k) (B.6)
Sk =f(k) (B.7)
fv=r) (B.8)

Though only a model representation of empirical observations, this diagram permits
some useful considerations to be made. It shows that flow may be zero under two
conditions: when density is zero (no vehicles on the road) or when speed is zero
(vehicles are not moving). The latter corresponds in reality to a stop-and-go
condition.

In the first case the speed assumes the theoretical maximum value, free - flow
speed, vy, while in the second the density assumes the theoretical maximum value,

Tt is worth noting that the time mean speed is not less than the space mean speed, as can be shown
since the two speeds are related by the equation vy = Vg + 0,/ Vg, where 67 is the variance of speed
among vehicles. 6% =0, hence v, = V... var.(v) = it vy — v)?/n.
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Relationship between speed and flow.
Source: Cascetta, E., 2009. Transportation Systems Analysis: Models and Applications. Springer, pp. 448-477.
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Fundamental diagram of traffic flow.
Source: Cascetta, E., 2009. Transportation Systems Analysis: Models and Applications. Springer, pp. 448-477.
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Jjam density, kj,,. Therefore, a traffic stream may be modelled through a partially
compressible fluid, i.e. a fluid that can be compressed up to a maximum value.

The peak of the speed - flow (and density - flow) curve occurs at the theoretical
maximum flow, capacity, Cap, of the facility; the corresponding speed v, and density
k. are referred to as the critical speed and the critical density. Thus any value of flow
(except the capacity) may occur under two different conditions: low speed and high
density and high speed and low density. The first condition represents an unstable
state for the traffic stream, where any increase in density will cause a decrease in
speed and thus in flow. This action produces another increase in density and so
on until traffic becomes jammed. Conversely, the second condition is a stable state
since any increase in density will cause a decrease in speed and an increase in flow.
At capacity (or at critical speed or density) the stream is non-stable, this being a
boundary condition between the other two.

These results show that flow cannot be used as the unique parameter describing
the state of a traffic stream; speed and density, instead, can univocally identify the
prevailing traffic condition. For this reason the relation vg = v(k) is preferred to study
traffic stream characteristics.

Mathematical formulations have been widely proposed for the fundamental diagram, based on
single regime or multi-regime functions.
An example of a single regime function is Greenshields’ linear model:

v(k) =vo (1 —k/kjum)
or Underwood’s exponential model (useful for low densities):
v(k) =vpe /e

An example of a multi-regime function is Greenberg’s model:
v(k) =ay 1n (ap/k)fork > kyin
v(k)=ay In (az/knin ) fork < Ky,

where ay, a; and k,,;, <kj,,, are constants to be calibrated.

Starting from the speed-density relationship, the flow-density relationship, fx = f(k), may be
easily derived by using the flow conservation equation under stationary conditions, or fundamental
conservation equation:

fk) =v(k) k

Greenshields’ linear model yields:
Fk)=vo (k=K /Kjum)

In this case the capacity is given by:
Cap =vo kjam /4

Moreover the flow-speed relationship can be obtained by introducing the inverse speed-
density relationship: k=v~(v), thus

FO) =vk=v"'W)v @) =vv ().

For example, Greenshields’ linear model yields: v’l(v):kjam (1 — v/vp) thus.

f(V) = kjam (V - VZ/VO)

Continued
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In general, the flow-speed relationship may be inverted by only considering two different rela-
tionships, one in a stable regime, v €[v,, v,], and the other in an unstable regime, v€[0, v_].
Greenshield’s linear model leads to:

Vaabte (4) = (v0/2) (1+ (1= 4F / (vo kian) ) )"/ = (v0/2)(1 + (1~ f /Cap))*/?

Vansabie () = (vo/2)(1 = (1 = f /Cap))"/?
In the particular case that one can assume the flow regime is always stable, with reference to
relation v = v;.(f) the corresponding relationship between travel time, ¢, and flow may be defined as

= t(f) = l/thable(f)

Other models have been proposed in the literature; these models are listed below with respect
to the speed—density relationship:

Drew : V(k) =v, [1 - (k/kjum)oj]
Greenberg : V (k) = —v*; In (k/k./‘am)
Underwood : V (k) = vo exp [—k/ko]
Drake : V (k) = v exp {—(k/kO)z/z}

The first two models are very similar to Greenshields’s approach and still fail in simulating the
low or critical densities situations. In particular Greenberg’s model is very limited in simulating the
high speed scenarios corresponding to the low density situations. Regarding the Underwood and
Drake models, these consider the density &, in reference to the road capacity.

Greenberg’s model tends towards an infinite value in case of density which tends towards zero
value thus vo/3 (vo*) is usually adopted in place of vy. In general Underwood and Drake provide a
non-null speed value for kjg,,.

For all models the flow density relationships may be easily derived by using the flow conservation
equation under stationary conditions, or fundamental conservation equation: f{k) = v(k)k, as in the pre-
vious case of Greenshields’s models.

Queuing links—Deterministic models

In this subsection we describe several deterministic models developed under the
assumption that the arrival flow and the service time are represented by deterministic
variables. The following definitions may be introduced:

t,(t, t + At) average service time among all users joining the queue in time interval
[t, £+ At];

t,,(t, t+ At) average total waiting time among all users joining the queue in time
interval [z, ¢+ Af];

f(t, t+At)=1/t,(t, t + Ar) the (trasversal”) capacity or maximum exit flow, i.e. the
maximum number of users that may be served in the time unit, assumed
constant during [¢, t + Af] for simplicity’s sake (otherwise Af can be
redefined).

® In some cases it is also necessary to introduce longitudinal capacity, i.e. the maximum number of
users that may form the queue.
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Regarding the capacity constraint on exiting flow it is expressed by: four <f.
A general conservation equation, introduced for uninterrupted flow, holds in this
case:

n(t) —n(t+At) = moyr (1, t+ At) — myn (1, t + At) (B.9)

Moreover, dividing by Ar we obtain:
An/At+ [four (t, t+At) —fiy (t, t+ A1) =0 (B.10)

Deterministic queuing systems can also be analysed through the cumulative number
of users that have arrived at the server by time ¢, and the cumulative number of users
that have departed from the server (leaving the queue) at time ¢, as expressed by
two functions termed cumulative arrival function, u(t), that is the cumulative number
of users that arrive and cumulative departure function, w(t) that is the cumulative
number of users that leave constrained to the cumulative arrival function as in the
following:

u(t) <w(t)
Queue length n(f) at any time ¢ is given by:
n(t) =u(t) —w(r) (B.11)

provided that the queue at time O is given by n(0) =u(0) >0 with w(0)=0. The
arrival and departure functions are linked to entering and exiting users by the follow-
ing relationships:

myy (t, t+At) = u(t+At) — w(t) (B.12)
mOUT(l,t+Al)=M(I+At)*W(l‘) (B.13)
If during time interval [t(, 7y +A¢] the entering flow is constant over time, fijy(f) =

— fin, then the queuing system is named (flow) stationary and the arrival function
u(t) is linear with slope given by —u:

u(t)=u(to) + —fiv (t—to) t € [to, to + Af]

The exit flow may be equal to the entering flow, f,y, or to the capacity, Cap, as
described below in more detail.

When the arrival flow is less than capacity, f;y < Cap, the system is under-sat-
urated and two conditions may occur: (i) the queue length at the beginning of period
is zero or (ii) there is a queue at time 7,

If the queue length at the beginning of period is zero.

i’l(l‘()) =0

n(t) =n(ty) — (Cap —f ) Atand f oyp =f 1y
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If there is a queue at time fy, its length decreases with time and vanishes after a time
At=t — 1.

Before time 7y+At, the queue length is linearly decreasing with ¢ and the exiting
flow™ four is equal to capacity Cap:

n(t) =n(t0) — (Cap —fyy) At
four =Cap
w(t) =w(ty) + Cap At (B.14a)

After time #,+At the queue length is zero and the exiting flow f,, 7 is equal to the
arrival flow fy:

I_’l(lo +A_) =0

fOUT :.fIN

At=n(t0)/(Cap —fiv)

w(t) =u(t) = u(to) +fy At (B.14b)

When the arrival flow rate is larger than capacity, f;y > Cap, the system is over-sat-

urated. As in case of under-saturated conditions two situations may occur: (i) the

queue length at the beginning of period is zero or (ii) there is a queue at time 7,
If the queue length at the beginning of period is zero

n(r) = (fiy — Cap) At
four =Cap
w(t) =w(ty) +Cap Aty (B.15a)

If there is a queue at time f,_the queue length linearly increases with time ¢ and the
exiting flow is equal to the capacity Cap

n(t) =n(to) + (fiy —Cap) Aty
four =Cap
w(t) =w(to) +Cap Aty (B.15b)

By comparing Eqgs (B.14a), (B.14b), (B.15a), (B.15b) it is possible to formulate this
general equation for calculating the queue length at generic time instant #:

n(t) = MAX {0, (n(to) + (f,y — Cap) Aty) >0} (B.16)

With the above results, any general case can be analysed by modelling a sequence of
periods during which arrival flow and capacity are constant.

Finally the delay can be defined as the time needed for a user to leave the system
(passing the server), accounting for the time spent queuing (pure waiting). Thus the
delay is the sum of two terms:

fy =l + g (B.17)

where #,, is the total delay; t; =1/Cap is the average service time (time spent at the
server); and t,,, is the queuing delay (time spent in the queue).

In under-saturated conditions (f;y < Cap) if the queue length at the beginning of
period is zero, the queuing delay is equal to zero, twq(f ) =0, and the total delay is
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equal to the average service time: t,, =, otherwise twq(f ) =n(ty) At/2 and then ¢,, is
derived.

In over-saturated conditions (f;y > Cap), the queue length, and respective delay,
would tend towards infinity in the theoretical case of a stationary phenomenon last-
ing for an infinite time. In practice, however, over-saturated conditions last only for a
finite period, 7.

If the queue length is equal to zero at the beginning of the period, it will reach a
value (f;y — Cap) T at the end of the period. Thus, the average queue over the whole
period T is:

ii=(fy—Cap) T/2 (B.18)

In this case the average queuing delay is #/Cap, and the average total delay is

tw(fiy) =ts+ (fy — Cap) T /2 Cap (B.19)

Queuing links—Stochastic models

In order to properly apply the deterministic models the simulation interval is usually
discretized in sub-intervals during which it is supposed that the input variables
(flows and capacity) are stationary. However if the flow fluctuations are observed
and then these cannot be modelled through deterministic models, stochastic models
are required.

If the system is under-saturated, it can be analysed through (stochastic) queuing
theory which includes the particular case of the deterministic models already
discussed.

It is particularly necessary to specify the stochastic process describing the
sequence of user arrivals, the sequence of service times and the queue discipline.

Main variables are enlisted below in alphabetical order for reader’s convenience
(notations come first, then Roman letters, at last Greek letters).

fin» 1s the arrival rate or the expected value of the arrival flow;

Cap =1/t,, is the service rate (or capacity) of the system, the inverse of the
expected service time;

fin [Cap, is the traffic intensity ratio or utilisation factor;

n is a value of the random variable N, number of users present in the system,
consisting of the number of users queuing plus the user present at the server,
if any (the significance of the symbol # is thus slightly different);

tw is a value of the random variable TW, the time spent in the system or overall
delay, consisting of queuing time plus service time.

