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Chapter 1

Introduction
In the near future the amount of traffic on the roads will keep increasing. The capacity of
the available infrastructure cannot increase at the same pace, since creating new roads is
expensive, time consuming, and requires free space that is difficult to find or not available
at all. As a result the number and length of traffic jams will increase during the next years.
Traffic jams result in economical costs due to the large delays that they cause, and they also
have negative effects on the environment due to, e.g., increases of the noise levels and pollution. A possibility to prevent, or at least reduce, congestion is to make more efficient use of
the available roads. This can be reached via traffic control measures, such as traffic signals,
variable speed limits, ramp metering installations, and dynamic route information panels.
The influence of these measures is largely depending on the values that they use for, e.g.,
green times or speed limits. These values are determined by control methods, which thereby
are an important part of the total traffic control system. Different control methods result in
different values for the green times and speed limits, and thus in different performances of
the traffic network. To improve the traffic situation, control methods should be developed
that select the values for the control measures in such a way that the performance of the
traffic network is increased, taking into account the interests of, e.g., drivers, government,
and the environment.
In this thesis we will develop advanced control methods that improve the performance of
the traffic network. In particular, controllers for mixed urban/freeway networks, controllers
that anticipate on route choice, and route choice control methods are developed. The developed control methods are based on model predictive control (MPC). MPC is a control
method that uses a prediction model to determine the expected evolution of the traffic flows.
Furthermore, within MPC an objective function is defined that describes the goals of the
controller. Then an optimization algorithm is used to determine the optimal settings for the
traffic control measures based on the model predictions and the objective function. If necessary, the method can also handle constraints on the variables and states in the network.
Finally, the computed settings for the first control time step are applied by the control measures, and the next control time step the whole procedure is repeated. In this thesis, the
objective function of most of the developed control methods is based on the total time the
vehicles spend in the network.
The remainder of this chapter is organized as follows. First some background material
1
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1 Introduction

about traffic networks is presented, including organizations involved with traffic networks,
currently available traffic control measures, and traffic control methods. Next, the objectives
of the research described in this thesis are formulated. Then the contributions of the thesis
and the relevance of the research are presented. Finally, an outline of the whole thesis is
given.

1.1 Background
In this section we will describe some aspects of general traffic networks, and in particular
of the Dutch road network. We discuss different road types and the corresponding organizational structure, and describe different processes that occur within traffic flows. Further
on, we describe the control measures that can be used to influence the traffic, and discuss
available control methods that can be used to determine the settings of the control measures.

1.1.1

Road networks

Road networks evolve along with the development of transportation modes. The first roads
where used by pedestrians, and during history horses, handhold carts, and horse carts were
added. Later bicycles and cars where introduced, and separate railways where created for
trains. The first roads where unpaved roads, while nowadays nearly all roads are hardened.
The main road network is used by cars and trucks, while separate lanes are available for
bikes and sidewalks for pedestrians.
The layout of the roads depends on the location and function of the roads. Freeways are
used by long-distance traffic and are in principle uni-directional roads, without intersections.
The speed on these roads is high, usually from 100 to 200 km/h. The capacity of these roads
is around 2000 veh/h/lane. Highways are bi-directional roads, used for medium distances
or for long routes with a low demand. The speed on this roads is usually lower than on
freeways. In The Netherlands the maximum allowed speed on this kind of roads is 100
km/h. The capacity of these roads is about 1800 veh/h/lane. For short-distance traffic there
are local roads, which are mainly located in urban areas. The capacity of these local roads
is small, varying from 500 to 1500 veh/h/lane depending on the road layout. At these local
roads there are many intersections, and the speed is around 50 km/h.
The historical evolution of the road network implies that the layout of the current network is not efficient with respect to the current origins and destinations of the traffic and the
corresponding traffic flows. This results in a large mismatch between the demand and the
available capacity on different routes. This mismatch is an important cause of congestion in
the current network.

1.1.2

Traffic related organizations

In most countries general roads are the responsibility of the government. But when we
consider, e.g., toll roads, they can also be privately owned. In general, each road type is
managed by a different authority. Freeways are often managed by the government, while
other roads are managed by municipalities. As an example, we will explain the situation as
it is in The Netherlands.

1.1 Background

3

In The Netherlands a distinction is made between local roads, provincial roads, and
freeways. The local roads are managed by the municipalities or the cities. The larger
cities develop and control their own road network, while smaller villages implement control
measures developed by consultancy companies. The provincial roads are managed by the
provincial government. Provincial roads connect villages and small cities with each other.
These roads are bi-directional roads, with intersections controlled by traffic signals. The
Dutch Ministry of Transport is responsible for the freeways in The Netherlands.
The freeway network in The Netherlands is dense, with many on-ramps and off-ramps
on each freeway. This means that the different types of roads are strongly connected, which
requires cooperation between the different authorities. However, until now the presence of
different management authorities has prevented integral coordination and steering of traffic
control measures. This has resulted in a situation where each management body solves its
own problems by sending the traffic to the roads that are someone else’s responsibility. It
is easy to imagine that this leads to inefficient road use at the locations where the different
road types are connected. Nowadays, most parties start to realize that a solution of the traffic
problems can only be obtained when they cooperate. Intention declarations are written,
procedures are described, and meetings are planned. The Dutch Ministry of Transportation
has formulated an advice of how the whole process could be organized in a handbook,
see [110]. This handbook provides guidelines to select important origins and destinations,
and to define which roads should be used for the major connections between them. Then
advise about possible traffic management measures is given. The handbook also presents
the way in which the political process of developing the control management strategy can
be organized.
Next to the traffic management bodies, other parties are also involved with the traffic
road network. An important group are the road users. They actually experience the delay caused by congestion, and they have to adapt their behavior when control measures are
applied. In The Netherlands, the drivers are united in the ANWB, the Dutch drivers’ organization. This organization participates in consultations with the governments, informs
drivers about the traffic network, participates in research groups, and has a road guard.
Further, consultancy companies play a large role in the development of traffic control
measures. They use traffic models to predict the effects of the traffic measures, and give
advice to the road managers about the use of the measures. The companies also develop
new algorithms that can be used to determine the values of the control measures, see, e.g.,
[6, 24, 129].
The economical cost for the delays due to traffic jams is expressed in vehicle hours, and
was equal to 49 million hours for 63 billion traveled kilometers during the year 2007 [113].
Since the costs of traffic jams are this high, reducing the length and frequency of the jams is
of high importance for the government. The government tries to reduce the traffic jams on
the short term by implementing available control measures, and it invests in traffic research
to develop long-term solutions. The location of new roads is also a political issue, just as the
taxes for road use. Furthermore, the government also sponsors the SWOV (Stichting Wetenschappelijk Onderzoek Verkeersveiligheid), an organization that investigates the safety of
the road network in general.
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Traffic processes

Road traffic has many different aspects. Each of this aspects can be captured with different
simulation models.
First of all, the amount of vehicles that want to use the road network should be determined. This number of vehicles depends on the number of trips that the drivers would
like to make, and on the transportation mode that the individual travelers select. Possible transportation modes are, e.g., train, bus, car, or airplane. When the mode choice is
made, the number of vehicles that want to make a trip is known. This number of vehicles,
combined with the corresponding origins and destinations, can be used to determine the
origin-destination (OD) matrix. Such a matrix contains the demand from each origin to
each destination in the network. Models that determine this OD matrix are based on questionnaires, historical traffic measurements, and on an investigation of the surroundings of
the road network to determine the locations of origins and destinations.
The next decision of the drivers that should be modeled is the departure time. Drivers
select their departure time based on, e.g., the desired arrival time, the current time, the
expected travel time, the probability of a delay, and the expected length of the delay.
Another aspect is the route choice of the drivers. When the origins, destinations, and departure times of the vehicles are known, the route that they take should be determined. This
can be determined in two ways: via a route choice model or with a dynamic traffic assignment model. A route choice model describes how drivers react at each location where the
road splits. At these locations the drivers have to make a route choice, which they base on,
e.g., earlier experiences, and on the current situation. A dynamic traffic assignment model
assumes that all drivers select their route in such a way that a user equilibrium assignment
appears. A user equilibrium assignment is the assignment that appears when all routes with
the same origin and destination have equal travel times.
The next issue that should be considered is the behavior of vehicles on one road. How
many vehicles are on each part of the road, how fast do they drive, what are the distances
between the vehicles, do they change lanes, etc. Many models exist that describe this behavior. Different models consider different levels of detail, and describe the process in
different ways. Microscopic models give a detailed description of the traffic, modeling the
behavior of individual vehicles. Mesoscopic models consider probability distributions of
the variables, while macroscopic models consider average values for speeds, densities, and
flows. The computational effort for the detailed models is high, while the low-detail models
require shorter computation times. Which model is the most suitable for a given application depends on a trade-off between model accuracy and available computation time. An
overview of existing traffic models is given in [72, 124].

1.1.4

Control measures

Traffic flows can be influenced via traffic control measures, such as traffic signals, variable
speed limits, ramp metering installations, and dynamic route information panels, [112].
Most of these measures are originally designed to improve the traffic safety, but they also
have a significant influence on other aspects of the traffic flows. We will now give a short
description of each of these measures.
Traffic signals are used to control the right of way at urban intersections, see Figure
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Figure 1.1: Traffic signal installation.
1.1. They prevent accidents, and influence the throughput of intersections. At each link
connected to an intersection a signal is located, with three lights: red, amber, and green.
During the red period, the vehicles are not allowed to pass the intersection, during the green
period they have to drive through. The amber period is used as a warning period between
the green and red, vehicles that are able to stop should stop, while vehicles arriving with
a high speed, unable to make a safe stop, can still cross the intersection. The first traffic
signals had to be set manually by police agents, see [152]. Later computers were used, first
to coordinate the lights at individual links at the intersections, next to allow the operator
at a traffic control center to monitor and influence the measures, and finally for automated
coordinated control. The coupling with available traffic detectors has led to the development
of vehicle-actuated control, which is the main control method used in The Netherlands.
Vehicle-actuated control uses detectors to determine whether there is a queue at each link,
and base the green times on these measurements.
Variable speed limits, see Figure 1.2, can be used to control the speed on freeways.
They are usually displayed on variable message signs along the road. The initial purpose of
introducing the speed limits was to improve the safety. The speed limit values were lowered
under bad weather conditions, and the limits were used to warn drivers when they approach
a traffic jam. An example of such a warning system is the Dutch incident detection system,
which has been developed to reduce the number of secondary accidents in congested areas.
This is obtained by lowering the speed limits to warn the drivers that they approach an
accident so they can lower their speed, which reduces the probability of head-tail collisions.
Speed limits can further be used to improve the performance of the freeway network, as
described in, e.g., [66, 145]. Reducing the speed upstream of a traffic jam lowers the amount
of traffic that enters the jam, and thus allows the jam to dissolve faster, which increases the
throughput of the freeway.
At on-ramps, ramp metering installations can be used, see Figure 1.3. Ramp metering
installations are traffic signals located on on-ramps, and they allow one or two vehicles to

6

1 Introduction

Figure 1.2: Variable speed limits.

pass during each green period. The purpose is to control the flow on the on-ramp in order
to minimize the disturbance of the traffic on the freeway, see [122]. The ramp metering
installation limits the flow that can enter the freeway, and it also reduces the peaks in the flow
by dividing the flow equally over time. This reduction of the disturbances on the freeway
traffic lowers the amount of congestion that is induced by the on-ramp flow. Another effect
of ramp metering is that it can influence the route choice. The on-ramp installation causes
a queue on the on-ramp, which generates extra travel time for the drivers. When this time
becomes too large, drivers change their route in such a way that they enter the freeway
at another location. A disadvantage of ramp metering installations is that they can have a
negative impact on the urban traffic. When the queue that appears on the on-ramp spills back
into the urban network, it can block urban intersections and also delay traffic that does not
want to enter the freeway at all. The effect of this disadvantage can be reduced by applying
queue management actions, which often consist of adapting the ramp metering rate when
the queue length exceeds the available space. This however reduces the effect of the ramp
metering on the freeway traffic.
A less direct control method is the use of dynamic route information panels (DRIPs).
DRIPs are located at splitting nodes of the network, see Figure 1.4. The original purpose
of the DRIPs is to inform the drivers about the current state of the traffic. Queue lengths
or travel times on the different routes are presented, to allow drivers to take an informed
route choice decision [18, 103]. The use of DRIPs within control systems are described in
[48, 76]. In this thesis we illustrate how DRIPS can be used to persuade drivers to change
their route choice in order to obtain a traffic assignment that gives a more optimal traffic
performance from the system point of view.
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Figure 1.3: On-ramp metering installation.

Figure 1.4: Dynamic route information panel.

1.1.5

Available control methods

The settings of the control measures are determined via control methods. The general idea
of a control method is that it obtains some measurements from the traffic flows of the network, and uses these measurements to determine the settings for the control measures, see
Figure 1.5. The number and type of measurements that is considered can be used to classify
different control methods.
Fixed-time control methods are the oldest type of control methods, and in contrast to
more recent methods, do not use real-time measurements at all. The settings of the control
measures are constant or changing according to the time-of-day, often determined using historical measurements. Fixed-time control is still frequently used. For isolated intersections,
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Figure 1.5: General principle of traffic control.

or intersections with a low demand the performance is good. The main disadvantage is that
the method does not react on variations in the traffic flow, and that the settings can become
out-dated, since the method does not take into account the increase of demand over time.
A second class of traffic control methods consist of vehicle-actuated systems. These
systems use detectors in the immediate area of the control measure. Based on the obtained
measurements, changes are applied to the fixed-time control scheme. Examples of such
changes are switching between different schemes, or extending a green period [91, 183].
These methods react on variations on the traffic flow, and have proved to be very effective in
urban areas. Also for ramp metering installations this kind of methods are used frequently.
Based on measurements at the freeway and on the on-ramp the ramp metering rate can be
determined, as described in [29, 122]. The Dutch algorithm for incident detection using
variable speed limits is also vehicle-actuated.
The last class of control methods contains the traffic-responsive systems, e.g., [48, 129,
190]. These systems use traffic measurements of a large area around the traffic measure.
The control methods optimize the actions of the control measures with respect to the whole
network. These methods also allow for integrated control, using several measures. The
coordination between the control actions of the different measures can further improve the
performance of the traffic network.
In [173], an extensive overview of different control methods for traffic signals is given.
A more general overview, also considering other control measures, is given in [124].