The queuing discipline:

FIFO =First In — First Out (i.e. service in order of arrival);

LIFO =Last In — First Out (i.e. the last user is the first served);

SIRO = Service In Random Order;

HIFO =High In — First Out (i.e. the user with the maximum value of an indicator
is the first served).
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The probability density function describing the intervals between two successive
arrivals/departures:

D =deterministic variable.

M =negative exponential random variable.
E =Erlang random variable.

G =general distribution random variable.

The probability density function describing the intervals between two successive
departures.

The characteristics of a queuing phenomenon can be redefined in the following
concise notation:

a/b/c(d,e)

where a denotes the type of arrival pattern represented as already described
above;

b denotes the type of departure represented as already described above; c is the
number of service channels: {1, 2, ...}; d is the queue storage limit: {oo, 7,,,,} or
longitudinal capacity; and e denotes the queuing discipline represented as already
described above.

Fields d and e, if defined respectively by oo (no constraint on maximum queue
length) and by FIFO, are generally omitted.

In the following we will report the main results for the M/M/1 and the M/G/1
queue systems, which are commonly used for simulating transportation facilities,
such as signalised intersections.

Some definitions or notation differ from those traditionally adopted in dealing
with queuing theory (the relative symbols are in brackets) so as to be consistent with
those adopted above. The parameters defining the phenomenon are as follows:

M/IM/1 systems
In under-saturated conditions (f;y/Cap < 1):
The expected number of users in the system may be generally defined as

E[N] = (fiv/Cap)/(1 —fiv/Cap) = fin /(Cap — fin)
Let

E[TW]=1/(1 —fin/Cap)

then in accordance with Little’s formula.
E[N]=fi E[TW]

VARIN] = (fiv/Cap) /(1 ~ fix/Cap)®

The expected time spent in the queue, E[rw,], (or queuing delay) is given by the
difference between the expected delay, E[tw], and the average service time
ty=1/Cap:

E[TW,| =1/(Cap —fin) —1/Cap =fiy/Cap (Cap — fiv)
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According to Little’s second formula, the expected value of the number of users in
the queue, E[N,], is the product of the expected queuing delay, E[TW ], multiplied by
the arrival rate, u:

E[Nq] :ﬁNE[TWq]
and then:

E[Ny] =fw*/Cap(Cap — fi)

M/G/1 (o0, FIFO) systems

In this case the main results are the following:

EIN] = (fiv/Cap)(1 +fin /2(Cap — fix
E[TW]=1/Cap (1 +fin/2(Cap —fin))
E[TW,] = fin/2Cap(Cap —fiv)

Non-steady state models

Running links
In the case of non-stationary models the main variable describing the uninterrupted
flow conditions, will be considered as a function of space and time. In particular
flow speed and density will be represented as a function of space and time.
In this model, also called first order model, the macroscopic variables will be
represented as.

f=fx1
v=v(x,1)
k=k(x,1)

The observed variables, m(x; t, t+At), the number of vehicles traversing point x dur-
ing time interval [¢, f + Af] and n(z; x, x + Ax), the number of vehicles at time 7 between
points x and x + Ax, can be averaged (flow with respect to space and density with
respect to time) hence density and flow will be consistently defined.

Thus flow is related to m through following equation

t+AT
m(x, t, t+AT) = / fx, 0)dt (B.20)

t

density is related to n through following equation
y+Ax
n(t, x, x+Ax) :/ k(x, 1) dx (B.21)
)
In this context the continuity equation is a partial differential equation for the mac-

roscopic quantities’ density, flow and speed. It is able to describe the density vari-
ations in terms of gradients (or differences) of the flow. The continuity equation may
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be completed through the general equation of flow (f=k v), which can be usually
applied in case of stationary conditions; to this aim the time intervals may be fixed
with a sufficiently small size in order to guarantee the flow stationarity condition.
However this approach is not suitable because it is unrealistic.

Furthermore the fj,(f) may be introduced and then the cumulative in-flow may be
derived and the fpy7(f) from which the cumulative outflow may be derived; in
particular let.

Jfin(6) =f(x,.t) then the cumulative in (entering)—flow is given by

u(t) = /Otf(xl;z) dz

and let
Jfour(t) =f(x,.t) then the cumulative out (exiting)—flow is given by

w(t) = /Orf(xz;z) dz

With respect to the speed

X2

(1/(x2—x1))/ v(x;t) dx=vy (t; x1,x2)

x1
All these variables may be represented in aggregate or disaggregate ways (in partic-
ular position and speed are the most common aggregate or disaggregate variables)
therefore non-stationary traffic flow models may be classified on the base of their
representation.

In macroscopic models users’ behaviour variables are aggregate (arc density or
entry flows can be obtained from the vehicle position on the arc) as well as level of
service variables (space mean speed, arc performance functions are derived from the
fundamental diagram). They may be classified in accordance with time and space.
Time-continuous and space-continuous macroscopic models are formulated by dif-
ferential equations in time and space dimensions; a solution approach in discrete time
and space is adopted using the finite difference method. The first class of model is
also called point based models whereas the second class is the finite difference class
of models. The first class of models is discussed in this section whilst the finite dif-
ference class of models is discussed in Section B.2.

In mesoscopic models users’ behaviour variables are disaggregate (packets of users
or single users are considered; arc density or entry flows can be obtained from packets/
users position on the arc) and the level of service variables are aggregate (such as space
mean speed; arc performance functions are derived from the fundamental diagram).

Microscopic models describe traffic flow dynamics in terms of a single vehicle.
In particular users’ behaviour variables are disaggregate (single users, i, are consid-
ered; arc density or entry flows can be obtained from the users’ position, x;, on the
arc) as well as the level of service variables (time speed and arc performance func-
tions are derived from the drivers’ behaviour models such as the car-following
models) (Fig. B.4).
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speed
variables aggregate disaggregate
user v(t)  vixt) vi(t)
variables
finlt) fourlt) k(t) MACRO
aggregate ) R
flxt) kixt) scopic
disaggregate MESO MICRO
xi(t) scopic scopic
FIG. B.4
Overview of TFM.
Queuing links
Unlike stationary models, in the case of non-stationary models the input variables are
not fixed.

With reference to the following figure, the first diagram displays the arrivals and
departures trajectories, whilst the second figure shows the cumulative value of
arrivals and departures. The figures may be analysed with respect to four successive
steps and in particular with respect to the time window between t; and t; during
which a capacity variation (reduction) occurs:

- at time t; the beginning of the queue propagation may be observed
- at time t, the link capacity decreases until a minimum value

- at time t3 the link capacity increases until the fiy

- at time ts the queue discharging appears

- at time t3 the queue length achieves the maximum value

and the following equations may be obtained (Fig. B.5):

dn(t)/dt+ (four (1) —four (1)) =0

n>0

four(t) < Cap(?)

or equivalently

n(t) = (w(t) —u(1)

Then in terms of the general expressions of the average unitary delay, the total delay

may be derived.
In particular with respect to the unitary delay it may be computed as.

d(t)=n(t)/Cap
whilst the total delay is given by

D(r) :/Tn(r) dt

0
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FIG. B.5

(A) arrivals and departures flows and (B) arrivals and departures cumulative values.

and finally the average unitary delay during a time interval [0, T] is equal to.
d(0.T) =D(1) /u(t)

Continuous time continuous space macroscopic models

Two types of kinds are identified in the class of continuous time continuous space
(CC) models: the first order models also called point based models and the second
order models. The main difference between them is in the introduction of the accel-
eration equation in the second order model in order to properly reproduce the traffic
inhomogeneity with respect to different vehicles desired speed.

The main variables are:

fis the flow measured in vehicles per unit of time;

k is the density measured in vehicles per unit of length;
v is the speed measured in space per unit of time;

vy is the equilibrium speed as a function of density k.

Point based models
An approach in which the flow is given as a function of density was introduced by
Lighthill and Whitham (1955) and Richards (1956) thus this class of models are also
called LWR models and differ only for the functional form of the fundamental
diagram; the corresponding equations are listed below.

Sfix,ty=f (k(x,f)) which represents the relationship between flow and density;
v(x,t) =vg(k(x,t)) which represents the relationship between speed and density.
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Thus the conservation equation may be rewritten as follows:
(9f /0k) (3k /dx) + (0k /o) =0 (B.23)
which is also called the LWR model.

The previous equation may be rewritten considering the fundamental diagram
(vi+k 0ve/0k) (0k/ox) + (0k/or) =0 (B.24)
Since the functional form of the fundamental diagram is not specified these models
are generally classified as LWR models. Furthermore, it must be observed that this

class of model has only one dynamic equation which is represented by the continuity
equation thus they are also called first order models.

Propagation of density variations
Let d be 0f/dk, the conservation equation may be rewritten as
d (0k /ox) + (0k /or) =0 (B.25)
thus the solution of the differential equation is a function ¢ (differentiable) and the
argument of the function is x — d t thus the solution equals
k=g@(x—dr) (B.26)
Furthermore

ko (x)=k(x,0) defines the initial density which according to Eq. (B.26)
uniformly moves with speed d and let ko be the derivative with respect to its
argument, then
(0k/ot) = —dk g (x—dt)
(0k/ox) =Ko (x —dt)
The conservation equation may be rewritten as
(0f/6k) k’() (X—dl‘)—dkl() (X—dt):() (B.27)

Some considerations may be made about d which is assumed equal to df/dk (see
Fig. B.6); indeed the propagation speed d depends on the density consistently with
the steady state flow density relationship (fundamental diagram). In particular the
density variations may propagate in driving direction (with positive derivative) in
the right part of the diagram (free flow condition, stable flow) and against the driving

Ao tan o.=d = 0f(k;)/ok >0

FIG. B.6
Flow-density diagram.
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direction (with negative derivative) in the left part of the diagram (congested condi-
tion, unstable flow).

Shock waves

Let us consider a road segment (see Fig. B.7) in which at time t* two different flow
conditions may be observed which are respectively stable in the first section (before
section A-A) and unstable in the second section (after section A-A); a space- time
diagram may be introduced to support the description of the phenomenon. Phenom-
ena in the first section propagate with speed tan(a) and may be represented in the
space diagram through parallel segments with angular coefficient equals to a; the
same approach may be applied for section 2. Therefore space—time segments related
to section 1 and space—time segments related to section 2, will meet in the wave front
(continuous line) which propagates against driving direction and the relative speed
equals the slope of the secant of two different states. A further example may be made
if the state 2 is represented by point A in Fig. B.8, which is close to the capacity; in
this case the wave front propagates in driving directions.

“0; tan o= d=f(k;)/ok >0

FIG. B.7

(A) Flow-density diagram. (B) Waves trajectories in a space-time diagram.

x4 State A

State B

v

FIG. B.8

(A) Flow-density diagram. (B) Waves trajectories in a space-time diagram.
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This is the case of the density discontinuity which is described though the shock
wave propagation; in particular regarding the previous example, the shock wave
speed propagation is computed as z=(f, — f;)/(k, — ky).

Another example may be represented with the capacity variation (this is the case
of the bottleneck; see Fig. B.9) indeed in this case it is necessary to consider a dif-
ferent fundamental diagram; in particular due to the effect of the lower capacity the
internal fundamental diagram must be considered. If the flow is lower than the bot-
tleneck capacity, the shock wave propagates stationary in a horizontal direction,
when flow is higher than capacity the flow propagates under capacity restriction thus
the shock wave propagates backwards.