1.2 Research objectives
In this section we describe the objectives of this thesis. The thesis project is part of a larger
research project, which will be described first. Next we formulate the research problem, and
elaborate the research goals and the research approach.

1.2.1

Research project

The research described in this thesis is funded by the NWO-Connect projects AMICI, and
the BSIK-TRANSUMO project ATMA-MODeRN.
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The NWO-Connect research program AMICI considers Advanced Multi-agent Information and Control for Integrated multi-class traffic networks. The total program focuses
on traffic congestion management in and around large cities, such as Beijing, Rotterdam,
Amsterdam, and Shanghai. In particular, it aims at developing solutions to efficiently reduce traffic congestion by means of dynamic traffic management. Within the program five
research topics have been defined:
Multi-class traffic flow theory for modeling of motorway and urban traffic networks
This research focuses on the development of a multi-class macroscopic traffic flow model
for freeways as well as urban roads [115, 116].
Impact of travel information and traffic control on travel behavior The effects of providing travel time information are investigated within this project. Based on this investigation,
a route choice model is developed that includes the effects of providing travel time information [17, 18].
Optimal presentation of travel information based on personal preferences and needs
The way in which information is provided influences the effect of the information. This
project focuses on the relation between the way of presenting information and the corresponding reactions of the drivers [51].
Market for traveler information Generating traffic information costs money. This project
investigates the amount of money that users are prepared to spend on different types of information. Further it investigates the relation between the penetration rate (the percentage
of equipped vehicles) and the value of the provided information.
Development of advanced multi-agent control strategies for multi-class traffic networks This project investigates the development of advanced control strategies for multiclass traffic flows, using control measures as well as providing information to improve the
performance of existing road networks.
This thesis describes results in the framework of the last project, in particular the development of control strategies to reduce congestion.
BSIK-TRANSUMO is a research program funded by the Dutch government in which
universities, companies, the government, and research institutes perform research on sustainable mobility. Within BSIK-TRANSUMO there are several main projects, one of which
is ATMA-MODeRN (Advanced Traffic MAnagement - Multi-Objective Decision aid for
Regional Networks). The objective of the ATMA-MODeRN project is to develop support
systems for the application of traffic management systems in regional road networks, consisting of freeways as well as local roads. Hereby, reliability and sustainability are explicitly
taken into account as measures for the performance of the traffic network.

1.2.2

Problem formulation

Congestion on traffic roads has different causes, e.g., accidents, incidents, and bottlenecks.
The major cause of congestion is the difference between the demand and the capacity of
the road. An investigation of recurrent congestion shows that this lack of capacity is nearly
always the largest at locations near on-ramps, off-ramps, lane drops, or at intersections
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[111]. This is due to the fact that the different roads merge, and that thus the inflow of such
a location is often higher than the outflow capacity. These locations are called bottlenecks.
Further, congestion can also appear in the middle of a freeway stretch. In this case it often
starts at a bottleneck, but travels upstream over the freeway, causing a delay for all vehicles
that travel on the freeway.
Many bottleneck locations are equipped with traffic control measures, which can be
used to reduce the amount of congestion. However, the currently used control methods are
in general not sufficient to solve the congestion. Part of the measures that are present have
been in use for a long time without changing the settings, which means that they were designed for demands that were lower than the current demands, while others are only solving
local problems, which usually only results in a re-location of the congestion. In dense road
networks, where the number of traffic control measures is high, the influence of the measures on each other is large. This means that in dense networks solving local problems for
each measure separately often does not lead to a good overall performance of the whole network, but only re-locates the congestion. Coordination of the available measures however
can significantly improve the performance. For urban areas there already are systems that
coordinate the control actions of traffic signals [49, 129, 140], and for freeways coordinated
control systems for variable speed limits are available [2, 66]. However, for networks that
contain freeways as well as urban roads, coordinated control methods are not available yet.
Within larger networks, control measures do not only affect the throughput of the network, but they also influence the route choice, see [148]. This is due to the fact that they
change the travel times on different routes, which might make alternative routes more attractive for the drivers. As a result, the flows in the network change, and thus the demands at
the bottleneck locations change. The change in route choice can also re-locate the congestion to undesired locations, creating, e.g., large queues in a nature reserve (which generates
pollution), large queues in residential areas (which reduces the safety), or congestion at intersections (blocking crossing traffic). To prevent this undesired re-location of congestion,
control measures should adapt their settings. However, the currently applied control methods do not take route choice into account. Thus the performance of these traffic control
methods can be improved further when the methods do consider the change of route choice
they can induce [10].
The last problem that we will consider in this thesis is related to the process of applying
model-based control methods in practice. Before a control method can be implemented, a
number of issues should be considered. The control objectives, control method, and infrastructure layout should be determined. Some guidelines for the selection process and for the
implementation of dynamic traffic management are given in [110]. One of the important issues for the implementation is the selection of an averaging method for measurements. The
measurements that are obtained from the network should be averaged over time. This can
be done using different averaging methods. The influence of the selected averaging method
on the performance of traffic control methods will be investigated in this thesis.

1.2.3

Research goals and approach

The main goal of the research described in this thesis is to develop control methods that
can be used to increase the efficiency of road use, and to reduce the negative effects of
congestion. Within the research, the main goal is divided into sub-goals, which correspond
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to the problems formulated above:
Control of mixed networks Mixed networks consist of freeways as well as urban roads.
Bottlenecks that cause congestion often appear at locations where both road types are
present. Therefore, we aim at developing control methods that coordinate the traffic
control measures in such mixed networks. The control methods should integrate the
different control measures and coordinate the control actions on freeways and urban
roads, leading to control methods for network-wide integrated control. Challenges
with respect to coupling freeway and urban networks are the different driver behavior
(which results in different model types), the different time scales of the processes that
appear, and the difference in available control measures.
Influencing route choice Control measures take control actions that influence the travel
times on different routes, and thus influence the route choice of the drivers. We want
to develop control methods that take this effect into account, and thus can determine
more optimal settings for the control measures in networks where multiple routes are
available. Further, we want to develop control methods that can re-locate congestion
to locations where the impact is less severe, such as roads outside residential areas, or
roads that are not on a main supply route. This implies that the control method should
actively influence the route choice and change the traffic assignment.
Implementation aspects Before controllers can be applied in practice, many issues should
be considered. We present an overview of the relevant implementation issues. With
respect to implementing controllers much information is available; however, the structure of the whole implementation process is not clearly defined. Further, we focus on
the effect of averaging methods for speed measurements when they are used in a
control method. Differences in measurement methods can affect most steps in the
controller design and implementation process, and thus can significantly influence
the controller performance.
Each sub-goal is investigated in one or two separate studies. For most studies we follow
the following approach. First, a literature study is performed in which an overview of the
current research is obtained. Then the controller design is started with the selection of
the model that is used in the controller. When no suitable model is found in literature,
an existing model is adapted, or a new model is developed. This model is used for the
remainder of the controller design process. When the design of the controller finished, a
simulation study is performed to illustrate the performance of the developed control method.

1.3 Contributions of this thesis
This thesis contributes to the state-of-the-art with respect to advanced traffic control methods. The main contribution is the further development of advanced control methods based
on model predictive control. These control methods can be used to increase the efficiency
of road use, they can handle varying demands, and explicitly take hard constraints into
account. The innovative contributions with respect to the state-of-the-art are the modelling
and control of mixed networks, and the integrated control methods to influence route choice.
The control methods are especially suitable for network control, and coordinate the actions
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of the various available control measures. The developed traffic controllers react to the
traffic situation on the whole network, and optimize the control settings accordingly. Different controllers are designed, each using a different model and thus suitable for different
situations:
• The first control method targets mixed networks, that contain freeways as well as
urban roads. The control method reduces the total time the vehicles spend in these
networks by coordinating the control actions of traffic signals, variable speed limits,
and on-ramp metering installations.
• The second type of controllers that is developed influences the within-day route choice
of drivers. The controllers use a traffic flow model to describe the evolution of the
traffic flows, and a route choice or a traffic assignment model to determine the traffic
assignment in the network. The predictions obtained with these models are used to
select the values for the control measures in such a way that the route choice of drivers
is steered actively.
• The third controller is designed to influence the day-to-day route choice. The traffic
control measures changes the travel times on different routes in the network. Due to
these changed travel times that the drivers experience at the current day, the drivers
will select another route during the next day. By predicting the changes in route
choice that will result from the control actions, the control method affects the route
choice in such a way that the drivers select the most optimal route after a few days.
The controllers described above are all using prediction models. For the design of the
controllers we have adapted or developed the following models:
• A model for mixed networks is created by coupling the macroscopic freeway flow
model Metanet [106] with an urban queue length model developed by Kashani and
Saridis [82]. The urban model is first extended to include horizontal queues, blocking
effects, and a smaller time step, and next the on-ramps and off-ramps are modeled.
• A density-dependent route choice model based on Bayesian learning is developed. It
is a combination of a day-to-day learning model based on experienced travel times,
and of a fast look-up table containing turning rates based on densities for the withinday route process. The possible densities are divided into three groups, and based on
the current density the model selects a value from the look-up table.
• A basic route choice model is developed that describes the day-to-day route choice.
This model determines the travel times on different routes, and adapts the turning rate
accordingly. The most basic version of the model allows for analytical solutions of
the optimization problem within the controller, while the further developed variants
lead to mixed integer linear optimization problems, for which efficient solvers are
available.
Note that during the current research the models are developed, but not validated. Before
the models could be used in practice, the validation must be performed, and thus this will
be part of our future work.

1.4 Thesis outline

13
Chapter 1
Introduction

Chapter 3
Anticipative control

Chapter 2
Mixed networks

Chapter 5
Chapter 4

Implementation issues

Route choice control

Chapter 6
Conclusions
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Another contribution of this thesis considers the effect of measurements on the controller
performance. Different averaging methods for speed measurements are considered. Each
of the averaging methods is used in a controller, and the performance of the controllers is
compared.
The practical and social relevance of the thesis mainly consists of improving the efficiency of road use. The proposed control methods can reduce the amount of congestion,
and thus reduce the experienced delays, economical costs, noise generated, and pollution
caused by traffic jams. The route choice controller can be used to reduce the amount of
traffic in urban areas or nature reserves, while the controller for mixed networks is a tool
that can be used for integrated control when different road management bodies cooperate.

1.4 Thesis outline
In this section we give an outline of the thesis. The sub-goals of the research as formulated
in Section 1.2.3 are described in a separate chapters. Each chapter is written in such a way
that it can be read separately and independently. This means that readers of the whole thesis
will encounter several repetitions, however, this can be justified by the large differences in
the considered topics, which will attract many readers interested in only a part of the thesis.
An overview of the relations between the chapters is presented in Figure 1.6. The arrows
represent the relations between the chapters, and indicate how the chapters are divided over
the three different sub-goals.
Chapter 2 considers the integrated network-wide control of mixed networks containing
freeways as well as urban roads. A model is developed that describes the traffic flows on
freeways and on urban roads. A model predictive control based controller is developed that
uses this model for the control of mixed networks. The controller integrates the control
actions of traffic signals, variable speed limits, and ramp metering installations.
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In Chapter 3 anticipative route choice controllers are developed. Two different prediction models are used to determine the route choice within the controller: a dynamic traffic
assignment algorithm using the method of successive averages, and a route choice model
based on Bayesian learning. The results obtained with the anticipating controllers are encouraging, but the computation times are very large. This has led to the investigation of
a less detailed route choice controller, which is described in Chapter 4. Three different
versions of a basic route choice model are developed, which, when implemented in a controller, result in optimization problems that can respectively be solved analytically, with
mixed integer linear programming, and with non-linear optimization algorithms.
Chapter 5 discusses the issues that should be considered when implementing the control
strategies in practice. In particular, different averaging methods for speed measurements are
considered, and their influence on the performance of the controller is investigated.
Finally, in Chapter 6 conclusions are drawn and topics for future research are given.
Parts of this thesis have already been published in journals or conference proceedings:
Chapter 2 in [45, 152, 156, 158, 159, 164], Chapter 3 in [157, 160–162], Chapter 4 in
[163, 165–167, 169, 170], and Chapter 5 in [168].

Chapter 2

Integrated traffic control for
mixed urban and freeway
networks
We develop a control method for networks containing both urban roads and freeways. These
two types of roads are closely connected: congestion on the freeway often causes spillbacks leading to urban queues, slowing down the urban traffic. Urban queues can increase
until they block off-ramps, causing traffic jams on the freeway. As a consequence, control
measures taken in one of the two parts of the network can have a significant influence on
the other area. We first develop a model that describes the evolution of the traffic flows in
mixed networks. Next, we propose the control method that is used for the integrated control.
This approach is based on model predictive control, in which the optimal control inputs are
determined on-line using numerical optimization and a prediction model in combination
with a receding horizon approach. We also compare our newly developed control method
with systems that are similar to existing dynamic traffic control systems like SCOOT and
UTOPIA/SPOT, in a qualitative as well as in a quantitative way via a case study. The results
illustrate the potential benefits of the proposed approach and motivate further development
and improvement of the proposed control method.