X

State B
C Shock wave speed

B / ate el __\ State C
Speed with which wave A Ate .
leaves the bottleneck
»k B >

! > >

t

FIG. B.9
(A) Flow-density diagram. (B) Waves trajectories in a space-time diagram.

Second order models

Two main limitations may be identified in the LWR model: the first one refers to the
model assumption of instantaneous adaptation of the vehicles speed which is cer-
tainly an idealisation; the second one is about non-homogeneous traffic indeed dif-
ferent desired speed for different vehicle class may be expected. Therefore the
acceleration equation is introduced and these models are classified in a second order
model

dv/dt=0v/ot+vov/ox=1/t vk —V] (B.28)
Payne model

A generalised expression for the acceleration equation is considered in the Payne-
Whitham model (Payne, 1979; Whitham, 1974)

dv/dt=0dv/ot+vov/ox+ (1/k)op/ox=1/7[vg —V] (B.29)

which has a formal relationship with the Euler and Navier-Stockes equation from
hydrodynamics. In particular

» the term v dv/ox represents the transport or convection term and describes the
speed profile of vehicles;

+ the term (1/k) dp/dx represents the pressure term reflecting the speed variance
and then the effect of different vehicles;

285
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» theterm 1/t [vg — v] represents the relaxation term and delineates the adaptation
of the speed to the equilibrium speed based on speed — density relationship and ©
is the relaxation time representing the aggressiveness of drivers.

Models differences are based on the specification of the traffic pressure,
p, the relaxation time, T, and finally the equilibrium speed, vg. For instance
supposing that

p(k) = (1/27) [vo — vk]

In which vy is the free flow speed, if we combine this equation with the acceleration
equation Payne’s model is derived:

ov/ot+vav/dx— 1/t vk —v]+ (1/2k) (ovk k) /0k)(dk/ox) =0

which may be generalised for 7— 0 in Payne’s simplified model:

v=vg — (t/k) (dp/ox) = vk + (1/2Kk) (dvk k)(0k/0x)

In accordance with Payne’s simplified model the conservation equation may be
rewritten as:

0k /ot +d(k vk + (1/2) (avk /ok) (9k/x)) /ox =0 (B.30)
that is the LWR model including the diffusion term:

0k /ot +d(k vk ) /ox = 0(ep(k) ok /ox) | ox (B.31)
Where the diffusion term depends on density and it is equal to

¢ (k) = (—~1/2k) (avx /oK) > 0

Ross model

Regarding the Ross model this originates from the consideration that the vehicle
speed is influenced (limited) by congestion even if each driver would like to travel
at free flow speed, v which is independent of density and density is limited by den-
sity kjay, thus let T be the time interval necessary for the flow equilibrium the accel-
eration equation may be rewritten as follows:

ov/ot+vov/ox=(1/T)[vo — ],k < kj,,

Kerner and Konhauser model [KK model]
Regarding the pressure term in the KK model it is equal to

P =k0p —y,0v/0x
where 6 >0 is a constant term and y, >0 is the viscosity coefficient thus the

acceleration equation will be rewritten as below

Ov/ot+vov/ax = — (0o /k)(0k/dx) + (yo/k)Pv/x+ (1/T)[(dvk — V]
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In general the space and time continuous second order model may be formulated
through the following equations®

(0f k) (9k /ox) + (9k /o) =0 (B.32)
fx ) =k(x, 1) v(x, 1) (B.33)

and a third additional equation representing the acceleration.

Network equations

In order to properly apply these models at network level it is necessary to define
the outflow rates from incoming links at each node within the network. To this
aim the network equations are required which are able to define the inflows into
and outflows out of each node taking into account the inflow capacities into out-
going links.

However in practical applications the network equations for CC models are
obtained through a discretized approach then a proper and more detailed discussion
is proposed in Section B.4.

Continuous time discrete space macroscopic models

In terms of macroscopic models other approaches to flow propagation are based on
time-continuous and space-discrete representation (CD), also referred to as link-
based models. This class of models is specified through differential equations with
respect to the time, for each arc. Main notations used in the following are enlisted
below in alphabetical order (notations come first) for reader’s convenience(notations
come first, then Roman letters, after Greek letters).

nz(t) is the number of vehicles on a arc /, at time t;
fine(9) is the inflow on a arc [, at time t;

Sfouri(?) is the outflow on a arc /, at time t;

tt; (t) is the travel time on a arc /, at time t;

v be the free flow speed.

These models can be subdivided into whole-link and wave models. Each one of them
is discussed in more detail in the following sections.

¢ The expression may be generalised to the case of on—ramps, with in—flows equals to E*(y,t) thus
the conservation equation may be rewritten as (dq/dy) + (dk/dt) = E*(y,t).
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Whole link models

Running links

The time-continuous and arc based models may be classified into two main
approaches: the exit function formulation and the travel time formulation. The first
class of model is based on the exit function relationship which governs the outflow
from a arc; whilst the second class of model is based on the arc travel time. The second
class of model has been introduced in order to overcome the theoretical limitations of
exit function approaches. Indeed these models do not satisfy the following require-
ments: (1) the First in First out (FIFOd) rule able to ensure that no overtaking can occur
between two users who have entered an arc at different times and (2) the consistency
between flow propagation and speed which has to be lower than free flow speed.

Starting from the equation.

np(t+1) = np (t) + (fine (1) —four (t)) At (B.34)
then the conservation equation may be rewritten as:
dny [dt = fini.(t) —fourc(?) (B.35)

In the case of the exit function model, the exit arc function governing the outflow
from the arc (the inflow which is supposed to be known and independent from pre-
ceding arcs) is introduced. Depending on the number of users n(t), the exit function
arc may be formalised as in the following:

four (t) =w(n(t)) (B.36)

then the arc is modelled through the system of differential equations made up of Egs.
(B.35), (B.36).
An example of formulation for the exit function might be the following:

four (t) =Cap (1 — e*"(f)/tr)

where Cap is the arc capacity.

In the case of travel time formulation the arc travel time function tt of the user
who arrives at the time t at the beginning of the arc is introduced as ##(¢). A travel
time value #(¢) depends on the number of users on the arc thus it may be expressed
through a travel time function 7(n) as

11(t) =T(n(1)) (B.37)

Regarding the arc model it is formalised through the system of differential equations
made up of Eqs (B.34), (B.36).

A further discussion for the FIFO necessary and sufficient condition is required;
in particular the rule behaviour is:

dre(t) /dt > —1

4 Under the assumption of one-dimensional fluid flow, the first vehicle entering the arc will be the first
vehicle exiting the arc.
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which guarantees that the exit flows are positive in the case of positive entry flows,
then the condition is equivalent to.

dri(t) fdi = —1+fin (1) [four (t+1t(1))

which implies that f;5(¢) has to be >0 if some users are entering the arc and fo7(f) >0
is not moving in the wrong direction and one of two of the above conditions ensures
that no FIFO violation occurs. The condition may be also rewritten as:

four(t+1t(t)) =fiv (t)/ (1 +dt(2) /dt) (B.38)

furthermore it is still guaranteed that the denominator in the previous expression is
positive.

Finally the equation states that, if the flow on arc at time ¢ is decelerating (dt/
dtt > 0), the flow exiting the arc after the travel time required to cross it will be less
than the flow entering at . Vice versa, if the flow on the arc is accelerating (d#/
dtt < 0), the flow exiting the arc will exceed that entering. However, when the arc
travel time at time ¢ is constant (dt/dtt = 0) (in non-congested networks with constant
supply or in steady state conditions in the system), the flow exiting from an arc is
simply translated in time compared with the entry flow.

Therefore the arc model it is formalised through the system of differential equa-
tions composed by Egs (B.35), (B.36), (B.38).

In general different expressions are proposed for travel time representation (see
Eq. B.37) however the FIFO condition is not necessarily guaranteed. For instance, an
example of travel time expression for running links constrained to the FIFO condi-
tion is given by the following linear function

T(n(t)) =t° + n(r)/Cap

where 11’ represents the free flow travel time and implies that the exiting flow is con-
strained to the capacity and then guarantees that the FIFO condition is never violated.

A similar equation is proposed for the queuing links but the estimated time is the
queuing time (the time spent in the waiting link; T,)

Ty(n(t)) =1/Cap +n(1)/Cap

Network equations

In order to define the network loading model a further flow conservation for each
node within the network is required. However the solution requires the time discre-
tization of Eq. (B.34) and the link discretization in segments. The final result is the
time-discrete and space-discrete models discussed in more details in following
Section B.4.

Wave models

In order to discuss the wave models and in particular the Link Transmission Model
(LTM), first of all the Newell simplified theory of kinematic waves (NSTKW) must
be introduced; indeed the LTM uses the NSTKW to propagate traffic flows on arcs.
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Newell model

Main notations used in the following are enlisted in Section B.1.1 in alphabetical
order (notations come first) for reader’s convenience(notations come first, then
Roman letters, after Greek letters) in addition.

n(x, t) is the number of the last vehicle to pass section x before time t;

A curve of cumulative flow versus time is also known as a Newell-curve or simply
N-curve (Daganzo, 1994), since Newell 1993 developed a simplified version
of the LWR kinematic wave theory based on this concept. This theory is founded
on the conservation of vehicles.

The cumulative function N(x, t) is the number of the last vehicle to pass section x
before time t; the space—time diagram shows the vehicles position as a function of
time (trajectories). The vehicles have been numbered in increasing order in the direc-
tion of increasing time (Fig. B.10).

XA

xq bo--
/1

Xo b=+

\ 4

FIG. B.10
vehicles trajectories and values of cumulative vehicle function N(x,t).

In particular if one draws the curves of the cumulative number of vehicles to pass
some locations x; and X, by time t, the vertical distance at time t between two curves
represents the number of vehicles between x; and x,, the horizontal distance between
two curves at height j, represents the trip time of the jg, vehicle from x; to x,; the area
between curves represents the total travel time of all vehicles. Therefore the evolu-
tion of the traffic is represented by the cumulative number of vehicles that pass the up
and downstream ends x; and x, of each arc by time t.

Let

- n(x, t;) — n(x, tp) be the number of vehicles observed at location x during time
interval [tg, t{];
- n(xp, t) — n(x;, t) be the number of vehicles in section [Xq, X;] at time t.

Starting from the relations already introduced in Section B.3 the following equations
may be obtained:
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the first one is between observed vehicles during time interval and flow
on(x,t,t+At)) /ot =f(x, 1)

the second one is between observed vehicles on section and density
on(t, x,x+4x)/ox = —k(x, ) dx

where the negative sign arises because n decreases in the direction of increasing x.
The function n(x, t) ensures vehicles are not created nor lost along the road segment;
thus n(x,t) exists in a certain region (Ax, At) as well as first and second derivatives;
hence

n(x, 1, t+AT))/dtox = d*n(t, x, x + Ax) | oxot

and the conservation equation may be rewritten as

of (x, 1) /ox+ ok (x, 1) /ot =0 (B.39)
Finally the Green’s theorem yields:

1+AT x+A4x
n(xz,tz)—n(xl,tl):/ om(x, t,t+AT))/0tdt+/ on(t, x,x+Ax)/oxdx
t JXx

t+AT x+Ax
- / g, ) dt — / K(x, 1) d (B.40)
t X

Instead of using the NSTKW to evaluate the flows and densities, and then determine
the cumulative number of vehicles, Newell uses the NSTKW to directly evaluate the
cumulative vehicle number n(x, t).

Newell uses the triangular fundamental diagram and four main parameters are
identified: the free flow speed, the maximum capacity, the critical density and the
traffic jam density; for density less than critical value, vehicles propagate with a free
flow speed otherwise for density higher than the critical value, vehicles propagate in
congested regime. Finally two speed values are identified: v that is a positive speed
and is referred to the free flow conditions and z that is negative and is referred to the
congested flow conditions.

X A

Xt i I T 1
i | | \\\ ¥ N
oL e XN
- . J_W*Wh N
I XEO x l | shegcl l " =
toto + vy tg ty+Ly/z t, te ot ki ka k
FIG. B.11
(A) homogeneous road segment with capacity restriction and (B) triangular fundamental
diagram.

Assume an arc [xg; xi] representing a homogeneous road segment of length 1,;
vehicles travel belong arc from x to xb; suppose that at time t; a capacity restriction
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(f,) at downstream (x\) occurs, traffic states may be described by considering a triangular
fundamental diagram. The initial condition is k(x, ty) =0 and boundary conditions are

k(XOa, [l‘(), fn]) =k
k(x'a, [t ta]) =ko

As displayed in Fig. B.11A the two traffic states (which are identified in accordance
with figure B), respectively, free flow in case of traffic demand f;, and congested
in case of traffic demand f,, and respectively identified with following variables,
ky, f; and v, and k», f, and v, intersect each other in a shock; the shock wave travels
with a negative speed and back propagates against traffic direction. At time t, the
congested states reach arc boundary x{ and from that time the road segment is con-
gested. Below the cumulative vehicle curve at upstream and downstream are
displayed (Fig. B.12).

n(x%t) o n(x",t) o

v
v

to ty t, t, t to ty t, t; t
FIG. B.12

(A) Cumulative vehicle numbers at the upstream boundary xS and (B) at the downstream
boundary x5.

Consider now the following example (Fig. B.13):

n(X%, t) & (X", 1) 4

N3 o AN RE—

to t t ty t to t t ty t
FIG. B.13
Upstream x2 (A) x5 boundary conditions on a arc a (B).
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Free flow traffic state q; travels form upstream,; if this state does not intersect with
another state, then it will reach the downstream arc in 1,/v; time, and the initial traffic
condition at ty will be identical to the traffic condition at time ty+1,/v; hence the
Green’s theorem may be rewritten as

i’l(X()a,l‘())—n(XLu,t0+la/V1) :f|(—la/\11)—k1(—la):la (—f|/V1 +k1):0

The congested traffic state g, travels from downstream to upstream; if it does not
intersect any other state then (Fig. B.14)

n(xo®, 12) = n(xa, t2 +1a/w) =fo(=lo/w) —ka(—1a) = Lo (/W +k2) = kjama

n(x,t) n(x?,,t) n(x,t)

(x4 t)

t t ts t t to t t t t t ty t, ty t
FIG. B.14

Translations of upstream(A) and downstream (B) boundary conditions and the lower
envelope of the double-valued solution (C).

Based on the NSTKW a very accurate procedure to determine sending and receiving
may be defined.

Link transmission model (LTM)
Running links
Regarding the LTM it uses Newell’s simplified theory to propagate traffic flows on
arcs. In LTM traffic states are updated in successive steps, hence the algorithm pro-
vides a discrete time solution of the KW model. At each time interval, At, the algo-
rithm determines the sending flow at the downstream arc, and the receiving flow at
the upstream arc.®

The sending flow is defined as the maximum number of vehicles that could leave
the downstream end of this arc during time interval [t, t+At].

With reference to the sending flow the NSTKW states that in case of free flow
traffic condition (see Fig. B.15), the states have been emitted from upstream tg free
flow time units earlier (let vg be the free flow speed, tr=1/vE).

¢ The general application of the LTM algorithm is based on three successive steps which may be sum-
marised in: (i) estimation of sending and receiving flows, (ii) generation of transition flows at nodes,
and (iii) update of cumulative vehicle number (based on transition flows estimation).



-
294

APPENDIX B Traffic flow theory

t+At- l/v t t+At t
FIG. B.15
Free flow traffic state propagation.

Regarding the conservation equation it may be rewritten as in the following:
n(x* t+ At =l Jvp) —n(xhs, 1+ A1) =1 (=1 vg) —ki (=1) =1; (=f Jvp +k) =0 (B.41)
thus
n(x,-o, t+Ar— ZF/V[:) = }’l(XL[, [+Al)

Furthermore in accordance with the sending flow definition, may be formulated as:
Si(1) < n(x,-[, t+At) — n(x[,-, t) = n(x[o, t+At— lp/Vp) — n(xl,-, t)

and the sending flow is also constrained to the arc’s capacity thus:

S;(t) = min (n(xio, t+At— lp/Vp);fAt)

The receiving flow is defined as the maximum number of vehicles that could enter the
upstream end of this arc during time interval [t, t+At]. The NSTKW states that
in case of congested traffic flow condition (see Fig. B.16), the states have been
emitted from upstream t; free flow time units earlier (let vi be the free flow speed,

tp=— l/W]:)

H(Xio, t+ At) — n(xli, t+A[+1F/Wf) =f (—IF/WF) —k (—1}:)
=lp (—f /wr +k) = kjanlp (B.42)

n(x,-o, t+Al) = }’l(XI[, t+At+ IF/WF) +k_,‘amlp
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t+ At+ /g t t+At t
FIG. B.16
Congested traffic state propagation.

As in case of the sending flow, the receiving flow is still constrained by the arc’s
capacity, therefore the receiving flow will be given by:

R/'(Z) = min (}’l(XI[, t+At+ IF/WF) +kjam l[: — }’l(XjO l‘);fAl‘)

Network equations

In order to define the network loading model a further flow conservation for each
node within network is required and in particular a node model needs to be intro-
duced. This model is able to describe the rules governing the vehicles transferring
from upstream to downstream. Three main examples are discussed: the ordinary
node, the merge and diverge nodes (see Fig. B.17).

N %
FIG. B.17 / \

(A) ordinary node, (B) merge node, and (C) diverge node.

An ordinary node connects an incoming link, to an outgoing link, c. The flow
through an ordinary node is the maximum that can be sent by the upstream link
to the downstream link then the following expression may be applied:

n(xX'q, t+At) =n(xy, t) + min {Sa(t), R.(t)}

A merge node connects two incoming links, a and b, to only one outgoing link, c.
The flow through a merge node is the sum of the Sending flows of the incoming
links constrained to the Receiving flow of the outgoing link j. Indeed if the send-
ing flow exceeds the Receiving flow, it will be assumed that the maximum
amount that can be received by link j will be transferred according to p;; which
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represents the fraction of the total amount of vehicles, coming from link i and
% pi=1.

Each merge model may be applied in order to determine the transition flows yj;
for the upstream links. Then the cumulative curves at the link boundaries are updated
as follows:

n(xta, t+ A1) =n(x 0, 1) +Yac ()
n(xty, t+A1) =n(x"p, 1) +ype(?)
n(xoc, t+Af)=n (xoe, 1) + Yac(t) + ype(t)

where the transition flows may be modelled in accordance with Daganzo (1995) as in
the following:

yij =median (Sis. R;., — ((Zi Sij- S5). i Ry)
A diverge node connects one incoming link, a, to two outgoing links, ¢ and d.

Diverge models determine the transition flows that are used to update the cumulative
curves as follows:

n(xaL, t+At) :n(xaL, t) + Yac (1) +Yaa (1)
n(x(;o, t+At) :n(x(,o, t) + Yac(t)
n(xdo, t+At) = n(xdo, t) +Yaa(?)

The flow through a diverge node is the maximum that can be sent by the incoming
link, unless one of the outgoing links is unable to receive its allocated part of the
Sending flow. We study two approaches for diverging modelling: the FIFO based
on split factor (see Daganzo, 1995) and the parallel method with split factors
(see Lebacque, 1996). Both methods are based on exogenously defined split factors,
pc and py representing the percentage of vehicles going on link ¢ and link d (the sum
equals 1). Two methods are described below:

[FIFO model]
Gij :pij min |:Si, mini (le/pu)}
[Parallel method with split factors]

Gij = min |:pij Si, Rij:|

Discrete time discrete space macroscopic models

In this section the finite difference models as an example of the macroscopic discrete
time and discrete space models are discussed. In particular as already stated in
Section B.3, CC macroscopic models are formulated by differential equations in time
and space dimensions and a solution approach in discrete time and space (this class
of models is also called discrete time and discrete space, DD) is adopted using the
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finite difference method. In this models it is assumed that the road segment is
divided into cells.

Main notations used in the following are enlisted in Section B.3 in alphabetical
order (notations come first) for reader’s convenience(notations come first, then
Roman letters, after Greek letters). In addition.

k is a uniform density in a cell during time interval Af;
n; be the number of vehicles on cell i, equals to k Ax;
N; is the maximum number of vehicles present in cell i.
Cap is the maximum flow rate in cell i;

v is the free flow speed coefficient;

z is the wave speed coefficient;

yi(#) is the inflow (to cell i) at time t;

vir1(2) is the outflow (from cell i) at time t;

A=z/v with z<wv.

Finite difference models

The LWR models need to be solved numerically by finite-difference methods.
In particular the road segment is divided into cells of constant length and time
in the index k increasing in the downstream direction. Each cell is characterised
by the same density and speed (as a function of the speed—density relationship) as
well as the flow between neighbouring cells which is constant during the time
interval.

The most common integration method for LWR models solution is the Godunov
scheme. This method is based on an exact solution of the continuity equation for a
one-time step assuming stepwise initial conditions given by the actual densities of
the cells.

In particular at the first step the road is divided into cells each one of width Ax.
The cell length Ax is the distance a vehicle would travel in a free flow condition,
in a one-time step hence it is equal to free flow speed times the length of the
time step (also called clock tick), Ax =vAt. In must be remarked that the relation-
ship between the cell length and the time step corresponds to the Courant-
Friedrich-Lewy condition and for stability of explicit solution methods that is
vAt < AX.

Regarding the Godunov scheme, the densities are initially averaged for each cell
(each cell has a constant value of density), and from one step, t, to the successive one,
t+ At, the solution evolution is averaged again in order to obtain a the piecewise con-
stant solution.

The density is obtained as a function of flows at the cell boundaries (Fig. B.18).

ki(1+ A1) = k;(1) + (At/Ax) (fi12 —frv12)
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FIG. B.18
Solution evolved exactly (A) solution at time t+At.

The cell transmission model
Let Nj(t) be the vehicle holding capacity of cell i and kj,n, is the jam density (the
maximum number of vehicles which can fit into cell i) thus (Fig. B.19)

Nl‘(l) = kjamAX

cellh celli cellj
Vhi Vij
FIG. B.19
Junction represented trough cell transmission model.