2.1 Introduction
The need for mobility is increasing, as can be seen from the growing number of road users as
well as from the increasing number of movements per user [111]. This leads to an increase
in the frequency, length, and duration of traffic jams, and to increasing queue lengths in the
traffic network. The traffic jams cause large delays, resulting in higher travel costs and they
also have a negative impact on the environment due to, e.g., noise and pollution. Due to
these negative effects dealing with traffic jams has become an important issue.
To tackle the above congestion problems there exist different methods: construction of
new roads, levying tolls, promoting public transport, or making more efficient use of the
existing infrastructure. In this chapter we consider the last approach, implemented using
15
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dynamic traffic management or control, because this approach is effective on the short term,
and inexpensive compared to constructing new infrastructure.
Current traffic control approaches usually focus on either urban traffic or freeway traffic.
In urban areas traffic signals are the most frequently used control measures. Traditionally,
they are controlled locally using fixed-time settings, or they are vehicle-actuated, meaning
that they react on the prevailing traffic situation. Nowadays sophisticated, dynamic systems
are also making progress. They coordinate different available control measures to improve
the total performance. Systems such as SCOOT [140], SCATS [185], Toptrac [6], TUC
[48], Mitrop [59], Motion [24], and UTOPIA/SPOT [129] use a coordinated control method
to improve the urban traffic, e.g., by constructing green waves, or to improve the traffic
circulation. Control on freeways is done using different traffic control measures. Ramp
metering is applied on on-ramps, using systems like ALINEA [123]. Overviews of ramp
metering methods and results are given in [121, 149]. The use of variable speed limits
on freeways is described in [2, 66, 95, 145], and the use of route guidance in [46, 48, 81].
Several authors have described methods for coordinated control for freeways using different
traffic control measures [10, 64, 86, 89].
Several authors have also investigated corridor control [48, 81, 186], where arterials
are controlled together with freeways. In this chapter we go one step further, and we describe the coordinated and integrated control of networks that contain both freeways and
urban roads, since the traffic flows on freeways are often influenced by traffic flows on urban roads, and vice versa. Freeway control measures like ramp metering or speed limits
allow a better flow, higher speeds, and larger throughput but can lead to longer queues on
on-ramps. These queues may spill back and block urban roads. On the other hand, urban
traffic management policies often try to get vehicles on the freeway network as soon as
possible, displacing the congestion toward neighboring freeways. The problems due to the
mutual interactions between the two types of roads are often increased by the fact that in
many countries urban roads and freeways are managed by different management bodies,
each with their own policies and objectives.
By considering a coordinated control approach the performance of the overall network
can be improved significantly. Therefore we develop a control approach for coordinated
control of mixed urban and freeway networks that makes an appropriate trade-off between
the performance of the urban and freeway traffic operations, and that prevents a shift of
problems between the two. The new contributions of this chapter with respect to the stateof-the-art are a macroscopic model that describes networks that contain both urban roads
and freeways, and an integrated control method that takes the traffic flows on both types of
roads into account. In addition, this chapter contains a case study in which different control
methods are compared in a qualitative and a quantitative way.
As control method we propose a model predictive control (MPC) approach [25, 100].
MPC is an on-line model-based predictive control approach that has already been applied
successfully to coordinated control of freeway networks [10, 64, 89]. MPC optimizes the
settings of the control measures over a certain prediction horizon. Using a receding horizon
approach, only the first step of the computed control signal is applied, and next the optimization is started again with the prediction horizon shifted one time step further.

2.2 Model development
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As MPC requires a model to predict the behavior of the traffic, we will first develop a
traffic model for networks that contain both urban roads and freeways. Traffic flow models can be distinguished according to the level of detail they use to describe the traffic.
In this chapter we use a macroscopic model. Macroscopic models are suited for on-line
control since these models give a balanced trade-off between accurate predictions and computational efforts. The computation time for a macroscopic model does not depend on the
number of vehicles in the network, making the model well-suited for on-line control, where
the prediction should run on-line in an optimization setting, which requires that the model
should run several times faster than real-time, and where the results should always be available within a specified amount of time. Examples of macroscopic models are the LWR
model [96, 139], the models of Helbing [68] and Hoogendoorn [71], and METANET [106].
An overview of existing models is given in [72].
In particular, we use an extended version of the METANET traffic flow model to describe the freeway traffic, and a modified and extended model based on a queue length
model developed by Kashani and Saridis [82] for the urban traffic. We also discuss how the
freeway and the urban model have to be coupled. This results in a macroscopic model for
mixed networks with urban roads and freeways, especially suited for the MPC-based traffic
control approach developed in this chapter.
In a case study we illustrate how the developed MPC control method performs with respect
to existing control systems. A simple benchmark network is simulated, and basic implementations of existing control systems are applied. The performance of these existing systems
is compared with our theoretical MPC method. The results of this case study motivate the
further development of the MPC method.
The remainder of the chapter is organized as follows. We first describe the model for
mixed urban and freeway networks in Section 2.2. Next we develop the MPC-based traffic
control method in Section 2.3, and in Section 2.4 we compare the developed method with
systems similar to existing methods like SCOOT [140] and UTOPIA/SPOT [129].

2.2 Model development
As indicated above the model for mixed networks containing both urban roads and freeways
that we develop is based on the METANET model [106] for the freeway part, and on a
queue length model based on a model developed by Kashani [82] for the urban part. Since
we want to use the model in an on-line control method, we have selected deterministic
models, mainly because they require less computational efforts than probabilistic models.
An overview of important symbols of these models is given in Appendix 2.A.
Note that we will explicitly make a difference between the simulation time step Tf for the
freeway part of the network, the simulation time step Tu for the urban part of the network,
and the controller sample time Tc . We will also use three different counters: kf for the
freeway part, ku for the urban part, and kc for the controller. For simplicity, we assume that
Tu is an integer divisor of Tf , and that Tf is an integer divisor of Tc :
Tf = Nfu Tu , Tc = Ncf Tf = Ncf Nfu Tu ,
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travel direction

qm,i (k) →
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| {z }
Lm

...

segment Nm

Figure 2.1: A freeway link in the METANET model divided in segments.

with Nfu and Ncf integers. The value for Tf must be selected in such a way that no vehicle
can cross a freeway segment in one time step, which results in a typical value of 10 s for
freeway segments of 0.5 km. The value of Tu is selected small enough to obtain an accurate description of the traffic, typically between 1 and 5 s, depending on the length of the
roads. In our case study we will select Tc to be 120 s, because for an on-line controller Tc
should be long enough to determine the new control signal, which depends on the required
computation time, and short enough to deal with changing traffic conditions.

2.2.1

Freeway traffic model

In order to model traffic flows in the freeway part of the network we use the destinationindependent version of the METANET model, developed by Papageorgiou and Messmer
[106]. This model is also used in earlier work for the coordinated control of freeways
[10, 64, 86, 89]. A disadvantage of the model is that the description of the transition between
congestion and free flow does not completely correspond to what can be observed from reallife measurements. Since the control method that we will develop should have the largest
influence at this transition moment, the mismatch might reduce the effect of the controller.
This means that using a model that describes this effect more accurate, might improve the
performance of the controller. However, the METANET model is sufficiently accurate for
other traffic situations, forms a good trade-off between accuracy and computation time, and
there is many knowledge about the model. In this chapter we add an extension to the model
to obtain a better modeling of the outflow toward off-ramps when blocking phenomena on
the off-ramp occur. For completeness we will first describe the original METANET model
based on [106], and next present the extension.
Basic METANET model
In the METANET model the freeway network is divided into links. Each link m is further
divided in segments, as illustrated in Figure 2.1. All the segments in a link have the same
characteristics, e.g., number of lanes, capacity, length, etc.
The traffic state in each segment i of link m at time t = kf Tf is described with the macroscopic variables average density ρm,i (kf ) in veh/km/lane, space mean speed vm,i (kf ) in km/h,
and average flow qm,i (kf ) in veh/h.
The outflow of segment i of link m at time step kf is given by:
qm,i (kf ) = ρm,i (kf )vm,i (kf )nm

(2.1)
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where nm denotes the number of lanes of link m. The density in each segment evolves as
follows:

Tf
ρm,i (kf + 1) = ρm,i (kf ) +
qm,i−1 (kf ) − qm,i (kf )
Lm nm
where Lm denotes the length of the segments in link m. This equation represents the law of
conservation of vehicles: no vehicles appear or disappear within a link.
The equation for the evolution of the speed contains three main terms. The relaxation
term expresses that the drivers try to achieve a desired speed V (ρ) for the current density
ρ. The convection term expresses that the speed changes due to the inflow of vehicles with
a different speed, and the anticipation term expresses that drivers change their speed when
the downstream density changes. The updated speed is then computed with:
 T


Tf 
f
V ρm,i (kf ) − vm,i (kf ) +
vm,i (kf ) vm,i−1 (kf ) − vm,i (kf )
vm,i (kf + 1) = vm,i (kf ) +
τ
Lm
−

νTf ρm,i+1 (kf ) − ρm,i (kf )
τ Lm
ρm,i (kf ) + κ

(2.2)

where τ , ν and κ are model parameters. They can be identified from data as described in
[88]. The desired speed V (ρm,i (kf )) is given by:
"
 #


1 ρm,i (kf ) am
(2.3)
V ρm,i (kf ) = vfree,m exp −
am ρcrit,m
where vfree,m is the free flow speed on link m, ρcrit,m the critical density on this link, and am
a model parameter.
Mainstream origins are modeled with a queue model:

wo (kf + 1) = wo (kf ) + Tf do (kf ) − qm,o (kf )
(2.4)
where wo is the queue length at origin o connected to link m, do the demand at origin o, and
qm,o the flow leaving origin o toward link m, which is determined by the number of available
vehicles, the capacity of the freeway and the traffic conditions on the freeway:
!
ρmax,m − ρm,1 (kf )
wo (kf )
(2.5)
, Qcap,m
qm,o (kf ) = min do (kf ) +
Tf
ρmax,m − ρcrit,m

where Qcap,m is the capacity of link m and ρmax,m is the maximum possible density on the
freeway link.
Freeway links are coupled via nodes, e.g., on-ramps, off-ramps, or intersections. Flows
that enter a node p are distributed over the leaving nodes. They are first distributed according
to the turning rates1 :
Qtot,p (kf ) = ∑ qµ,nlast,µ (kf )
µ∈I p

qm,0 (kf ) = β p,m (kf )Qtot,p (kf ) for each m ∈ O p
1 The

index 0 in qm,0 (kf ) corresponds to a virtual segment that is located upstream of the first segment of link
m. This virtual segment is used to describe the traffic that will enter link m.
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,d j

Figure 2.2: Layout of an off-ramp.
where Qtot,p is the total flow entering node p, I p is the set of all freeway links entering node
p, nlast,µ is the index of the last segment of link µ, β p,m is the turning rate from node p to
leaving link m, and O p the set of leaving links of node p.
When a node p has more than one leaving link, the virtual downstream density
ρµ,nlast,µ +1 (kf ) of the link µ that enters the node is approximated with:

ρµ,nlast,µ +1 (kf ) =

∑

ρ2m,1 (kf )

∑

ρm,1 (kf )

m∈O p

.

m∈O p

The virtual downstream density is used in the speed update equation (2.2) for the last segment nlast,µ of link µ.
When a node p has more than one entering link, the virtual entering speed vm,0 (kf ) of
leaving link m is given by:

∑ vµ,nlast,µ (kf )qµ,nlast,µ (kf )

vm,0 (kf ) =

µ∈I p

∑ qµ,nlast,µ (kf )

.

µ∈I p

The virtual entering speed is used in the speed update equation (2.2) to compute the speed
of the traffic that enters the first segment of link m.
In a link or segment where weaving and/or merging effects are taking place extra terms
are added to improve the description of these effects, as described in [89, 106].
Extension for off-ramp links
When the urban network is congested, it often happens that a nearby off-ramp is also
blocked. This blockage will spill back onto the freeway. We propose an extension to the
METANET model that more accurately models the behavior of off-ramp flows.
Consider an off-ramp r connected to a freeway link m as shown in Figure 2.2. The
available space on off-ramp r limits the maximum flow that can enter it. This maximum
flow qmax
r,1 (kf ) is seen as a boundary condition for the flow that leaves the freeway link
qm,nlast,m (kf ) connected to the off-ramp:


max
qm,nlast,m (kf ) = min qnormal
(k
),
q
(k
)
(2.6)
f
f
m,nlast,m
r,1
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where qnormal
m,nlast,m (kf ) is the flow that would have exited the freeway if the off-ramp would not
have been blocked. When the flow is indeed limited to qmax
r,1 (kf ), the speed of the last segment of the freeway must be recalculated as follows in order to satisfy (2.1):

vm,nlast,m (kf ) =


normal

vm,nlast,m (kf )


qmax
r,1 (kf )

normal

vm,nlast,m (kf ) normal
qm,nlast,m (kf )

max
if qnormal
m,nlast,m (kf ) < qr,1 (kf )

otherwise

where vnormal
m,nlast,m (kf ) denotes the speed in the segment when no spill-back occurs, i.e. the speed
computed with equation (2.2).
Further extensions describing, e.g., dynamic speed limits, and mainstream metering are
given in [64, 66]. The effects of control measures such as ramp metering and variable speed
limits will be described in Section 2.3.2.
The external inputs for a simulation of the freeway model are the initial state of the links
and the origin queues, and the signals that describe the evolution over the entire simulation
period of the turning rates2 β p,m (kf ), the demands do (kf ), the boundary conditions qmax
r,1 (kf ),
and the control signals such as the ramp metering rates and the variable speed limits.

2.2.2

Urban traffic model

Several authors have developed models to describe traffic in urban areas [49, 82, 129, 188].
Due to the fact that we want to model and control mixed networks under all conditions, the
model we use should satisfy the following requirements:
1. It should be able to describe both light and congested traffic;
2. It should contain horizontal queues because queues often become long compared with
buffer capacities, which can lead to blockage of intersections. When an intersection
is blocked, no vehicles should be able to cross it.
There are many macroscopic urban traffic models that meet one or more of these requirements, such as the Kashani model [82] and the IN-TUC model [48, 49]. We will base our
model on the Kashani model because it has the first of the above features, and because the
model can easily be extended. A disadvantage of this model is that the time required to
drive from the end of the queue to the intersection is not included. The influence of this approximation depends on the layout of the network, and can be reduced by selecting a proper
value of the capacity of the intersection downstream of the link.
Extended urban model
Our model is based on the model developed by Kashani and Saridis [82], but to fulfill all
the requirements given above we make the following extensions:
1. Horizontal, turning-direction-dependent queues,
2 These

turning rates can be given externally or they can be determined using a (dynamic) traffic assignment
model (see, e.g., [33, 42, 143]).
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2. Blocking effects, represented by maximal queue lengths and a flow constraint on
flows that want to enter the blocked link, so no vehicle will be able to cross a blocked
intersection,
3. A shorter time step3 , to get a more accurate description of the traffic flows.