The conservation equation may be rewritten as
nis1 (04 1) =ni(0) +yi(1) = yis1 (1)

The key quantities of the method can be introduced based on the (trapezoidal) fun-
damental diagram Fig. B.20.

f
K/(1v+1/w) -

FIG. B.20

Trapezoidal fundamental diagram.
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The number of vehicles moving from cell i to cell j is given by.
yi(t)=min {n; — 1(z), Cap, 8[Ni(t) — n;]} = min {kv, Cap_z(kjan —k) } (B.43)

and this is the result of a comparison between the maximum number of vehicles that
can be sent by the cell i directly upstream of the boundary S;(f) =min{kv, Cap} and
those that can be received by the downstream cell i, R (t) =min {Cap, z(kjqm-k)}.

Summing up, the flow equation inherently accommodates different traffic con-
ditions from low level flow to oversaturation. In low level traffic (uncongested),
the flow is equal to the number of vehicles in cell i at time t, #;; in bottleneck traffic
(flow capacity), the flow is equal to the saturation flow rate f; times At, and in over-
saturated traffic (congested case), the flow is restricted by the jam density and
depends on the available space in cell i at time t, z;/v[N; — n;]}. This allows us to sim-
ulate the propagation of blocking back phenomena by considering constraints on the
cell outflow equation (receiving function).

Hence in accordance with the Godunov scheme, the flow y(f) can be rewritten in
accordance with the supply (sending)-demand (receiving) rule of the cell transmis-
sion model (Fig. B.21):

yi(f) = min {S;,R;,}

S. A R.A

1 1

f;

1

£y

\ Ao
\ A

FIG. B.21
The sending (A) and receiving rule of cell transmission model.

Depending on the density of each cell, the cells flow propagates into the upstream
cell (propagation speed <0) or downstream (propagation speed >0). Summing up
all steps of the Godunov scheme for the triangular fundamental diagram leads to
the supply—demand method constrained as in following: if supply is the limiting fac-
tor, information travels upstream; if demand limits the traffic flow, information
travels downstream.

Network equations

In order to define the network loading model a further flow conservation for each
node within the network is required and in particular a node model need to be intro-
duced. This model is able to describe the rules governing the vehicles transferring
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from upstream to downstream. In accordance with the LTM model three main exam-
ples are discussed: the ordinary node, the merge and diverge nodes. In the specific
case of CTM the node is represented by a cell then the classification is not referred to
a node but to a cell (Fig. B.22).

T
N

1

FIG. B.22
Ordinary, merging and diverging cell transmission model.

In an ordinary cell if one entering and one leaving are considered, the number of
vehicles moving from cell i to cell j is given by
yi(t) = min {n;, min[Cap;, Cap; ], 6N+ 1- ni+1]}
however if we consider the maximum flows that can be sent and received by cell i in
the interval between t and t+1 a further simplification may be introduced:
Si(t) = min{ n;, Cap;}
R; (t) = min {w(kjun — k), Cap; } = min { §|N; —n;], Cap;}
Then the number of vehicles moving from i to j is given by
Yi(t) = min {8;(¢), Ris1 (1)}
The cell occupancies may be updated in accordance with following expressions':
wi(t+1)=n; (t+1)—y; (1)
ni1 (t+1)=n 41 (14 1) +y; (¢)
In the case of merge there are two links that enter and one leaves. In general flows
must satisfy the following conditions.
yi(t) < Spyii(6) < Sii
Vi) +yii(t) SRiv
as in the case of ordinary links, however it will be assumed that cells i and ii send the
maximum traffic possible if cell i+ 1 can receive it then if the condition is
Riv1>8i+8;
yi(£) =Siyi (1) =S4
If this condition is not satisfied it will assume that the maximum number of possible

vehicles Ry, ; advances in i+ 1 and the fractions of the vehicles come from i and ii,
respectively given by p; and p;; (and the sum equals 1) then if R ;1 <(S; +S5).

f The occupancies n’, (¢ + 1) are intermediate variables introduced only for mathematical notation pur-
poses; they can be eliminated during computer implementation.
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yi =median ((S;, Ri+1—Sii ), piRiv1)
yii = median ((Sii, Riv1—Si), pii Riv1)
These flows are finally combined with the cell occupancies equations.

The last case is related to the diverge in which one link enters and two leave it. It
must be specified that vehicles diverging is regulated on the base of the FIFO rule.
Supposing that the proportions of S; a;,; and a;,, are exogenously determined, then
the number of vehicles exiting from i, y } generates.

Yi=0ai+1)i

Yii+1= Qii+1Yi

furthermore in order to constrain the number of vehicles that can be received by i+ 1
and ii + 1, with respect to Ri,; and Rj;, the following conditions are introduced:
max{y; <S; aiv1Yi <Riv1, Xiiv1Yi <Rii+1}

and the solutionof the linear problem is given by

Yi+1 = min{S[, R[+1/Ol[+1,Rﬁ+1/0m+1}

as in case of ordinary links and merging, these flows are finally combined with the
cell occupancies equations.

Mesoscopic models

These models may be classified in terms of flow representation. Two different
approaches may be identified in the literature: the packet, say the group of users/
the single user representation and the single vehicle representation. A packet of vehi-
cles acts as one entity and its speed on each road (arc) is derived from a speed-density
function defined for that arc. Each packet is dealt with as a single entity which expe-
riences the same traffic conditions. Several authors have proposed methods based on
packets of vehicles to reduce the computed effort with respect to available computer
resources. This feature is significant in order to classify papers proposed in the past
since computing resources which are currently available make it possible to consider
each packet made up of one vehicle only and, therefore, this distinction is no longer
available.

A further classification of packet based models can be made in terms of a dis-
crete packet and a continuous packet. In the first case, a discrete distribution of
vehicles in the packet is considered. All users are grouped in a single point (for
instance the head of the packet) and, therefore, are located contemporarily at the
same position over the arc. In the continuous packet based approach, the vehicles
are considered uniformly distributed (in time or space) in the packet, which is thus
identified by two main points i.e. the head and the tail of the packet. Due to their
inherent difficulties related to numerical problems of internal consistency when
instantaneous density variations between adjacent simulation steps occur, only a
few authors in literature have investigated continuous packet models and the most
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relevant contributions rely on discrete packet methods. It is worth noting that con-
tinuous packets are relevant only when packets are made up of more than one
vehicle.

In general, these models do not allow detailed simulation of the behaviour of indi-
vidual vehicles (overtaking, lane-changing, etc.)

Mesoscopic traffic flow models may be further classified in terms of queu-
ing representation in arc based models, which are in turn grouped further
depending on the performance function, and node based models, usually refer-
ring to the models which consider the flow splitting rates. In particular, arc
based models are also divided in (i) travel time models and (ii) exit function
models.

Travel time models may also be classified depending on the arc representation:
by considering the whole arc so that the travel time is the sum of running travel time
and queuing time or by considering the arc divided in a running part (free flow mov-
ing) and a queuing part.

Traffic analysis and flow forecasting mesoscopic dynamic
[TRAFFMED]

In this section an overview of the TRAFFMED (traffic analysis and flow forecasting
mesoscopic dynamic) is provided in particular with reference to the packet genera-
tion and the traffic dynamics.

This traffic model is based on discrete packet representation and each packet is
made up of a single vehicle only. It is an arc based model, falling within the class of
the travel time models, and makes it possible to explicitly represent: horizontal
queues; proportional traffic leaving a node through an explicit path choice model;
the dynamic generation of the path-flows incidence matrix.

Furthermore, a speed-density relationship is adopted to evaluate the speed of a
packet on the running part only and it is not used as a cost function. In this way,
double counting the delay experienced by the vehicles is avoided, firstly due to the
traversal speed (which is computed as a function of the actual density) and then
due to the queuing delay (which is obtained as a result of the simulation). It is
considered a dynamic queue-running part representation by including arc capacity
restrictions which are due to the signal timings variations over the time steps of
simulation.

Main notations used in the following are enlisted below in alphabetical order
(notations come first) for reader’s convenience(notations come first, then Roman
letters, after Greek letters).

a is the arc;
k¢ is the critical density on the arc a, i.e. the density corresponding to the capacity
in the fundamental diagram;



APPENDIX B Traffic flow theory 303

Kk is the density of the running part of the arc a at beginning of sub-interval y;

1, is the length of arc aq,

1, — x5 is the part of the arc occupied by the queue;

n.(P) is the number of elements of packet P, that is, n.(P)=1;

Cap, is the capacity at the final section of the arc a;

t are the discrete simulation time intervals;

u,(#;) is the number of packets which left the arc until time ¢;

v} is the speed on the running part of the arc a, updated at the beginning of each
sub-interval v, as a function of density kZ;

X is the abscissa of a section S in arc a that divides the arc into two parts named
respectively running part [0, x3) and queuing part [x3, 1,];

y are the sub-intervals of the discrete simulation time intervals;

0 is the length of the generic sub-interval y and let #; € [0, d];

O/T is the ratio between the length of interval y and the time unit T considered for
the capacity.

The generic packet P, is characterised by a departure time n within the departure
interval, h (which is the simulation interval during which the departure occurs)
and an origin/destination pair rs; path choice is evaluated at the beginning of each
departure interval, say at the origin and may be updated at the beginning of each sim-
ulation interval t, if en route rerouting occurs.

A packet P moves in the network and it is subject to queuing phenomena. The net-
work is represented by a graph G(N,A), with N the set of nodes and A the set of arcs.

The position of section S is obtained by the dynamic network loading (a detailed
description is provided in Fig. B.23) and is updated at each time interval t considering
the number of packets in the queuing part of the arc at the previous interval t — 1; the
speed on the running part of the arc at interval t depends on the outflow conditions of
the previous interval t — 1.This approach is slightly inconsistent since the level of
service in the interval is considerably affected by flows and queues in the previous
interval and not in the current. This assumption makes it possible to greatly simplify
the computation while the inconsistence can be limited by reducing the length for the
sub-interval, t.

Outflow conditions on each arc are considered homogeneous and constant for the
entire duration of a sub-interval, 8. They are estimated at the beginning of each sub-
interval and maintained for its entire duration, thus avoiding the occurrence of the
internal fixed point problem.

Summing up, the movement of a generic packet depends on its position on the arc
(running or queuing) and it can change its outflow conditions by moving forward
from the running part to the queuing part of the arc.

At each simulation time, the length of the queue on the arc (and, consequently, the
abscissa of section S) is updated and it is possible to take into account the eventual
occurrence of queue spillback.
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Packet generation.

Then the movement rules of packets within each part of the arc and the queue
spillback simulation are described. These rules also make it possible to compute
the travel time on the running part and on the queuing part.

Let I'ggy be a sub-graph composed of the set of arcs that belong to the feasible
paths connecting the O/D pair computed at time t;, and let x be the abscissa on
arc a belonging to sub-graph I'o4, representing the position, at time t; of interval
t,, of packet P left at the time t; of the departure interval h <t; (if h=t; then ty <t;).

With reference to the arc model described above, the following cases may occur:

if x <xsa‘ packet P is located on the running part of the arc, it moves forward at a
speed v,” then within the interval ¢,, packet P may reach a maximum abscissa Pl
consequently.

if (x*g o« —X)<(6—1ty) v}, packet P enters the queuing part of the arc a, before the
end of the interval, at time t’ computed as in follows:

fi=t+ (xsa —x)/vya

otherwise, at the end of the interval it remains located on the running part;
if x> x5, packet P moves on the queuing part of the arc a; the length of the queu-
ing part travelled by packet P by end of the interval is given by:

A= ((6—1)Cap,/k’
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if x+4 > [,, packet P leaves the arc a during the interval t at time:
l‘]” =hH+ ((lu *X) ka(-)/la

otherwise it remains on the queuing part of the arc a.

Network equations
When packet P reaches the end of arc a, it is necessary to identify the next arc of its
followed path.

Let A" be the choice set of available arcs (made up by the arcs of Directed
Acyclic Graph—DAG) whose initial node correspond to the final node of arc
a, a choice weight is associated to each one of these arcs so that the arc-choice
problem can be formulated. All arcs in the set, belong to at least one path connect-
ing the rs pair, starting from r at time t, the arrival at destination of the packet is
ensured. For each origin—destination pair, and departure time a DAG sub-graph is
associated to the packet P. Such a sub-graph is composed of the set of arcs that
belong to the feasible paths connecting the origin—destination pair rs computed at
time T.

A choice weight is associated to each arc; the sub-graph is generated by implicit
paths enumeration (i.e. Dial’s STOCH; see Dial, 1971) thus the arc-path incidence
matrix is dynamically generated at the beginning of each interval t as well as the path
flow patterns.

Before entering the next arc a+ it must be verified that (i) arc a+ can accept the
incoming packet and (ii) the residual capacity of arc a allows packet P to move to the
next arc a+.

When packet P reaches the end of the arc a, before moving forward to the next arc
a+, it has to be verified that the length of the running part of the arc a+ is not null, that
it is x5,+>0.

If x5, + >0, packet P may enter the arc a+ otherwise it means that the entire length
of arc a+ is occupied by a queue and packet P remains on arc a until the queue length
on arc a+ is smaller than the length of the arc a+, that is for the time until the con-
dition 1,, — x>, <1, is satisfied

Once verified that the length of the running part of a arc a* ¢ A" is not null, that is
X5, >0, it must be verified that the residual capacity of the arc a allows packet P to move
to the nextarc a*. It must be remarked that consistently with the discrete time simulation
x5 is defined at the beginning of each simulation interval and then it is assumed constant
during the whole interval; thus the error strictly depends on the simulation interval size
(a smaller interval size induces lower error).

In general two topological representations may be considered at node as dis-
played in following Fig. B.24; in particular Fig. B.24 guarantees a more realistic rep-
resentation of spillback phenomena.
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FIG. B.24

Junction topological representation.

Finally some further information needs to be introduced in terms of capacity
constraint.

If [u,(t)) + n.(P)]/t < Cap &/T packet P may leave the arc a, otherwise the arc a is
saturated and packet P remains on the arc as long as a residual capacity, which allows
the packet to leave the arc, becomes available.

Finally it is possible to express:

the arc queue length, (/, — x5 @)-
the (arc) delay, (I, — x°,) k% Cap,.
the network total delay (the total queuing time): X, (I, — xsd) k. Cap,.

Microscopic models

Models able to simulate the vehicles interactions can be classified in car following
models for longitudinal interactions for vehicles along the same lane and lane chang-
ing models for vehicles travelling along different lanes. In this section some of the
most relevant car following models are discussed.

Main notations used in the following are enlisted below in alphabetical order
(notations come first) for reader’s convenience(notations come first, then Roman let-
ters, after Greek letters) (Fig. B.25).

a,, is the desired acceleration of vehicle n at time t.

a,, max D€ the upper bound of the vehicle acceleration.

b*, is an estimate of the deceleration applied by the preceding vehicle.
b,, is the desired deceleration.

d’ ,.1 be the leading vehicle deceleration.

d,, is the vehicle acceleration.

d,,max 1S the max deceleration in the braking condition.

n, is the following vehicle.

n-1 is the leading vehicle.
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s,() =X%,(f) — x,,.1(¢), is the spacing between two successive vehicles, n and n-1,
front to front;

Sn, max 18 the lower bound of the free flow driving condition.

Sy, min 1S the upper bound of the braking condition.

s,,. s 18 the safety spacing representing the upper bound of the collision condition.

s,.1 1s the effective length.

T=1/w kj,, is the time shift between two consecutive trajectories with w wave
speed and Kj,, density;

u is the speed of vehicles travelling along the highway.

v is the vehicle speed.

v’ ,(¢) is the vehicle free flow speed.

V(1) is the vehicle speed due to the presence of the leading vehicle.

vdn(t) is the desired vehicle speed.

vk is the equilibrium speed as a function of density k.

x is the vehicle position.

x,(t+T) is the longitudinal position of vehicle n at time t+T.

Av, (t-t,) is the speed difference between subject vehicle and leading vehicle.

Ax is the relative position between leading and following vehicle.

0= 1/k is the space shift.

A is the sensitivity parameter which may assume different functional forms.

7, is the reaction time.

direction =
n n-1
Xn
< > X
n-1

A
\ 4

FIG. B.25
General overview of the road stretch with leading and following vehicles.

In particular in this section an overview of five main models is provided: the
Stimulus- Response models, the Safety and Collision Avoidance models, the Lower
Order models, the Psycho-Physical models and finally an alternative approach based
on a Cellular Automata models is also briefly presented (see Fig. B.26).
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7= Engineering approach
7= GHR models
Chandler et al. (1958)
Helly (1959)
Edie (1960)
Gazis et al.(1961)
Yang and Koutsopoulus (1996)
= Safe distance models
Gipps (1981)
Leutzbach (1988)
Jepsen (1998)
Z—Lower order model
Newell (2002)
=7 Psyco- physical approaches
Z= Action point model
Michaels (1963)
Wiedemann (1974)
Hoffman and Mortimer (1996)
Francher and Bareker (1998)
Krauss et al. (1999)
7= Cellular automata model
Nagel and Schreckenberg (1992)
Barlovic et al. (1998)
Kerner, Klenov and Wolf (2002)

FIG. B.26
Microscopic models overview.

Stimulus—response models

Gazis-Herman-Rothery (GHR) model

The Gazis-Herman-Rothery (GHR) family of models is probably the most studied model
class. The basic relationship between a leader and a follower vehicle is in this case a stim-
ulus-response type of function that was first introduced by the General Motors research
laboratories (Chandleretal., 1958; Gazis et al., 1961). The framework assumes that each
driver responds to a given stimulus in accordance with the following relationship:

response = sensitivity x stimulus

In general the following vehicle response (the acceleration) is strictly influenced by
the speed difference between follower and leader, and the space headway.

The first developed model was by a Chandler et al. (1958); it was a mono-regime
model based on a linear expression in which the vehicle acceleration is proportional
to the relative speed between follower and leader (stimulus)



APPENDIX B Traffic flow theory 309

a,(t)=A4v, (t—1,) (B.44)

The main limitation of this model was on the independence of the stimulus from vehi-

cles distance thus if the speed of the leading vehicles is higher than the speed of the

following vehicle the acceleration is positive however the acceleration is still positive

also in the case of small distances. Further developments were proposed in order to

increase the model realism specifically the sensitivity term was modified in order

to be proportional to the speed and inversely proportional to the vehicles distance.
The final expression is

a,(t)y=a-VP, (t)-Av, (t—1,) /Ax, (t—7,) (B.45)

where >0, f and y are model parameters that control the proportionalities.
However this model is unrealistic in representing the human ability to perceive
small changes in driving conditions in particular any response is appreciated when
the speed difference is null and in case of low density conditions.
In order to capture differences in driving behaviour Yang and Koutsopoulos
(1996) proposed a multi-regime model in which depending on the spacing between
vehicles three different driving conditions may occur:

— emergency: if the headway is lower than a fixed threshold (/4;,,,.,);
— free flow driving: if the headway is higher than a fixed threshold (/,,,p,);
— car-following: if the headway is between two thresholds above.

an(t) = Qqce/dec * Vnﬂayc/dec (t) -Av, (t - Tn)/lacc/dg(-/Axn (I - Tn)ya(,-L»/dg(- (B.46)

where Oycc/decs Pace/dec, Yace/dee AN Agce/dec  are parameters to be calibrated.

Stability in microscopic models

The equation proposed by Chandler is a differential equation thus it is necessary to study
the stability and the stationarity of the equation and then of a vehicles stream. As already
anticipated this model is realistic only in the case of high spatial density and it is not able
to analyse vehicles travelling in platoons which are independent of each other.

A vehicles stream can be considered stable if a perturbation of the motion of one
vehicle in the flow slightly affects the others vehicles without introducing any phe-
nomenon amplification.

A vehicles stream can be considered stationary if all variables describing the flow
are constant over time; in general an unstable vehicles stream never achieves the sta-
tionary condition.

Stability may be studied with reference to two successive vehicles and all ana-
lyses may be further extended to the whole vehicles stream.

In particular the local stability may be distinguished if the analyses are limited to
a set of nearby vehicles whereas in the case of asymptotic stability the analyses may
be extended to all vehicles in stream.

Usually stability is primarily studied at local level and then extended to the
global conditions.
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Local stability has been proposed by Herman in the case of f =y =0 and the gen-
eral car-following equation may be rewritten as:

ay(t)=a-Av, (t—1,) (B.47)

stability depends on at,; in particular four different conditions may be observed
(Fig. B.27):

ot, < 1/e: non-harmonic motion;

1/e <at, <n/2: damped harmonic motion;
at,=mn/2: simple harmonic motion;

at, > m/2: increasing harmonic motion.

non-harmonic motion

. . damped harmonic motion
time time

— >

\\ / o

. simple harmonic motion . increasing harmonic motion
time /\ \ time .
R % N\

\/

Local stability in a car-following model: vehicles relative speed.

The local stability may occur when drivers travelling in the same stream are char-
acterised by the same reaction times and they rapidly react to the stimulus.

If for a specific driver the term at, is lower than 1/e (around 0.37) the asymptotic
stability will be observed otherwise in the opposite condition local stability
cannot exist.

Asymptotic stability may be observed in two conditions:

at, < 1/e stable;
at, > 1/e unstable.

The stationarity phenomenon may exist only when delay t, equals zero otherwise
stability will never be observed.
When driver react with any delay, the following general equation may be applied:

dp ([) = aac('/de'c : Vnﬂacc/der (t) 'Avn (t - Tn)/Axn (t - Tn)yacl-/dg(» (848)

The solution for the equation with specific values of § and vy, provides some macroscopic models
in particular:

B=0, y=1: Greenberg’s model;
B=0, y=2: Greenshields’s model;
=0, y=3: Drake’s model.

B=1, y=2: Underwood’s model.
B=1, y=3/2: Drew’s model.
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Safety and collision avoidance models

In this class of models drivers of the following vehicle try to completely preserve the
safety distance with respect to the leading vehicle. In particular the speed is selected
by the driver in order to ensure that the vehicle can be safetly stopped in the case that
the preceding vehicle should suddenly brake.

The safety distance is computed on the base of the motion equations. Gipps
(1981) proposed a multi-regime model in which two driving conditions are
identified: the free flow driving and the car-following regime; the driver chooses
the smaller speeds between them:

Vu(t+7,)=min {c; d} where c and d are equal to.

e = vy (1) + 2.5, 7, (1—v0(1)) /v, (0.025 +v, (1) /v,) /2

d = by (1) Ty + b2 (1) 7,2 — b*, [2(Axn (1) = $u1) — Vn 7w — V1 (£)? /b*] (B.49)

Lower order models

These classes of models unlike models that operate on acceleration or speed directly
operate on vehicles position thus are called lower order models.