The main variables used in the urban model are shown in Figures 2.3(a) and 2.3(b).
The most important variables are the queue length x expressed in number of vehicles, the
number of arriving vehicles marr , and the number of departing vehicles mdep . Using these
variables, the model is formulated as follows.
The number of vehicles that intend to leave the link loi ,s , connecting origin oi and intersection s, toward destination d j at time t = ku Tu is given by:


if goi ,s,d j (ku ) = 0,
0
mdep,int,oi ,s,d j (ku ) = min xoi ,s,d j (ku ) + marr,oi ,s,d j (ku ),



Ss,d j (ku ), Tu Qcap,oi ,s,d j
if goi ,s,d j (ku ) = 1,
(2.7)
where goi ,s,d j (ku ) a binary signal that is 1 when the specified traffic direction has green, and
zero otherwise. This means that goi ,s,d j = 0 corresponds to a red traffic signal, and goi ,s,d j = 1
to a green one,4 Tu is the urban step with ku as counter, xoi ,s,d j (ku ) is the queue length
consisting of vehicles coming from origin oi and going to destination d j at intersection s,
marr,oi ,s,d j (ku ) is the number of vehicles arriving at the end of this queue, Ss,d j (ku ) is the free
space in the downstream link expressed in number of cars, and Qcap,oi ,s,d j is the saturation
flow5 .
The free space Sσ,s in a link lσ,s expresses the maximum number of vehicles that can
enter the link. It can never be larger than the length Lσ,s of the link expressed in number
vehicles, and is computed as follows:
Sσ,s (ku + 1) = Sσ,s (ku ) − mdep,σ,s (ku ) +

∑

mdep,σ,s,d j (ku )

d j ∈Ds

where mdep,σ,s (ku ) is the number of vehicles departing from intersection σ towards link lσ,s ,
and Ds is the set of destinations connected to intersection s.
The number of vehicles departing from intersection s towards link ls,d j can be computed
as
mdep,s,d j (ku ) = ∑ mdep,oi ,s,d j (ku ).
oi ∈Os

These vehicles drive from the beginning of the link ls,d j toward the tail of the queue waiting
on the link. This gives a time delay δs,d j (ku ) which is approximated as:
!
Ss,d j (ku ) Lav,veh
δs,d j (ku ) = ceil
(2.8)
vav,s,d j
3 Kashani and Saridis use the cycle time as time step, which restricts the model to effects that take longer than
the cycle time. For MPC-based traffic control the other effects can also be interesting, and one might also want to
control the cycle times as part of the control measures.
4 The computed green time is the effective green time. The exact signal timing including the amber time can
easily be derived from this effective green time.
5 The saturation flow is the maximum flow that can cross the intersection under free-flow conditions.
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Figure 2.3: Overview of urban network variables.

where Lav,veh is the average length of a vehicle, and vav,s,d j the average speed on link ls,d j .
The time instant at which the vehicle enters the link and the vehicles’ delay on the link
result in the time instant at which the vehicle will arrive at the end of the queue. It can
happen that vehicles that have entered the link at different instants reach the end of the
queue during the same time step. To take this into account the variable marr,s,d j (ku ) that
describes the vehicles arriving at the end of the queue is updated accumulatively every time
step. This results in:
marr,s,d j (ku + δs,d j (ku ))new = marr,s,d j (ku + δs,d j (ku ))old + mdep,s,d j (ku )
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where marr,s,d j (ku + δs,d j (ku )) is the number of vehicles arriving at the end of the queue at
time ku + δs,d j (ku ), and mdep,s,d j (ku ) the number of vehicles entering link ls,d j .
The traffic flow reaching the tail of the queue in link ls,d j divides itself over the subqueues according to the turning rates βoi ,s,d j (ku ):
marr,oi ,s,d j (ku ) = βoi ,s,d j (ku )marr,oi ,s (ku ).
The subqueues are then updated as follows:
xoi ,s,d j (ku + 1) = xoi ,s,d j (ku ) + marr,oi ,s,d j (ku ) − mdep,oi ,s,d j (ku ).
The total flow entering a destination link consists of several flows from different origins.
The available space in the destination link should be divided over the entering flows, since
the total number of vehicles entering the link may not exceed the available space. We divide
this available space equally over the different entering flows. When one flow does not fill
its part of the space, the remainder is proportionally divided over the rest of the flows. To
illustrate how the effective values of mdep,oi ,s,d j (ku ) can be computed let us assume that there
are two origins, and so two queues from which vehicles want to drive into the same link.
Let mdep,int,1 (ku ) and mdep,int,2 (ku ) denote the number of vehicles that intend to enter the link
ls,d j from respectively origin 1 and origin 2. If we assume without loss of generality that
mdep,int,1 (ku ) ≤ mdep,int,2 (ku ), then the effective values for mdep,1 (ku ) and mdep,2 (ku ) can be
computed as follows:
• if mdep,int,1 (ku ) + mdep,int,2 (ku ) ≤ Ss,d j (ku ), then
mdep,1 (ku ) = mdep,int,1 (ku ) and mdep,2 (ku ) = mdep,int,2 (ku ) ,
• if mdep,int,1 (ku ) + mdep,int,2 (ku ) ≥ Ss,d j (ku ), then

m
(k ) = mdep,int,1 (ku )


 dep,1 u

mdep,2 (ku ) = Ss,d j (ku ) − mdep,int,1 (ku )



m
1
dep,1 (ku ) = mdep,2 (ku ) = 2 Ss,d j (ku )

if mdep,int,1 (ku ) < 12 Ss,d j (ku ),
if mdep,int,1 (ku ) ≥ 12 Ss,d j (ku ).

The extension to a situation with more upstream queues is straightforward.
The external inputs for a simulation of the urban model are the initial state of the queues,
the number of arriving vehicles, and the free space, and the signals that describe the evolution over the entire simulation period of the turning rates βoi ,s,d j (ku ) and of the green/red
indicators goi ,s,d j (ku ).

2.2.3

Interface between the models

The urban part and the freeway part are coupled via on-ramps and off-ramps. In this section
we present the formulas that describe the evolution of the traffic flows on these on-ramps
and off-ramps. The main problems are the different simulation time steps Tf and Tu and the
boundary conditions that the models create for each other. We assume that the time steps
are selected such that Tf vfree,m < Lm .
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Figure 2.4: Overview of variables on on-ramps and off-ramps.
On-ramps
Consider an on-ramp r that connects intersection s of the urban network to node p of the
freeway network, as shown in Figure 2.4(a). The number of vehicles that enter the on-ramp
from the urban network is given by marr,s,r (ku ). These vehicles have a delay δs,r (ku ) similar
to (2.8). The evolution of the queue length is first described with the urban model. At the
end of each freeway time step, the queue length as described in the urban model is then
translated to the queue length for the freeway model as explained below.
Now consider the freeway time step kf corresponding to the urban time step ku = Nfu kf .
In order to get a consistent execution of the urban and freeway models the computations
should be done in the following order:
1. Determine the on-ramp departure flow qr,p (kf ) during the period [kf Tf , (kf +1)Tf ) using
(2.5).
2. Assume that these departures spread out evenly over the equivalent urban simulation
period [ku Tu , (ku +Nfu )Tu ). Compute the departures for each urban time step in this peqr,p (kf )Tf
for k = ku , . . . , ku + Nfu − 1 (note that Tu = Tf /Nfu ).
riod using mdep,s,r,p (k) =
Nfu
3. The number of arriving vehicles, the free space, and the queue length xs,r,p at link
ls,r can now be computed using the equations for the urban traffic model given in
Section 2.2.2.
4. When the queue length xs,r,p (ku + Nfu ) is computed, we set wo (kf + 1) = xs,r,p (ku + Nfu ).
It is easy to verify that this is equivalent to (2.4).

replacements
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Figure 2.5: Order of computations during a simulation.
Off-ramps
The evolution of the traffic flows on an off-ramp r is computed for the same time steps as
for the on-ramp, starting at time step ku = Nfu kf . The variables are shown in Figure 2.4(b).
The following steps are required to simulate the evolution of the traffic flows, in order to get
a consistent execution of the urban and freeway models:
1. Determine the number of departing vehicles from link lr,s at intersection s during the
period [ku Tu , (ku + Nfu )Tu ) using the urban traffic flow model.
2. Compute the maximal allowed flow qmax
r,1 (kf ) that can leave the freeway and enter the
off-ramp in the period [kf Tf , (kf + 1)Tf ) based on the available storage space in the link
lr,s at the end of the period. We have
qmax
r,1 (kf ) =

ku +Nfu −1
1
Sr,s (ku ) + ∑
∑ mdep,r,s,d j (k).
Tf
k=ku d j ∈Ds

The effective outflow qm,nlast,m (kf ) of freeway link m between node p and off-ramp r
is then given by (2.6).
3. Now the METANET model can be updated for simulation step kf + 1.
4. We assume that the outflow of the off-ramp is distributed evenly over the period
[kf Tf , (kf + 1)Tf ) such that
marr,r,s (k + δr,s ) =

qm,nlast,m (kf )Tf
Nfu

for k = ku , . . . , ku + Nfu − 1.

The corresponding urban queue lengths xr,s,d j (k) for k = ku + 1, . . . , ku + Nfu can be
updated using the urban traffic flow model.
In summary, the model for the off-ramp as well as the model for the on-ramp require a
special order in which the computations are done. For simulating the whole network this
means the computations should be done in the order shown in Figure 2.5. At the bottom each
subfigure shows the urban time steps, at the top the freeway time steps. The first subfigure
shows that with the flow at time step kf the number of arriving vehicles in the urban network
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can be computed for time steps ku + 1, . . . , ku + Nfu . Next, as shown in the second subfigure,
the urban variables at time steps ku , . . . , ku + Nfu − 1 are used to adapt the flows at freeway
time step kf . Last, the freeway variables at time step kf + 1 are computed with the variables
at time step kf .

2.3 Coordinated control for mixed networks
In the previous section we have developed a model that describes traffic networks that contain both urban roads and freeways. This model forms the basis for our model predictive
control-based method. In this section we first give a general description of model predictive
control (MPC). Next we formulate a traffic controller for mixed urban and freeway networks
that is based on MPC.
We have selected MPC because it has the following features and advantages:
1. It can easily handle multi-input multi-output systems,
2. Only a few parameters have to be tuned,
3. It can handle constraints on inputs and outputs in a systematic way.
One of the first applications of MPC for traffic control is described in [58]. Other publications that deal with MPC or MPC-like approaches for traffic control are [49, 89, 129]. As
described in [10, 64] MPC can be extended to coordinated control of freeway networks.

2.3.1

Model Predictive Control

Model predictive control (MPC) [25, 100] is a control method that has its origins in the process industry, where it is widely implemented due to its ability to deal effectively with increasing productivity demands, environmental regulations, and tighter product quality specifications. MPC is also suited for traffic control because it can easily handle changes in
demands and in external conditions.
MPC approach
The goal of MPC is to minimize a cost function over a given prediction period. This cost
function should give an indication for the performance of the system.
Figure 2.6 gives an overview of the operation of MPC. Assume that we are at time
t = kc Tc = kf Tf = ku Tu where Tc is the controller time step. The current state of the system
is measured, and fed into the controller. Now the current state and a prediction model are
used to predict the behavior of the traffic during the period [kc Tc , (kc + Np )Tc ), where Np is
called the prediction horizon. Note that in principle any traffic model can be used, but in
this chapter we use the model described in Section 2.2 because it provides a good trade-off
between accuracy and efficiency. With the obtained prediction the value J(kc ) of the cost
function for this period is computed.
The cost function should be minimized by selecting the optimal control signal sequence
∗
c (kc ), c∗ (kc + 1), . . . , c∗ (kc + Np − 1). In order to reduce the number of optimization variables
(and thus the computational complexity) usually a control horizon Nc (with Nc ≤ Np ) is
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Figure 2.6: Working principle of MPC.
introduced and the control sequence is only allowed to vary over the period [kc Tc , (kc +
Nc )Tc ) and is set constant afterwards, i.e. we have c∗ (kc + k) = c∗ (kc + Nc − 1) for k = Nc , Nc +
1, . . . , Np − 1.
From the optimal control signal sequence only the first sample c∗ (kc ) is applied to the
real system. At the next control time step, a new optimization is performed with a prediction
window that is shifted one control time step further. Of the resulting control signal again
only the first sample is applied, and so on. This is called a receding horizon approach.
This approach allows for updating the (estimated) system state from measurements every
iteration, which introduces a feedback mechanism. In addition, it allows for adaptive control
by regularly updating the model parameters using system identification.
Control signal, constraints, cost function, and prediction model
The MPC method requires defining the control signal c, the cost function J, and the constraints. Further, a suitable prediction model should be selected. Below we describe these
elements for a general setting. In Section 2.3.2 they will be made specific for traffic control
for mixed networks.
The control signal contains the settings for the control measures that are able to influence
the system.
The constraints can contain upper and lower bounds on the control signal, but also linear
or non-linear equality and inequality constraints on the control inputs and the states of the
system. The constraints are used, e.g., to keep the system working within safety limits or to
avoid unwanted situations.
The cost function J represents the performance of the network. Different performance
criteria are possible. In practice, cost functions are often a combination of the different
performance indicators:
Jtotal (kc ) = υ1 J1 (kc ) + υ2 J2 (kc ) + υ3 J3 (kc ) + . . .
where the weights υi ≥ 0 of each term can be determined by the user of the controller.
MPC uses a model of the system to make predictions. Note that to be able to make a
prediction of the traffic flows, the current state of the network should be known. This current
state can be obtained via direct measurements or by using a state estimator, e.g., based on
Kalman filtering [79].
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MPC is an on-line control approach, and thus requires prediction models that give a
balanced trade-off between accurate predictions and computational efforts. These models
should be able to run several times faster than real-time, to ensure that the optimization
algorithm can have results available within a specified amount of time (e.g., the sampling
time of the system).
Optimization algorithms
At each control step MPC computes an optimal control sequence over a given prediction
horizon. In general, this optimal control sequence is the solution of a non-linear, nonconvex optimization problem in which the cost function is minimized subject to the model
equations and the constraints. To solve this optimization problem different numerical optimization techniques can be applied, such as multi-start sequential quadratic programming
(SQP) [126, Chapter 5] or pattern search [133] for real-valued problems, and genetic algorithms [44], tabu search [61], or simulated annealing [53] for mixed integer problems
arising when discrete control measures are included.