A model developed by Newell (2002) was based on the assumption that the time
space trajectory of vehicles on a homogeneous highway is identical to the preceding
vehicles’ trajectory except for space and time shifts then

[ xu(t) +VT, infreeflowconditions
X, (t+T)=min : ) - (B.50)
Xn—1(t) =8, incongestionconditions

It must be observed that in this model a driver’s reaction time is not considered.

Link between microscopic and macroscopic models
It may be verified that a macroscopic model, in particular Payne’s model, is derived
from a car following model.

v(x(t+7,), t+7,) = v (k(x+Ax), 1)

In order to derive the partial differential equation of Payne’s model, Taylor’s expan-
sion rule has to be applied respectively on the left and right term of the previous
equation

v(x(t+1,), t+7,) = v(x, 1) +T,v(x, ) Ov/0x + 7,0v/ 0t
and
vi(k(x+Ax), ) = v (k(x, t) + Axok/ox o vy (k(x, 1) /o k

The traffic density k equals 1/Ax thus the first equation about the car following model
may be reduced to

v(x,t)ov/ox+av/ot=1/z, (vi(k(x,t) —v(x, 1)) — (1/7,0v/0k) (1/k Ok /0x)
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which may be reduced to the following equation.

v(x, ) ov/ox+ov/aot=1/z, (vi(k(x, 1) —v(x, 1)) — (k) (1/k Ok /ox)

if (1/7, 0/ 0k) = (k)

Psycho-physical or action point models

This class of models was introduced in order to improve traffic safety and to better
understand some of the most relevant traffic phenomena such as capacity drop, hys-
teresis phenomenon, stop and go oscillations. These models aim to reproduce the
human abilities and the errors by explicitly introducing the human-factors in the rep-
resentation of the driving process.

In general it is expected that each driver is different in his driving style therefore it
is necessary to integrate the latest CF models from both engineering and psycholog-
ical perspectives.

Some of the human factors affecting drivers’ behaviour are

- The socioeconomic characteristics

- The reaction time

- The accuracy (the error) in estimating spacing and speeds

- The perception threshold

- The ability in predicting traffic situations

- The impact of different traffic situations (context sensitivity)

- The imperfect driving: the same driver may exhibit different behaviours even
though the traffic conditions are the same

- The aggressiveness and risk propensity

- The distraction

- The desired speed/spacing/headway

The basics of the psycho-physical models are the introduction of perceptual
thresholds aiming to define the minimum value of the stimulus affecting the
driver’s reaction avoiding the simulation of the driver’s reaction in case of the
small changes.

These thresholds or action points introduced by Michaels (1963) are expressed as
a function of speed difference and spacing between two successive vehicles in a car
following regime. In general thresholds are able to alert drivers or provide more free-
dom depending on the spacing if it is small or large. The key point is the introduction
of driver’s perception of vehicle distance by the effect of different relative speed
perception due to the visual angle threshold.

Wiedemann’s model
Wiedemann (1974) proposed a further method for thresholds computation in order to
identify four driving regimes (Fig. B.28)
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FIG. B.28

Thresholds of the action point model.

A more detailed example is provided in following figure:

Relative distance AX

|Approach of faster vehicle

Perceptual
threshold

OPDV

Reaction Zone

No reaction

Sbv

Perceptual
threshold _

CLDV

Reaction Zone

BX

Deceleration
AX

Collision
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FIG. B.29

Leader relative speed AV
Decreasing distance —»

Wiedmann’s CF model.

Source: Wiedemann, R., 1974. Simulation des Strassenverkehrsflusses. Schriftenreihe des Institutes fiir

Verkehrswesen der Universitat Karlsruhe.

AXE: the desired spacing between the front sides of two successive vehicles in a
standing queue; AXE =L,_;+AX_,qq Where L, _; is the length of the leading

vehicle.
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ABX: the desired minimum following distance; it is a function of AXE, the safety
distance and speed; ABX(t)=AXE + BX [vn(t)](l/z) where v, (t) is the
minimum of the speed of the subject vehicle and the lead vehicle.

SDV#: the action point where a driver consciously observes that he/she is approaching
a slower leading vehicle SDV(t) = [(x,.1(t) — X,(t) — L.y — AXE)/CX]Z.

CLDV: closing delta velocity is an additional threshold that accounts for
additional deceleration by the application of brakes; CLDV (t) =[(X,.1(t) —
xn(t) — L,; — AXE)/CLDVCX]>.

OPDV (Opening Difference in Velocity) curve is primarily a boundary to the
unconscious reaction region. It represents the point where the driver
notices that the distance between his or her vehicle and the lead vehicle is
increasing over time. When this realisation is made the driver will accelerate
in order to maintain the desired space headway thus this is the action
point where a driver notices that he/she is slower than a leading vehicle;
OPDV =CLDV - k.

SDX: A perception threshold to model the maximum following distance; it is
1.5-2.5 times BX; SDX(t)=AXE + EX -BX [v,(t)]"?.

AX.q4, CLDVCX, k, EX.

The dark line in Fig. B.29 shows the decision path of an approaching vehicle. A vehi-
cle travelling faster than the leader will get close to it until the deceleration percep-
tual threshold (SDV) is crossed (at Point A). The driver will then decelerate to match
the leader’s speed. However, as a human being, the driver is unable to accurately
replicate the leader’s speed, and spacing will increase until the acceleration percep-
tual threshold (OPDYV) is reached (at Point B). The driver will again accelerate to
match the leader’s speed and the process continues, as shown in the unconscious
reaction zone.

In particular in accordance with the identified action points four driving regimes
are identified:

Free deriving regime: the driver applies the maximum value of acceleration,
bmax, in order to achieve the desired speed;

Closely Approaching regime: the regime occurs when a vehicle in the Free Driv-
ing Regime passes the SDV Perception Threshold the driver of the following vehicle
applies deceleration in order to preserve the distance value ABX

an(t) = (1/2) (Av)(t—7,)* /|[ABX (t —7) — Ax(t —7,)] + atp_1 (1 — 7,) (B.51)
Car-following process is defined in accordance with following constraints:

ABX(f) < Ax < SDX(1)
CLDV (1) < Av < OPDV (1)

€ A further similar threshold can be applied when the subject vehicle is already engaged in following
the lead vehicle; it is still the point where the driver notices that the distance between his or her vehicle
and the lead vehicle is decreasing over time.
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and further described through the two following regimes:

Deceleration following regime: The deceleration following regime occurs as a
result of a vehicle in the approaching or closely approaching regime passes the per-
ception threshold or a vehicle in the acceleration following regime passes the second
perception threshold.

Acceleration following regime: The acceleration following regime occurs when a
vehicle in the deceleration following regime passes the opening difference in veloc-
ity threshold or a vehicle in the emergency regime passes the minimum following
distance threshold.

Emergency regime: regime occurs any time that the space headway is below the
minimum following distance threshold and may be influenced by the leading
vehicle’s behaviour that suddenly decelerates:

an(t) = (1/2) (Av)(t — 1) JAX - AX (t—10) + @1 (t— Ta) +bpiny. [ABX(t — 1) — Ax (t—7,)] /BX  (B.52)

where b, is the maximum value of deceleration.

Cellular automata models

Another approach that may be proposed for microscopic traffic flow modelling, is
the cellular automata. In this kind of model the space is discretized in an array of
cells and each cell may be empty or not depending on the vehicle presence. The state
of each cell is described in discrete time steps and is affected by the state of neigh-
bouring cells.; the length of each cell is related to the vehicles length (around two/
three vehicles) and the array dimension depends on the number of lanes. Vehicles
move to cells ahead based on specified rules.

Nagel-Schreckenberg model
A simplified approach has been proposed by the Nagel-Schreckenberg model in
which a single lane is considered and each cell size corresponds to the length of
one vehicle. Speed is unidimensional and is given by the ratio between the cell length
and the time step; furthermore speed is usually constrained by a maximum value.

Vehicle speed and position at the next time steps are updated in accordance with
the following three equations.

Deterministic acceleration:

v(t) is the vehicle speed.

The vehicle speed v*(t+1) may be updated considering the minimum value
among three terms:

g, 1s the number of empty cells between the vehicle and the next vehicle and the
corresponding speed is g — 1.

the desired speed, vy.

the speed obtained when accelerating and given by v+1 in free flow conditions.

the safety speed.
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Dawdling:
depending on a random term p, the speed may not be accelerating or decelerating
thus
(v¥(t+1)—1,0) with probability p
v(t+1) = max .
vE(E+1) otherwise
Driving:

x(t+1)=x(t)+v(t+1)

Summary
Major findings
This chapter aims to provide an overview of the traffic flow theory. In particular
starting from the main definitions and assumptions, the focus in the first part is
on the stationary models whilst in the second part on the non-stationary models.
In both cases all analyses are referred to the running and queuing links. Additionally
in non-stationary models the network equations are also described in order to prop-
erly support the applications at a network level.

Some relevant considerations may be made specifically with respect to each of
dynamic models discussed in the chapter.

Macroscopic models are based on a compact analytical formulation however it is
not easy to support the extension at network level; furthermore, as will be discussed
in the following section about main remarks, another limitation is on queues model-
ling. Finally these models require, as properly discussed in Section B.4, a finite dif-
ference of solution methods.

Some relevant difference may be revealed in mesoscopic models. Indeed these
models are not based on a compact formulation however the extension at network
level may be easily pursued. A proper queue modelling and spillback simulation
is also formalised in mesoscopic models. Finally these models may be easily solved
through a simulation approach. Both models, macroscopic and mesoscopic should be
considered for large scale analyses. Regarding the microscopic models these provide
a very detailed representation including queuing phenomena, junction control etc.
however these models are based on several parameters thus the calibration procedure
is very complicated unlike macroscopic and mesoscopic models.

In general, as already specified in the book, several parameters in the chapter
need to be calibrated however this relevant issue is out the scope of this book.

Further readings

The most elementary continuous traffic flow model is the first order model developed
concurrently by Lighthill and Whitham (1955) and Richards (1956), based around the
assumption that the number of vehicles is conserved between any two points if there
are no entrances (sources) or exits (sinks). They finally proposed a continuous model
known as the Lighthill-Whitham-Richards (LWR). This particular model suffers
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from several limitations. The model does not contain any inertial effects, which
implies that vehicles adjust their speeds instantaneously, nor does it contain any dif-
fusive terms, which would model the ability of drivers to look ahead and adjust to
changes in traffic conditions, such as shocks, before they arrive at the vehicle itself.
In order to address these limitations Payne (1971), Ross (1988), and Kerner and
Konhauser (1994) proposed a second order continuous model governing traffic flow.

Daganzo (1995) demonstrates that the Payne model, as well as several other
second-order models available in the literature, produces unrealistic behaviour for
some traffic conditions. Specifically, it is noted that traffic arriving at the end of
a densely-packed queue would result in vehicles travelling backwards in space,
which is physically unacceptable. This is due to the vehicles behaviour that is influ-
enced by vehicles behind them due to diffusive effects.

Asthe differential equations used in the LWR model are difficult to solve, especially
in situations of high density variations like bottlenecking (in these cases the LWR calls
for a shock wave), different approximate techniques have been proposed to solve those
equations. Newell (1993), introduces a simplified theory of kinematic waves in which,
by using cumulative inflow/outflow curves, the state of flow at an extreme, according to
the traffic conditions of another one, can be predicted without considering traffic con-
ditions at intermediate sections. This theory provides a relation between traffic flow and
density. Therefore the author proposes a space discrete model (link based) which pro-
vides link travel times complying with the simplified kinematic wave theory.

Consistently with simplified first order kinematic wave theory after Newell,
Yperman et al. (2006) it presents the link transmission model (LTM) in which link
volumes and link travel times are derived from cumulative vehicle numbers. Another
way to solve the LWR space continuous problem is introduced by Daganzo (1994)
through the “Cell Transmission model”, developed as a discrete analogue of the
LWR differential equations in the form of difference equations which are easy to
solve and also take care of high density changes.

With reference to mesoscopic models classification in the literature at present con-
cerns headway distribution, cluster and gas kinetic models. Regarding the first group,
Hoogendoorn and Bovy (1998) developed a headway distribution model for multi-
class traffic flow and multiclass multilane traffic flow, whilst an example of cluster
models based on the homogeneous representation of the cluster according to the speed
and size of the cluster itself was provided by Botma (1978). In contrast, some meso-
scopic models are derived in analogy to gas-kinetic theory and are based on dynamic
representation of speed distributions (Prigogine and Herman, 1971; Paveri-Fontana,
1975; Hoogendoorn and Bovy, 1998). Moreover, as with cluster-based models, a fur-
ther classification proposed in the literature refers to packet-based models in which
vehicles are assumed grouped into packets (Leonard et al., 1989; Cascetta et al.,
1991; Dell’Orco, 2006; Celikoglu and Dell’Orco, 2007). In this case two main
methods may be distinguished depending on the representation of packets, namely dis-
crete or continuous (Di Gangi, 1992). These methods consider vehicles as packets
and their travel times are calculated as a function of current flow on the link. A
similar approach may be found in Mahut et al. (2002) who, on the basis of the
space—time queue concept, estimate travel time in accordance with the flow-density
relationship.
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As highlighted in Dell’Orco (2006), a common problem in mesoscopic models is
how to represent the anisotropic property of traffic flow models. In order to obtain a
more realistic representation and thus overcome the limitation of all vehicles moving
at the same speed, the author proposed a model in which packets are uniformly accel-
erated, thereby avoiding averaging speed.

Further model developments are proposed in the literature in terms of: acceleration
behaviour description (Celikoglu and Dell’Orco, 2007; Celikoglu et al., 2009), link rep-
resentation which may be considered instantaneous (Ran and Boyce, 1996) or traffic-
responsive (see He, 1997; Di Gangi et al., 2016), outflow capacity which may be clas-
sified as fixed (He, 1997) or variable (Bliemer, 2006), and multicommodity modelling
(Bliemer, 2006). Finally, path choice modelling has been treated by Ben-Akiva et al.
(1996), Jayakrishnan et al. (1994), Celikoglu and Dell’Orco (2007), and Bliemer (2006).

Although mesoscopic traffic dynamics (queue lengths, delays, shockwaves etc.)
have been widely investigated especially in terms of queue modelling (Ben-Akiva
et al., 1998; Ben-Akiva, 2003a, b; Burghout, 2004; Di Gangi et al., 2016), less is
known about traffic flow propagation phenomena in terms of dispersion and vehicle
discharging.

Regarding microscopic models the main efforts are on the car-following theory
able to model the interaction between the leading and the following vehicle; each
vehicle reacts to the stimulus of the leading vehicle in terms of driving behaviour
by accelerating or decelerating. The basic representation of the dynamic representing
the interaction in the car-following models, is the stimulus—response approach in
which the stimulus may be represented through the vehicle speed, the acceleration,
the relative speed and the spacing between vehicles. The General Motors model was
the most well-known stimulus-response model, which was first put forward by
Chandler et al. (1958); in particular in this model stimulus is specified through the
relative vehicles speed then each vehicle tends to move in accordance with the speed
of the leading vehicle. Further developments may be found in Gazis et al. (1959) in
order to overcome the main limitation of not explaining the traffic situation in higher
density. The Collision avoidance (Gipps, 1981) models focus on a safe distance rather
than describing a stimulus—response type function; in accordance with this model
according, the collision would be unavoidable if the distance is shorter than the safe
distance. However one of the model limitations is that the driver might take the
behaviour of several preceding vehicles into account and predict to what extent
the preceding vehicle might then react by decelerating. Another approach is the
physiology-psychology model is also called the Action Point firstly introduced by
Michaels (1963). The main idea is that driver reacts if he perceives that it is now
approaching the vehicle then thresholds must be defined before the driver reacts. Fur-
ther enhancements are proposed by Wiedemann (1974) aiming to define the different
regimes in car following based on the driver’s relative distance and velocity to the
front vehicle. Therefore the model considers that larger headways driving behaviour
is notinfluenced or alternatively small headways driving behaviour is influenced only
if changes in relative speed and headways are large enough to be perceived. It is
assumed that the driver behaves differently in each regime, and then, the acceleration
is calculated differently. The considered regimes are the free driving, closing in, and
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emergency regimes, corresponding to a set of thresholds. Some of these thresholds
use a speed parameter, but others rely solely upon the difference in speed between
the subject vehicle and the lead vehicle. In the class of microscopic models the cel-
lular automata model firstly introduced by Nagel and Schreckenberg (1992) for traf-
fic flow simulation may also be considered. This model is based on a space
discretization corresponding to the road representation by cells. The model was based
on a one- dimensional array of cells with some boundary conditions; each cell may be
occupied or empty depending if there is a car or not and each cell may be occupied by
no more than one car. Regarding the speed it is represented by an integer variable in
the range between zero and an upper bound corresponding to the maximum speed
(equal to 5 in the original research); the number of cells that vehicles may progress
depends on the speed (if speed equals 3 the vehicle may move forward 3 cells).

For further details on other models and some practical examples the book by
Treiber and Kesting (2013) about data, models and simulation in traffic flow dynam-
ics is suggested to the reader.

Remarks

In general it must be remarked that the appendix aim is to provide the reader with the
main notations, assumptions and definitions with reference to the traffic flow theory.
In particular the main idea is to propose to the reader an useful appendix supporting
the chapter about within day traffic flow modelling. Indeed arc traffic performance
models can be used to specify dynamic network loading (DNL) models, which pro-
vide arc flows and travel times consistent with path flows. Therefore DNL can be
combined with a travel time model aiming at path travel times computing; the path
travel times can be used to define transportation costs.

Another remark may be referred to the spillback and vehicles dispersion phenom-
ena that significantly affect the realism in traffic flow simulation; however these phe-
nomena are not reproduced by all models in literature.

In particular regarding vehicles dispersion during the last five decades several
methods have been proposed to predict traffic flow profiles in order to derive the link’s
delay/offset relation (kinematic theory, diffusion theory, etc.); one of the most straight-
forward is undoubtedly the platoon dispersion model (PDM) presented by Robertson
(1969), widely adopted in a number of practical applications. After discussing the queu-
ing representation in macroscopic models, two different approaches are proposed
below in macroscopic and mesoscopic models for vehicles dispersion reproduction.

Queuing in macroscopic models

Below some further considerations are provided about queue models in the case of
macroscopic models. As already discussed in the section about major findings, one of
the main limitations of macroscopic models is on queue simulation and spillback rep-
resentation. In particular let

1 be the arc length.
n, be the vehicle running (the number of vehicles in the running link).
n,, be the vehicle waiting (the number of vehicles in the queuing link).
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v be the free flow speed.
Cap be arc capacity.

two main queue representations may be identified in literature

- the vertical queue given by 1/v(n(t)/1)+0
- the horizontal queue: 1/v(n.(t)/1) +ny(t)/Cap

where the horizontal queue representation provides a more realistic simulation of
spillback phenomena.

However a third approach may also be considered in which the length of the
running link is variable and depends on the number of the waiting vehicles then
the physical queue [spillback] is given by.

(1= 1 (0 ¥ (0)/1)) + (1) [ Cap

Dispersion in macroscopic models

As shown above, in CTM equations, due to the assumption that all vehicles travel at
the same speed (thereby retaining the same density) to reach the downstream section,
there may be no detection of platoon dispersion. To overcome this shortcoming, a
platoon dispersion volume function is taken into account for describing situations
of low-density cells. In particular, by employing the well-known Underwood (or
alternative) speed-density relationship we introduce a further equation:

Xi(1) = ki(1)*vo.exp [— (ki() / k)]

where X () is the platoon dispersion volume function; k;(f) = [n(¢) + n;y1(t)]/2 L is the
density of cell i and cell i+1 at time t, 1 being the length of the cell; vy is the free-flow
speed; k. is the traffic density at maximum flow.Then the flow fi(f) is given by"

fi(t) = min { S (), R+ 1 (1), Xi(1) }

Furthermore it may be verified that the model is still consistent with the first-order
traffic flow theory. In particular, let.

k be the density,

f be the flow,

v be the average speed,

vk be the equilibrium speed.

For completeness, the proposed model is based on the following three equations,
consistent with first-order traffic flow theory:

(conservation equation) (9f /0x) + (0k/dt) =0

(flow — density relationship)f = kv

(speed — density relationship) v =v(k)

" The modified CTM differs from the traditional CTM only in the definition of an additional parameter
which refers to traffic jam conditions. The definition of demand and supply, the flow function and the
density updating equation remain the same as those in the traditional CTM. Thus the Godunov scheme
(Lebacque, 1996; Daganzo, 1995) may still be applied.
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Furthermore, it is a discretised version of the LWR thus let.

ox be the cell length.

Ot be the time step.

k;(t) be the average density at time t.

fi(?) be the average exit flow in the interval [¢,6¢]

ki (1+61) = ki (1) + (91/0x) (fi-1 () = fi(1))

Dispersion in mesoscopic models

In order to reproduce the vehicles dispersion in mesoscopic models (consider for
instance the dispersion implementation in the proposed model TRAFFMED) the
Robertson’s model may be directly represented. In particular this model takes the
following mathematical form. Let.

T be mean link travel time;

t be 0.8T;

f4 (j) be the flow rate over a time step At arriving at the downstream signal at time
interval j;

fo (1) be the discharging flow over time step At observed at the upstream signal at
time interval i;

At be the time step duration, usually assumed as 1s;

F be the smoothing factor;

a and f be dimensionless model parameters.

Let us consider a generic interval j of length At and a generic time instant 0 <ty <At
within interval j. At time interval j the following are known: the density k(j), the link
speed v(j) and the cruise time T(j), derived from the previous time interval j-1. The
speed could be obtained by any speed density function (fundamental diagram — stable
regime). Let us consider a packet p which reaches link « at time t(, and the number of
packets n(ty) which reach link a during interval j until time instant t,. The entry flow
at link @ could thus be obtained as f{ty) = n(to)/to.

Assuming that within the generic interval j steady state conditions hold, the pre-
vious equation could be rewritten as

k() v(i) =ta (j)
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