2.3.2

MPC-based traffic control for mixed urban and freeway networks

The principle of MPC has been explained above. In this section we describe how MPC can
be used to design a traffic controller for mixed urban-freeway networks. Note that the elements of an MPC controller (model, control signal, cost function, constraints, optimization
algorithm) can be selected separately, and that the elements that we select here are just an
example of a possible implementation.
The model requirements for MPC lead to the selection of a macroscopic traffic flow
model to predict the behavior of the traffic. Macroscopic models are suited since the computation time is relatively low and does not depend on the number of vehicles in the network,
and since they offer a good trade-off between accuracy and computational efforts. In Section 2.2 we have developed such a model, which we now include in our controller.
The control signal c can contain traffic signals for urban networks, presenting the green
times and off-sets for each intersection. For freeway networks it can contain, e.g., ramp
metering rates, variable speed limits, or lane closure settings. The MPC controller is often
used as a higher-level controller. In this case the control signal contains control profiles and
set-points for the local controllers. The low-level local controllers translate these profiles
and set-points in the red/green signals for the real traffic control measures, as illustrated in
Figure 2.7.
The traffic signals work as given in (2.7). The green time indicator signals are included
in the global control signal via the cycle time Tcyc , the green offsets ogreen,oi ,s,d j (expressed
as a percentage of the cycle time), and the green times πgreen,oi ,s,d j (also expressed as a
percentage of the cycle time). This is done to prevent mixed-integer optimization problems,
and to reduce the number of variables in the control signal. The percentages are translated
into the binary red/green signal goi ,s,d j as follows:
Suppose that we have to compute the control signals over the period [t 0 ,t end ] with t 0 = k0 Tu
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Figure 2.7: MPC-based control implemented with local controllers.
 end 0 
and t end = kend Tu . In this period the number of cycles is equal to Ncyc = ceil t Tcyc−t . For
each cycle ℓ = 0, 1, . . . , Ncyc − 1 the vehicles coming from origin oi and going to destination
d j at intersection s have green from time instant t 0 + ℓTcyc + ogreen,oi ,s,d j (ℓ)Tcyc up to time
instant6 t 0 + ℓTcyc + ogreen,oi ,s,d j (ℓ)Tcyc + πgreen,oi ,s,d j (ℓ)Tcyc . So we have

Ncyc −1

[



[t 0 + ℓTcyc + ogreen,oi ,s,d j (ℓ)Tcyc ,
1
if
kT
∈
u

ℓ=1
goi ,s,d j (k) =

t 0 + ℓTcyc + ogreen,oi ,s,d j (ℓ)Tcyc + πgreen,oi ,s,d j (ℓ)Tcyc ]




0 otherwise

for k = k0 , k0 + 1, . . . , kend .
This implies that the actual urban control inputs computed by the MPC controller consist
of the cycle times Tcyc , the offset percentages ogreen,oi ,s,d j , and the green time percentages
πgreen,oi ,s,d j for each traffic cycle in the given prediction period. The number of green times
and offsets depends on the lengths of the cycles, which results in a variable length of the
control signal. However, optimization algorithms that can handle inputs of variable size do
not exist. Several options are available to avoid this problem: select a fixed cycle time, first
optimize the cycle times for fixed offsets and green times and then optimize the offsets and
green times with the obtained cycle time, or perform a bi-level optimization of cycle times,
offsets, and green times.

Ramp metering installations limit the flows that leave the on-ramps. The ramp metering
rates will be computed every controller time step Tc . For ease of notation we define the set
of freeway time steps kf that correspond to a given interval [kca , kcb ] of controller time steps
as follows:
h T
Tc + 1
Tc i
c
, ..., kcb − 1 .
Kf (kca , kcb ) = kca , kca
Tf
Tf
Tf
The ramp metering rates in freeway time steps are then given by:
rramp (kf ) = rcramp (kc ) ∀ kf ∈ Kf (kc , kc + Np )
6 Note

that in fact time instants beyond t end do not have to be considered.

(2.9)
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ramp

where rramp (kf ) is the ramp metering rate in freeway time steps, and rc
rate in control time steps.
The flow that leaves the on-ramp is then determined by:

(kc ) is the metering

onramp,metering
onramp,no metering
qr,p
(kf ) = min(qr,p
(kf ), rramp (kf )Qcap,r )
onramp,no metering

where qr,p
(kf ) is the flow on the on-ramp when no metering is applied (cf.
(2.5)), and Qcap,r is the capacity of the on-ramp.
The last part of the control signal contains the freeway speed limits, which are also
determined via zero order interpolation, as in (2.9). Speed limits influence the speed of the
drivers by changing the speed that they try to approximate [64]:
desired,limits
desired,no limits
vm,i
(kf ) = min(vm,i
(kf ), (1 + αm )vlimit
m,i (kf ))

(2.10)

desired,no limits
where vm,i
(kf ) is the desired speed of the drivers when there are no speed limits
limit
applied (cf. (2.3)), vm,i (kf ) is the value of the applied speed limits, and αm is a parameter
which represents the fact that drivers will freely interpret and adhere to the speed limits.
When enforcement is used αm will typically be around -0.1, but without enforcement drivers
will tend to drive too fast, and αm can be around 0.1.
The subsequent values of the ramp metering rates and the variable speed limits over the
prediction period form the freeway part of the control signal.

Furthermore, we can impose constraints for the controller. For traffic control such constraints can consist of, e.g., maximum queue lengths at intersections, at on-ramps or at
off-ramps, minimum and maximum green times, minimum and maximum speed limits,
maximum flows on roads, constraints that the traffic signal plans should be conflict-free,
etc. These constraints could be prescribed by regulations, or they could express a policy
selected by the traffic management authorities.
The cost function can be determined by the traffic management authorities, to represent
their traffic management policies. The cost function could contain the total time that the
vehicles spend in the network, the average queue length, the number of stops, the total delay,
the throughput, vehicle loss hours, variation in the travel times, the total fuel consumption,
the emission levels, the noise production, etc., or a combination of them. The cost functions
for the urban and freeway parts of the network are often computed separately, to allow a
trade-off between the two:
Jtotal (kc ) = υf Jfreeway (kc ) + υu Jurban (kc )
where υf and υu are a weight factors to determine the relative influence of the freeway and
urban traffic.
A cost function that is often used in literature (see, e.g., [10, 64, 86, 89]) is the total
time spent (TTS) by all vehicles in the network. We will also use this objective function
for our case study in Section 2.4. Therefore, we will now expand somewhat on this specific
objective function. To compute the TTS for the urban part of the network the number of
vehicles in each urban link nvehicles,lσ,s is required:
nvehicles,lσ,s (ku ) = Lσ,s − Sσ,s (ku )
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where Lσ,s is the maximum number of vehicles that the link can contain. Using this equation
the number of vehicles for all urban links, on-ramps, and off-ramps can be computed.
The TTS will be computed over the period [kc0 Tc , (kc0 + Np )Tc ) when we are at time t =
0
kc Tc . Now define ku0 and kf0 such that kc0 Tc = ku0 Tu = kf0 Tf and ku0,end and kf0,end such that
(kc0 + Np )Tc = (ku0,end + 1)Tu = (kf0,end + 1)Tf . The total time spent in the urban part of the
network during the period [kc0 Tc , (kc0 + Np )Tc ) is then given by:
0,end

TTSurban (kc0 ) =

ku

Tu

∑

k=ku0

∑

lr,s ∈Roff



∑

loi ,s ∈I

nvehicles,loi ,s (k) +

∑

nvehicles,ls,r (k) +

ls,r ∈Ron

∑

nvehicles,o (k)

o∈Ourban


nvehicles,lr,s (k)

where TTSurban (kc0 ) denotes the total time spent in the urban part of the network during the
period [kc0 Tc , (kc0 + Np )Tc ), I the set of all urban links, Ourban the set of all urban origins o,
Ron the set of links urban lr,s connected to the on-ramps, and Roff the set of urban links ls,r
connected to the off-ramps.
The TTS in the freeway part of the network is computed using the density on the segments:
0,end
kf


0
TTSfreeway (kc ) = ∑ ∑ Lm nm ∑ ρm,i (k) + ∑ wo (k)
k=kf0 m∈M

i∈Im

o∈Ofreeway

where TTSfreeway (kc0 ) is the total time spent in the freeway part of the network during the
period [kc0 Tc , (kc0 + Np )Tc ), M the set of all freeway links m, Im the set of all segments i in
link m, and Ofreeway the set of all freeway origins.
The total cost function is given by the weighted sum of the urban and freeway total time
spent:
TTS(kc0 ) = υf TTSfreeway (kc0 ) + υu TTSurban (kc0 ) .

2.4 Case study
To illustrate the performance of the MPC method we will present a simple case study. The
case study concentrates on urban control but in a network that also contains a freeway. We
have done this to be able to make a comparison with existing dynamic control systems,
which have mainly been developed for urban control measures.

2.4.1

Set-up of the case study

For the case study a simple network is used, as shown in Figure 2.8. The network consists of
two freeways (freeway 1 and 2) each with two lanes, two on-ramps, and two off-ramps (ramp
1 to 4). Furthermore, there are two urban intersections (A and C), which are connected to
the freeway and to each other. Between these intersections and the freeways there are some
crossing roads (B, D, and E), where there is only crossing traffic that does not turn into other
directions, e.g., pedestrian traffic, bicycles, etc. We have selected this network because it
contains most of the essential elements from mixed networks. There are freeways with
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Figure 2.8: Network used in the case study.

on-ramps and off-ramps and controlled intersections not too far away from the freeways
resulting in a strong relation between the traffic on the two types of roads. The network is
small enough to use intuition to analyze and interpret the results, but large enough to make
the relevant effects visible.
The performance of the control systems will be shown for different traffic scenarios.
Three of them are scenarios with different traffic situations, while the fourth is a controlrelated scenario. We have selected these scenarios because they clearly show the influence
of the urban traffic on the freeway traffic and vice versa, because this influence occurs
frequently, and because some properties of the control methods will become clearly visible.
The ‘basic’ scenario has a demand of 3600 veh/h for freeway origins and 1000 veh/h for
urban origins, and turning rates as shown in Figure 2.8. Each of the scenarios is a variation
on this ‘basic’ scenario, with one variable or parameter changed or a constraint added. The
total simulated time is 30 minutes. These are the four scenarios:
Scenario 1: congestion on the freeway A traffic jam exists at the downstream end of freeway 1. This congestion grows into the upstream direction and blocks the on-ramps,
causing a spill-back leading to urban queues. The congestion is created by imposing
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a downstream density of 65 veh/km/lane for the last segment of the freeway.

Scenario 2: blockage of an urban intersection On intersection D an incident has occurred,
and the whole intersection is blocked. The queues spill back to neighboring intersections, and also block the off-ramps of the freeways. This incident is simulated by
setting the saturation flow of all links leaving the intersection to 0 veh/h.
Scenario 3: rush hour In this scenario the demand at the origins becomes larger during a
short period. We have selected a flow of 500 veh/h with a peak of 2000 veh/h for the
urban origins, and a flow of 2000 veh/h with a peak of 4000 veh/h for freeway origins.
The duration of the peak is 10 minutes.
Scenario 4: maximum queue length Here, the queue on the link from intersection A toward intersection B may not become longer than 20 vehicles. This can be a management policy, e.g., when the link is in a residential area.

2.4.2

Simulation set-up

For all control systems the implementation of the simulations and the controller is completely done in the mathematical computation environment Matlab. We use the model described in Section 2.2 both as real-world model and as prediction model. With this set-up
we can give a proof-of-concept of the developed control method, without introducing unnecessary side-effects.
In our case study the MPC optimization problem is a non-convex, non-linear problem
with real-valued optimization variables. To solve this problem we have selected multistart SQP [126] as optimization algorithm. This algorithm is implemented in the fmincon
function of the Matlab optimization toolbox [154].
As cost function we select the total time spent (TTS). The parameters of the METANET
model are selected according to [87]: vfree,m = 106 km/h, ρcrit,m = 33.5 veh/km/lane, ρmax,m =
180 veh/km/lane, Qcap,m = 4000 veh/h, τ = 18 s, ν = 65 km2 /h, κ = 40 veh/km/lane, and
am = 1.867. The parameters of the urban model are Qcap,o,s,d = 1000 veh/h, Lav,veh = 6 m,
and vav,ls,d = 50 km/h.
We have selected the following time steps: Tc = 120 s, Tf = 10 s, and Tu = 1 s. A small
value is selected for the urban time step to obtain detailed information. The freeway time
step of 10 s forms a trade-off between computational effort and accuracy.
There are three parameters that can be tuned for the MPC controller. We have selected
Np = 8 and Nc = 3 as horizons, and α = 1 as trade-off between urban and freeway performance in the cost function.

2.4.3

Alternative control methods

Many dynamic traffic control systems have already been implemented in the real world.
Some of these systems are SCATS [185], Toptrac [6], SCOOT [140], UTOPIA/SPOT [129],
MOTION [24], and IN-TUC [48]. Here we will use approximations of SCOOT and
UTOPIA/SPOT to make a comparison between the developed MPC control method and
some existing systems. Both SCOOT and UTOPIA/SPOT target the urban traffic, and they
optimize intersections independently of the neighboring freeway. We have selected these
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methods because they are good representatives of this kind of dynamic traffic control systems. Note however that these systems are commercial systems, meaning that real specifications are not publicly available. This means that we can only approximate their functioning
as follows:
System 1: a SCOOT-like system SCOOT [140] has a controller on each intersection. These
controllers estimate the arriving traffic flows using a cyclic flow profile, that is updated via measurements taken at the beginning of each link. Every control time step
the cycle time is updated. This is done according to the ratio between the current
queue length and the maximum allowed queue length. When more than 90% of the
maximum queue length is reached, the cycle time is increased. The time differences
between the beginning of the green times of different intersections are called the offsets. At the beginning of each cycle the offsets are optimized locally by adapting them
to the expected demands. A prediction of the traffic flows for the next cycle is used
to determine the optimal values for each intersection separately, using predictions obtained from neighboring intersections during the previous time step. The green times
are updated every time step (1 s). A prediction of the traffic during the next cycle is
made to determine whether it is useful to increase or decrease the green times with
4 s. The model used for the predictions is a simple queue length model. It describes
the number of vehicles arriving at the beginning of the link, the delay due to the travel
time on the link, the length of the queue, and the number of vehicles leaving the link.
System 2: an UTOPIA/SPOT-like system UTOPIA/SPOT [104, 129] has been developed
in Turin, Italy. It is a hierarchical system with a local controller at each intersection,
and a central controller. The central controller computes an optimal control signal
consisting of setpoints for the local controllers, using a prediction of the traffic in the
whole urban network over a period of 15 minutes. These setpoints are sent to the local
controllers. Each of these local controllers communicates with its neighbors to obtain
their measurements and expected control scheme. With this information the local
controllers compute a locally optimal green times and offsets, using predictions of the
traffic on the local intersection during the next cycle, including the arriving traffic. In
the cost function used by the local controllers a penalty is added for deviations from
the signal computed by the central controller. In this way the central controller can
influence the local controllers. A queue length model is used to obtain the predictions
of the traffic state.
In both systems constraints like maximum queue lengths are introduced by adding a
penalty term to the cost function. This penalty term must become relatively large when the
maximum queue length is reached. This results in a very high value of the cost when the
maximum queue length is violated. While the purpose of the control is to minimize the
cost function, a trade-off will have to be made between minimizing the original cost and
violating the queue length constraint.

2.4.4

Qualitative comparison

The main difference between the MPC-based system proposed in this chapter and the existing systems is that the new system takes the influences and interactions between the urban
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and freeway parts of the network into account. By simulating the effect of one measure
on both kinds of roads, control settings can be found that provide a trade-off between improving traffic conditions on the freeway and delaying traffic on the urban roads and vice
versa.
Furthermore, the MPC-based system we have developed can handle hard constraints on
both the control signals and the states of the system. All systems can handle constraints that
are directly linked to the control signals, e.g., maximum and minimum green times and cycle
time constraints. But the MPC-based system can also handle more indirect constraints such
as maximum queue lengths, maximum delays, etc. These constraints are included as hard
constraints in the MPC optimization problem, which is subsequently solved using a constrained optimization algorithm (e.g., SQP). In the other systems such a constraint is implemented by adding a penalty term that penalizes the constraint violation to the performance
function. This can lead to either satisfying the constraints with a degraded performance,
or violating the constraints and obtaining a better performance. Which of the two occurs
depends on the weight that is given to the penalty term. Figure 2.9(a) shows a queue on the
link from A to B when MPC-based control is applied. Figure 2.9(b) shows the same queue,
but now with MPC-based control with a queue length constraint of 12 vehicles. Whereas
in Figure 2.9(a) the queue repeatedly exceeds 12 vehicles, in Figure 2.9(b) the queue stays
around 10 vehicles. This is due to the fact that the controller predicts that the queue will
exceed the limit during the prediction horizon, which causes the controller to change the
value of the control signals. When the first step of this control signal is then applied on the
real system, the queue stays lower than the value of the constraint.
The three control methods are also characterized by different communication requirements. System 1 is based on local controllers, each with their own detectors and control
algorithms. System 2 uses different levels: local controllers that communicate with their
neighbors, and a centralized control computer that communicates with each local controller,
mainly sending set-points for the local control algorithms. The MPC method is in principle
a centralized method in which the control algorithm runs on a central computer, and only
the results of the optimization are communicated toward the low-level controllers. In this
way an optimum for the total network is found, possibly at the cost of large computation
times in the case of large networks (in Section 2.4.6 we will sketch some ways to address
this issue).

2.4.5

Quantitative comparison

We have applied the three different control methods to the case study network. The results
are shown in Table 2.1. Each traffic scenario is simulated with each control method. The
table shows the total time spent for the freeway part of the network, for the urban part, and
for the whole network. The last column of the table shows the improvement of the MPC
method compared to System 1 (first number) and to System 2 (second number). This makes
it possible to determine in which part of the network the largest improvements are obtained.
For the fourth scenario the largest attained queue length is also shown.
The first two scenarios show that the MPC method can improve the performance for the
urban as well as for the freeway part of the network when a problem arises in one of the two.
The immediate negative effects of such a problem are reduced just as the negative influence
on the rest of the network.
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Table 2.1: Results of the case study: total time spent for the freeway part of the network,
for the urban part, and for the total network; and also the improvement of the
MPC-based method compared to System 1 and System 2 respectively.
Scenario 1: congestion on the freeway
freeway
urban
total

System 1
595.4
313.6
909.0

System 2
565.1
335.7
900.8

MPC
563.9
305.7
869.6

improvement
5.3 / 0.3%
3.0 / 9.0%
4.4 / 3.5%

Scenario 2: blockage of an urban intersection
freeway
urban
total

freeway
urban
total

System 1
498.0
665.9
1163.9

System 2
526.2
672.3
1198.5

MPC
495.0
620.3
1115.3

Scenario 3: rush hour
Sytem 1 System 2 MPC
244.6
280.1
253.3
409.0
383.5
386.8
653.6
663.6
640.1

improvement
0.7 / 6.0%
6.9 / 7.8%
4.2 / 7.0%

improvement
-3.5 / 9.6%
5.5 / -1.6%
2.1 / 3.5%

Scenario 4: maximum queue length of 20 vehicles with large weight
freeway
urban
max. queue
total

System 1
367.2
309.7
19
676.9

System 2
510.3
435.4
19
945.7

MPC
373.9
264.4
21
638.3

improvement
-1.8 / 26.8%
15.7 / 39.3%
6.8 / 32.6%

Scenario 4: maximum queue length of 20 vehicles with small weight
freeway
urban
max. queue
total

System 1
367.1
303.0
93
670.1

System 2
428.1
360.5
43
788.6

MPC
373.9
264.5
21
638.3

improvement
-1.8 / 13.7%
13.8 / 26.7%
5.8 / 19.1%
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(a) Queue length at the link from A to B, for MPC without queue
length constraint.
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(b) Queue length at the link from A to B, for MPC with a queue length
constraint of 12 vehicles.

Figure 2.9: The effect of a queue length constraint.

The third scenario shows that the MPC method can control the traffic slightly better
when a large peak in the demand occurs. In this scenario the trade-off between the freeway
and urban parts of the network can clearly be seen. A reduction of the performance on the
urban network can lead to an improvement of the performance on the freeway network, and
vice versa. This can be used to obtain a better performance for the total network.
The maximum queue length constraint is implemented in System 1 and System 2 by
adding an extra penalty term in the cost function. This term has a relative weight that allows
a trade-off between the performance of the network and the importance of the maximum
queue length constraints. When the weight is high the queue length constraint is satisfied
but the performance is low, as shown in the first simulations done for the fourth scenario. In
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the second set of simulations the weighting term for the queue constraint is low, resulting in
a better performance, but now the maximum queue length is exceeded. The values for MPC
are the same for both simulation sets because the queue length constraint is implemented as
a hard constraint for the optimization algorithm7 .

2.4.6

Discussion

Although the MPC-based method gives good results, some parts of it have to be investigated
more extensively.
The most important problem at the moment is the required computational effort. The
run time for the MPC-based method is larger than for the other methods. This is due to the
use of one central computer and to the fact that a larger network is optimized at once. This
can be solved by, e.g., using faster computers, by using the method in a distributed setting,
or by using better special, dedicated solvers implemented in object code8 .
The optimization technique also forms an important factor in relation to the computation
time and the computed optimal control signal. Different optimization algorithms can have
different run times, and yield different solutions. To select the best algorithm extensive
simulations should be done for a wide range of set-ups and scenarios to compare the various
algorithms.
When hard constraints are implemented, it is possible that the optimization problem
becomes infeasible. When this occurs, one or more constraints have to be relaxed (see
[25, 100] for more details). This can in reality mean that the constraints are violated for a
short period.
The effects of selecting different cost functions should also be investigated, just as the
influence of the weighting parameters υf and υu , which determine the trade-off between the
urban and the freeway costs.

2.5 Conclusion
Congestion on urban roads and congestion on freeways cannot be seen as separate problems:
the traffic on urban roads influences the traffic on freeways and vice versa. As a result,
control measures taken on one of the two types of roads have influence on both types of
roads. We have developed a control approach that takes this influence into account when
the control signals are determined. The approach is suitable for integrated control, and
yields a balanced trade-off between the urban and the freeway parts of the network.
We have first developed a model that describes the evolution of traffic flows on mixed
urban-freeway networks. For the freeway part the METANET model is used, and for the
urban roads a queue length model based on Kashani’s model is developed. We have made
the connection between the urban and freeway parts of the network by modeling on-ramps
and off-ramps.
The mixed network model has been used to develop a coordinated control method using
MPC. In MPC the evolution of the traffic flow is predicted over a certain period, and this
7 The MPC-based method violates the constraint with 1 vehicle at the start of the simulation. This is due
to infeasibility problems during the optimization, related to the initial state of the network at the start of the
simulation. This issue can be solved by increasing the horizons Np and Nc .
8 The current simulations are programmed in Matlab, which is basically an interpreted language.
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prediction is then used to optimize the control settings, using numerical algorithms. MPC
uses a receding horizon approach: only the first step of the optimized control settings is
applied, and then the procedure is started all over again. This makes that the controlled
system can also cope with changes in the traffic demand, and with model mismatches.
We have performed a case study to compare the MPC method with existing control
methods. In particular, for the comparison we have selected methods that are an approximation of SCOOT and UTOPIA/SPOT. Different traffic scenarios have been simulated and the
result of the three systems have been compared qualitatively and quantitatively. The MPC
method performs between 2% and 7% better than the other two systems, and can guarantee
bounds on the queue lengths without a large decrease in performance.
The results of the simulation are promising: they can be seen as a proof-of-concept for
the proposed approach, they show its potential benefits, and encourage further research.
This research could include the following steps. First, additional case studies, with several
different traffic scenarios and set-ups including larger networks should be performed. Next,
case studies should be done where different models are used to model the ‘real-world’ traffic
flows (for the prediction model we would keep on using the macroscopic model proposed
in this chapter). Then, the efficiency of the algorithm should be improved by, e.g., selecting/developing other optimization algorithms, or adapting the model as in [97]. Attention
should be payed to the robustness and sensitivity of the control method. Last, a real-life test
should be done. Other topics that should be investigated are the validation and calibration
of the model. Furthermore, for the simulation of larger networks, it is useful to investigate
MPC for distributed control in which different adjacent network regions are defined and optimized separately (but with some coordination to avoid negative influences of the control
actions of one region on the other regions).
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List of symbols

Freeway model
Tf
kf
vm,i (kf )
ρm,i (kf )
qm,i (kf )
nm
Lm
V (ρm,i (kf ))
vfree,m

freeway time step (h)
freeway time step counter
space mean speed on segment i of freeway link m at freeway time step
kf (km/h)
average density on segment i of freeway link m at freeway time step kf
(veh/km/lane)
average outflow of segment i of freeway link m at freeway time step kf
(veh/h)
number of lanes of freeway link m
length of the segments of freeway link m
desired speed corresponding to the density at segment i of freeway link
m during freeway time step kf (km/h)
free flow speed of freeway link m (km/h)
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ρcrit,m
wo (kf )
do (kf )
Qcap,m
ρmax,m
Qtot,p (kf )
Ip
nlast,m
β p,m
Op
rramp (kf )
qm,nlast,m (kf )
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critical density of freeway link m (veh/km/lane)
queue length at origin o at freeway time step kf (veh)
demand at origin o at freeway time step kf (veh/h)
capacity of freeway link m (veh/h)
maximum density at freeway link m (veh/km/lane)
total flow entering node p at freeway time step kf (veh/h)
set of all freeway links entering node p
index of the last segment of freeway link m
turning rate from node p to leaving freeway link m
set of leaving links of node p
ramp metering rate at freeway time step kf
flow that can enter the off-ramp r connected to freeway link m at freeway time step kf (veh/h)

Urban model
Tu
ku
loi ,s
marr,s,d j (ku )
mdep,s,d j (ku )
marr,oi ,s,d j (ku )
mdep,oi ,s,d j (ku )
Ds
xoi ,s,d j (ku )
goi ,s,d j (ku )
Ss,d j (ku )
Qcap,oi ,s,d j
Lloi ,s
δs,d j (ku )
Lav,veh
βoi ,s,d j (ku )

urban time step (h)
urban time step counter
link connecting origin oi with intersection s
number of vehicles arriving at the end of the queue in link ls,d j at urban
time step ku (veh)
number of vehicles departing from intersection s towards link ls,d j at
urban time step ku (veh)
number of vehicles from origin oi going to destination d j arriving at the
end of the partial queue at intersection s at urban time step ku (veh)
number of vehicles leaving queue at urban time step ku (veh)
set of destinations connected to intersection s
queue length consisting of vehicles coming from origin oi going to destination d j at intersection s at urban time step ku (veh)
binary signal that is 1 when the direction from origin oi to destination
d j at intersection s has green at urban time step ku
free space in the link ls,d j connecting intersection s and destination d j at
urban time step ku (veh)
the saturation flow at intersection s for traffic from origin oi with destination d j
length of link loi ,s from origin oi to intersection s
delay experienced in the link ls,d j by a vehicle that enters at urban time
step ku (expressed as a multiple of Tu )
average length of a vehicle (m)
percentage of the traffic on link loi ,s with destination d j at urban time
step ku
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Controller
Tc
kc
Np
Nc
c
J(kc )
I
nvehicles,loi ,s (ku )
TTS(kc )
TTSurban (kc )
TTSfreeway (kc )
Tcyc
Ncyc
πgreen,oi ,s,d j (ku )
ogreen,oi ,s,d j (ku )

control time step (h)
control time step counter
prediction horizon
control horizon
general control signal
generalized total costs for the period [kc , kc + Np )
set of all urban links
number of vehicles in link loi ,s at urban time step ku (veh)
total time spent in the network at control time step kc (veh·h)
total time spent in the urban part of the network at control time step kc
(veh·h)
total time spent in the freeway part of the network at control time step
kc (veh·h)
global cycle time
number of cycles
green time for the direction from origin oi to destination d j at intersection s at urban time step ku (percentage of cycle time)
offset of the green for the direction from origin oi to destination d j at
intersection s at urban time step (percentage of cycle time)

Chapter 3

Traffic control strategies based on
different assignment models
In this chapter we develop three coordinated control strategies that take re-routing effects
into account. All strategies use a model-based predictive control approach to determine
optimal settings for traffic control measures. The prediction model used in the controllers
consists of two parts; a traffic flow model, and a traffic assignment model. For the traffic
flow model the controllers use METANET [106]. The assignment models differ for the
controllers developed in this chapter.
The first strategy that we develop considers the within-day route choice process, and
uses an explicit equilibrium-based dynamic traffic assignment model based on the Method
of Successive Averages (MSA) to describe this process.
The second and third strategies use a route-choice-based traffic assignment model, which
describes the within-day route choice as well as the day-to-day route choice. The second
strategy considers only the within-day part of the route choice model, while the third strategy includes the within-day and day-to-day route choice.
The strategies use the route choice models for different purposes. The first an second
control strategies only take the effect of the route choice process into account when they
determine the settings for the control variables, while the third strategy actively influences
the route choice via information provided on dynamic route information panels.
The performance of the control strategies is illustrated with several small case studies,
in which the methods that are developed are compared with existing control methods.

3.1 Introduction
When there are different routes from origin to destination in a network, the traffic flows divide themselves over these routes. This process is called dynamic traffic assignment. When
a control measure is present in the network, its control actions influence the traffic flows,
and thus implicitly influence the traffic assignment [148]. This change in the traffic assignment may require a change in the control actions. However, the effect of control actions
on the traffic assignment is usually not included in the current traffic control frameworks.
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Current traffic situation
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route choice
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Day−to−day
route choice

Cost experienced during trip

Figure 3.1: Overview of the route choice process.
In this chapter we focus on including this dynamic traffic assignment process in the control
method1 .
A traffic assignment is the result of the route choices of the drivers. The route choice
process has two different time scales, see Figure 3.1. There is the day-to-day change in
route choice, and the within-day route choice. The day-to-day route choice depends on
preferences of the drivers with respect to, e.g., nice surroundings, absence of traffic signals,
wider lanes, and experiences encountered during the last day, such as queue lengths, travel
times, delays, etc. The day-to-day preferences are updated at the end of each day.
The within-day route choice is based on the situation in the network at the moment
the driver has to make this route choice. This situation can be qualified using, e.g., the
instantaneous travel time, instantaneous queue lengths, flows, densities, or speeds at the
current moment. When the process converges, the day-to-day and within-day route choice
together lead to a dynamic equilibrium traffic assignment.
The first paper that describes the effects concerning route choice is [182]. Other early
works are [54, 144], which describe the reasoning of the drivers while selecting their route,
and which claim that the route choice will lead to a so called static user equilibrium traffic
assignment. This is the assignment in which all routes have the same costs for the drivers.
Several authors have developed methods to compute this static equilibrium assignment [50,
102]. But with varying demands the equilibrium assignment will also vary, and so dynamic
traffic assignment algorithms have been developed, see, e.g., [15, 56].
In this chapter we will consider two types of assignment models: equilibrium-based
models that assume that the traffic flows are always in an (dynamic) equilibrium, and enroute route-choice-based models that describe the route choice behavior of drivers at individual intersections. Equilibrium-based models are relatively easy to validate since real-life
travel time data can be gathered with on-line measurements, but require large computation
times since they lead to bi-level optimization problems when they are used within an optimal control setting, as described in [10, 148]. En-route route-choice-based models require
less computation time than equilibrium-based models, but they are more difficult to validate
due to the lack of route choice data.
All traffic assignment models are using the costs for different routes to determine the
1 The actions of the control measures cannot only influence the route choice but also the departure times of the
drivers. Including the departure time choice in a control method can be done in a similar way as including the route
choice: by embedding a departure time model in the controller.
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assignment. The cost that the drivers experience is for a large part based on the travel times
on the routes [18, 42, 142]. These travel times are influenced by the control measures, and
thus the control measures influence the traffic assignment. This means that current traffic
control methods can be improved by taking into account that the change in the route choice
generated by their control actions requires a change in the control strategy to maintain optimal performance. Another reason to include route choice behavior in the control strategy
is that some control measures, e.g., DRIPs, are designed to explicitly influence the traffic
assignment. The effects of these measures on the route choice of drivers are described in,
e.g., [18, 46, 103, 147].
In this chapter we develop three control strategies that include re-routing effects into the
controller. The strategies that we propose are all based on model predictive control (MPC)
[25, 100], which has already been applied for different freeway networks [10, 22, 65], and
which can handle hard constraints. MPC requires a model that predicts the evolution of
the traffic flows on the network. For the control strategies that we develop we will use
the macroscopic traffic flow model, METANET [106], combined with a traffic assignment
model.
The main differences between the control strategies that will be developed are the timing
of the route choice processes that is considered, the assignment algorithm that is selected,
and the function of the assignment model within the controller. The first strategy considers
only within-day route choice, uses an equilibrium-based dynamic traffic assignment (DTA)
algorithm [11], and uses the DTA algorithm to anticipate on changes in the route choice
due to the control actions. The equilibrium-based DTA algorithm determines the traffic
assignment given the present values for the control input in such a way that an equilibrium
appears in which the costs for all routes between a specific origin and destination are equal.
This is done according to the following procedure. First, the METANET model is used
to predict the evolution of the traffic flows with these inputs. Based on these predictions,
the travel times for the routes in the network are obtained. Then the method of successive
averages (MSA) [134] is used to determine the corresponding traffic assignment. This new
assignment is used in the optimization process to select the best settings for the coordinated
traffic control measures. We illustrate the first strategy with a case study involving a small
network with two routes and one on-ramp, using ramp metering as control measure.
The second control strategy uses an en-route route-choice-based assignment model that
implicitly determines the traffic assignment. The model describes within-day as well as dayto-day route choice, but the second control strategy uses only the within-day route choice.
The model does not assume an equilibrium assignment, but predicts the route choice of
drivers based on previously experienced travel times. The control strategy uses the DTA
algorithm to anticipate on changes in the route choice. The performance of this control
strategy is illustrated with a case study involving anticipative on-ramp metering. Also, a
short investigation of off-ramp metering using this control strategy is performed.
The third control strategy considers within-day and day-to-day route choice using the
en-route route-choice-based assignment model. The strategy uses the DTA model to to
actively steer the route choice, which is also done in [47, 81, 147]. Further, the third control
method integrates existing control measures, e.g., ramp metering installations and variable
speed limits with dynamic route information panels (DRIPs) to be able to influence the route
choice. A case study on a network with two routes is performed, to illustrate the possibilities
of the control method that is developed.
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The remainder of this chapter is organized as follows. Since we use ramp metering to
illustrate the different control strategies, we introduce ramp metering and available control
methods for ramp metering in Section 3.2. This section also contains a short description
of the Metanet model, which is used for all MPC-based control strategies in this paper.
Then, Section 3.3 describes an anticipative ramp metering strategy using equilibrium-based
dynamic traffic assignment, while Section 3.4 introduces anticipative ramp metering based
on route-choice-based DTA. Next, Section 3.5 presents the integrated control method using
DRIPs in combination with variable speed limits. At last, in Section 3.6 conclusions are
drawn.

3.2 Ramp metering
In this section we first describe the general principles of on-ramp metering and off-ramp
metering, and next we present three different control methods that can be used to determine
the ramp metering rate: fixed-time control, ALINEA, and model predictive control (MPC).
The first two methods are the most well known methods that are used in practice, and MPCbased control is considered since it is the basis of the control methods developed in the
remainder of this chapter. Later on, we will compare the performance of the different control
methods in simulation case studies.

3.2.1

Principles of ramp metering

Ramp metering is a control measure that has two goals: minimizing the disturbances caused
by the merging behavior near the ramp, and limiting the flow on ramps connected to a
freeway. Minimizing the disturbances is done by releasing vehicles from the ramp with a
constant rate, which allows for a smooth merging into the freeway traffic. Limiting the flow
that leaves an on-ramp leads to a lower flow on the freeway, but can result in a queue on
the ramp. Off-ramp metering limits the flow that exits from the freeway, which results in
lower flows in the urban area, but increases the density on the freeway. Ramp metering is
implemented with traffic signals, that usually allow only one vehicle to drive through during
each green period.
Remark 3.1 Although the traffic is a continuous process, we will consider discrete time
steps in this chapter. The time step used for the freeway simulation, Tf , is counted using the
freeway time step counter kf . The settings of the control measures will be computed every
controller time step Tc . Here, the index kc is used to denote the controller time step index.
We assume that Tc is an integer multiple of Tf . For ease of notation we define the set of
simulation steps kf that correspond to a given interval [kca Tc , kcb Tc ] of controller time steps as
follows:
n T
Tc + 1
Tc o
c
Kf (kca , kcb ) = kca , kca
, ..., kcb − 1 .
Tf
Tf
Tf
2
On-ramp metering
On-ramp metering installations are located at on-ramps of freeways, as illustrated in Figure
3.2. During the green period, only 1 or 2 vehicles are allowed to leave the on-ramp. In
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Figure 3.2: On-ramp with ramp metering installation.
this way the flow that can enter the freeway is limited, which prevents high densities and
disturbances of the traffic flows on the freeway link downstream of the on-ramp. We will
now describe the effects of applying ramp metering at a high level. The resulting ramp
metering rate should be translated into green times and red times by lower level controllers.
The ramp metering rate ro∗ (kc ) at control time step kc gives the fraction of the capacity
flow Qcap,o of the on-ramp o that is allowed to drive on. Before the sample ro∗ (kc ) can be
used, it must be translated to the corresponding freeway simulation time steps, e.g., using a
zero-order-hold method:
ro (kf ) = ro∗ (kc ) for kf ∈ Kf (kc , kc + 1) .

(3.1)

The ramp metering rate can vary between a maximum and a minimum value: rmin ≤ ro (kf ) ≤
rmax .
The flow that can enter the freeway via on-ramp o is then given by:


 int
qreal
(3.2)
o (kf ) = min min ro (kf )Qcap,o , Qlim (ρm,1 (kf )) , qo (kf )

where qint
o (kf ) is the flow that intends to enter freeway link m via on-ramp o during time
interval [kf Tf , (kf + 1)Tf ), ro (kf ) is the ramp metering rate, Qlim (ρm,1 (kf )) is the maximum
flow that can enter the freeway taking into account limiting effect of the current density at
the freeway, and qreal
o (kf ) is the flow that actually enters the freeway.
Originally, on-ramp metering installations were designed to prevent congestion on freeways, as described in [29, 35, 121, 190]. When the on-ramp metering installations were actually implemented, it became clear that they also influenced the route choice of the drivers
[63, 149]. The explanation for this phenomenon is that ramp metering changes the travel
times on the routes, and since route choice is mainly based on these travel times, some
drivers will select another route when a ramp metering installation is present. These ideas
have led to research on corridor control where on-ramp metering installations are used to
influence route choice, and to prevent rat-running [10, 81, 187]. Rat-running describes the
phenomenon that when a freeway is congested, drivers leave this freeway via an off-ramp,
travel over a local road, and then again enter the freeway via an on-ramp.
A disadvantage of on-ramp metering is that it causes queues on the on-ramps. These
queues can become so long that they block intersections near the freeway, which decreases
the traffic efficiency, and additionally can lead to noise and pollution in the urban network.
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Figure 3.3: Off-ramp with off-ramp metering installation.

To prevent this, the selected control method must be able to take into account hard constraints on the queue lengths.
Off-ramp metering
Figure 3.3 shows the set-up of an off-ramp metering installation. Off-ramp metering limits
the flow that can leave the freeway, and creates a visible queue at the off-ramp, which will
further discourage drivers to exit the freeway. To the author’s best knowledge, off-ramp
metering has not yet been investigated in earlier research, and also not applied in practice.
In this chapter we however shortly investigate the idea of off-ramp metering [69, 162], since
we expect that it might be able to prevent rat-running, and to prevent a gridlock on the local
roads. Since the off-ramp metering keeps the traffic on the freeway, the long distance traffic
does not form long queues on the urban network. And since the number of vehicles that
leaves the freeway is reduced, the number of vehicles in the urban network is decreased,
which improves the traffic condition in the whole urban network.
Off-ramp metering limits the flow that can leave the freeway as follows:

int
qreal
o (kf ) = min ro (kf )Qcap,o , Qlim (ρo (kf )) , qo (kf )

(3.3)

int
where qreal
o (kf ) is the flow that really leaves freeway m toward off-ramp o, qo (kf ) the flow
that intends to leave the freeway, and Qlim (ρo (kf )) is the flow limit due to the density on the
urban network, determined by (3.9).
A disadvantage of off-ramp metering is that the queues can become too long for the
off-ramp, and spill back on the freeway. This can decrease the throughput on the freeway,
and impair the safety since large speed-differences are created between the traffic on the
first lane waiting to enter the off-ramp and on the second lane of the freeway. This can
be solved by creating more space for the queue on the off-ramp itself, and by informing
drivers upstream of the off-ramp about the active off-ramp metering installation, e.g., via
a dynamic route information panel. In this way drivers can select another route before
entering the queue.
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Figure 3.4: Location of the measurements and ramp metering installation for ALINEA.

3.2.2

Methods for ramp metering control

There are different methods to control ramp metering installations. A fixed ramp metering
rate can be selected off-line. Other methods determine the ramp metering rate on-line, like
ALINEA [123] and the method described in [149]. Cooperation of different ramp metering
installations is also possible, see [10, 87]. Objectives of this kind of systems are, e.g.,
maximizing throughput on the freeway, maximizing the mean speed, reducing the shock
waves to improve safety, minimizing the queue length and waiting time on the ramps, or
minimizing the total time spent in the network.
Below we will describe three different methods: fixed-time control, ALINEA, and
MPC-based control using the METANET model as prediction model. Fixed-time control is
the most basic method for ramp metering, and ALINEA is a well-known algorithm which
is applied at many locations. In this chapter we use the MPC-based control strategy for the
ramp metering controller.
Fixed-time control
With fixed-time control the ramp metering installations are operating with a fixed ramp
metering rate. This rate is determined off-line, and can be selected based on historical
measurements. Based on these historical demands, a prediction of the future traffic flows can
be made. Then, using, e.g., calculation models, tuning methods, or optimization algorithms,
the ramp metering rate that leads to the most optimal performance of the controller can be
selected. This ramp metering rate can have different values for different time periods, e.g.,
morning peak, evening peak, or during the rest of the day. The optimal ramp metering rate
that is obtained off-line is then applied in practice via the real ramp metering installation.
ALINEA
ALINEA is a method for on-ramp metering developed in [63, 123]. It uses occupancy
measurements on the freeway downstream of the on-ramp, as shown in Figure 3.4. The
ramp metering rate is determined based on the occupancy downstream of the on-ramp:
ro (kf ) = ro (kf − 1) + Ko (σsetpoint − σm,1 (kf ))
The controller tries to keep this density near the set-point value σsetpoint , which is selected
in such a way that the density stays a little lower than the critical density ρcrit,m , to allow as
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Figure 3.5: A link divided in segments.
much flow as possible without creating a traffic jam. Kro is a positive constant, and σm,1 (kf )
is the occupancy on the freeway segment downstream of the on-ramp.
Model Predictive Control using METANET as prediction model
Ramp metering installations can also be controlled using MPC [100], which works as follows [10]. At a given time t = kc Tc = kf Tf the MPC controller uses a prediction model and
numerical optimization (e.g., sequential quadratic programming (SQP) [19]) to determine
the optimal ramp metering rate sequence ro∗ (kc ), . . . , ro∗ (kc + Np − 1) that minimizes a given
performance indicator J(kc ) over the time period [kc Tc , (kc + Np )Tc ) based on the current
state of the traffic network and on the expected demands over this period, where Np is called
the prediction horizon. Furthermore, within MPC a receding horizon approach is used in
which at each control step only the first ramp metering input sample ro∗ (kc ) is applied to
the system during the period [kc Tc , (kc + 1)Tc ). When the first sample has been applied, the
horizon is shifted, new measurements are made, and the process is repeated all over again.
In this chapter we use the METANET model developed in [106] as prediction model
within the MPC-based control method. Here we will shortly present the model, a more
detailed description is given in Chapter 2 and in [106, 153]. In METANET the freeway
network is represented as a graph with nodes and links, where the links correspond to freeway stretches with uniform characteristics; the nodes are placed at on-ramps and off-ramps,
where two or more freeways connect, or where the characteristics of the freeway change.
Links are divided into one of more segments with a length of about 500 m, as illustrated
in Figure 3.5. The evolution of the traffic flows is characterized by the average density
ρm,i (kf ), flow qm,i (kf ), and space mean speed vm,i (kf ) for each segment i of each link m at
time t = kf Tf :
Tf
[qm,i−1 (kf ) − qm,i (kf )]
Lm nm
qm,i (kf ) = ρm,i (kf )vm,i (kf )nm
Tf
vm,i (kf + 1) = vm,i (kf ) + (V (ρm,i (kf )) − vm,i (kf ))+
τ
Tf
vm,i (kf ) [vm,i−1 (kf ) − vm,i (kf )] −
Lm
νTf [ρm,i+1 (kf ) − ρm,i (kf )]
τ Lm [ρm,i (kf ) + κ]

ρm,i (kf + 1) = ρm,i (kf ) +

(3.4)

(3.5)
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where Lm , V (ρm,i (kf )), and nm are respectively the length of the segments of freeway link
m, the desired speed of the drivers on segment i of freeway link m, and the number of lanes
of freeway link m, while τ , ν and κ are model parameters. The desired speed V (ρm,i (kf )) is
computed as follows:


 
1 ρm,i (kf ) am
V (ρm,i (kf )) = vfree
exp
−
(3.6)
m
am
ρcrit,m
where am is a model parameter, vfree
m is the free flow speed and ρcrit,m is the critical density
in link m, i.e. the density where congestion starts to appear.
Freeway links are coupled via nodes, e.g., on-ramps, off-ramps, or intersections. Flows
that enter a node n are distributed over the leaving nodes according to the turning rates as
follows:
Qtot,n (kf ) =

∑

qµ,nlast,µ (kf )

(3.7)

µ∈Lnenter

qm,0 (kf ) = βn,m (kf )Qtot,n (kf ) for each m ∈ Lnleave

(3.8)

where Qtot,n is the total flow entering node n, Lnenter is the set of all freeway links entering
node n, nlast,µ is the last segment of link µ, βn,m is the turning rate from node n to leaving
link m which is determined with one of the traffic assignment models that will be described
in Sections 3.3 and 3.4, and Lnleave the set of leaving links of node n. The virtual downstream
density ρµ,nlast,µ +1 (kf ) of the links µ that enter node n is approximated with:

ρµ,nlast,µ +1 (kf ) =

∑

ρ2m,1 (kf )

∑

ρm,1 (kf )

m∈Lnleave

.

m∈Lnleave

The virtual downstream density is used in the speed update equation (3.5) for the last segment nlast,µ of link µ. The virtual entering speed vm,0 (kf ) of leaving link m of node n is
given by:
∑ vµ,nlast,µ (kf )qµ,nlast,µ (kf )
vm,0 (kf ) =

µ∈Lnenter

∑enter qµ,nlast,µ (kf )

.

µ∈Ln

The virtual entering speed is used in the speed update equation (3.5) for the first segment of
link m.
The effect of on-ramp metering is described by (3.2). The maximum flow Qlim (ρm,1 (kf ))
that can enter the freeway taking into account the limiting effect of the density on the freeway, is computed as follows:
Qlim (ρm,1 (kf )) =

ρmax,m − ρm,1 (kf )
Qcap,o
ρmax,m − ρcrit,m

where m is the freeway link to which on-ramp o is connected, Qcap,o is the capacity of the
on-ramp, and ρmax,m is the maximum density at freeway link m. The traffic that is not able
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to enter the freeway forms a queue with length wo (kf ) at the on-ramp:


real
.
wo (kf + 1) = wo (kf ) + Tf qint
o (kf ) − qo (kf )
The flow that has the intent to leave the on-ramp, as used in (3.2), is given by
dem
qint
o (kf ) = qo (kf ) +

wo (kf )
Tf

where qdem
is the demand at on-ramp o.
o
The effect of the off-ramp metering is described by (3.3). Within the METANET model
an off-ramp can be seen as a splitting node. The flow qint
o (kf ) that intends to leave the
freeway can be computed with the node equations (3.7) and (3.8):
Qtot,n (kf ) = qm,nlast,m (kf )
qint
o (kf ) = βn,o (kf )Qtot,n (kf ) .
This flow is however limited by the density on the off-ramp, which results in a maximum
flow that can enter the urban network:
Qlim (ρo (kf )) =

ρmax,o − ρo (kf )
Qcap,o .
ρmax,o − ρcrit,o

(3.9)

When the flow that enters the off-ramp is determined, the flow that leaves the last segment
of freeway link m toward the freeway link µ that leaves node n can be computed with:
real
qreal
m,nlast,m (kf ) = qo (kf ) + βn,µ (kf )Qtot,n (kf )

Remark 3.2 Due to the properties of the METANET model a part of the vehicles that
intends to leave the freeway but that is not able to do so will change its route and continue
to travel on the freeway. As a result the density on the freeway segment upstream of the
off-ramp, as determined with the model, will be lower than expected. This can be solved by
using the destination dependent version of the METANET model. This however increases
the required computational effort.
2
The reaction on the speed limits is modeled by changing the desired speed of the drivers
[64]. To include the reaction of the drivers (3.6) is replaced by:
 




1 ρm,i (kf ) am
free
, (1 + α)vm,control (kf )
V (ρm,i (kf )) = min vm exp −
am
ρcrit,m

(3.10)

where vm,control (kf ) is the applied speed limit, and α is a compliance factor that expresses to
which extent the speed limits are obeyed. The value of α can change depending on the kind
of drivers on the road or depending on the level of enforcement.
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3.3 Anticipative control using equilibrium-based dynamic
traffic assignment
The first control strategy that we develop uses dynamic traffic assignment to determine the
within-day route choice of the drivers [157, 160]. The controller uses the DTA model to
anticipate on the change in route choice due to the control actions. In this section we first
describe the equilibrium-based dynamic traffic assignment (DTA) algorithm, and then the
application to ramp metering. Next, the control strategy is illustrated with a case study,
where we make a comparison with the ALINEA ramp metering strategy.

3.3.1

Equilibrium-based dynamic traffic assignment

Dynamic traffic assignment assumes that every driver assigns a cost to every possible route
r between his origin and intended destination, and selects the route with the lowest cost.
This will result in a user equilibrium assignment, where the costs of alternative routes are
equally high [182]. The cost considered by the drivers can contain many different terms,
such as the length of the road, the number of intersections, the environment, or the travel
time. In this chapter we only use the travel time to describe the cost of a route, as suggested
in [42, 142]. We use the instantaneous travel time since it is easy to compute and since it
provides a relatively good approximation of the real travel time that the drivers will experience [175]. Note however that in literature many other algorithms are available, which can
obtain similar or even better approximations of the experienced travel time, but these algorithms often require more measurements or have a larger computation time, which makes
them less suitable for the use in on-line controllers. The instantaneous travel time for route
r is computed as follows:
Lm
τr (kf ) =
(3.11)
∑ vm,i (kf ) ,
(m,i)∈M link
r

where Mrlink is the set of pairs of indexes (m, i) of all links and segments belonging to route
r.
With the costs the dynamic traffic assignment can be obtained, using a DTA algorithm.
In literature several methods exist to compute dynamic traffic assignments based on a cost
function (see [15, 33, 177]). A disadvantage of these methods is often that they require
much computation time. For the use in real-time model-based controllers the assignment
must be computed every controller time step and so these models cannot be used. The
method that we use in this paper requires less computation time, which also means that it
looses accuracy. The model that we develop consists of two parts. First the static perceived
equilibrium assignment is determined, which is seen as the equilibrium assignment that
should appear based on the current demand in the network. Next, to approximate a dynamic
traffic assignment, the current assignment is adapted incrementally in such a way that it
converges toward this perceived equilibrium assignment.
Perceived equilibrium assignment
We determine the perceived equilibrium assignment based on the drivers’ perceived knowledge about the current state of the network and the current demands. We assume that the
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state of the network is not exactly known by the drivers, but that the drivers have been gathering information about the traffic for some time span τinfo . They use the average of the
information that is gathered during the period [kf − τinfo , kf ) to determine their estimation of
the current state of the network and their estimation of the expected demands. These estimations are used by the drivers to determine their perceived equilibrium assignment. The
larger τinfo , the slower the response of the route choice behavior of the drivers to varying
traffic demands and metering rates will be. A typical value for τinfo is 30 min. Further,
we assume that the drivers do not update their perceived equilibrium assignment at every
time step kf . Therefore we introduce the update time step Ta of the perceived equilibrium
assignment, which is counted with index ka , and which is an integer multiple of Tf .
To compute an equilibrium assignment there exist several methods, some of them described in [142, 176, 179, 184]. In this paper we use the ‘Method of the Successive Averages’ (MSA) [134] since it is a relatively simple and fast algorithm. MSA is an iterative method that computes the cost (in this case the travel times) of different routes according to the flow qMSA
r, j (ka ) on each route r in iteration j departing during time step ka .
These flows are determined by making a prediction of the traffic flows over the period
[ka Ta , (ka + NMSA )Ta ) = [kf Tf , (kf + NMSA TTa )Tf ) with the METANET model using the turning
f
rates corresponding to the flows obtained in iteration j − 1, where NMSA is the prediction
horizon for the MSA algorithm. Then for iteration j, all flows are directed to the route with
the lowest cost, which results in the all-or-nothing (AON) assignment flows qAON
r, j (ka ). With
these AON-flows, the flows for the next iteration are updated:
1
 1
qMSA
qAON (ka )
qMSA
r, j (ka ) +
r, j+1 (ka ) = 1 −
j
j r, j
where qMSA
is the flow towards route r during iteration j of the MSA algorithm, and qAON
r, j
r, j
the flow towards route r determined by the all-or-noting assignment after iteration j. The
stopping criterion is based on a maximum value for the difference between two successive
iteration flows: when the difference is below this specified value the algorithm terminates.
To prevent long computation times the algorithm will also exit when a maximum number of
iterations is reached.
The resulting flows are used to determine the equilibrium turning rates. For a network
with non-overlapping routes (as used in the case study below) this results in:

∑

∗

MSA
(ka ) =
βn,m

qMSA
ζ , jfinal (ka )

ζ ∈Rlink
n,m

Qtot,n (ka )

with qMSA
r, jfinal (ka ) the equilibrium flow determined with the MSA algorithm at MSA time step
MSA
Ta , βn,m (ka ) the corresponding turning rate on node n toward link m, and Rlink
n,m the set of all
routes that passes through node n toward link m.
Dynamic traffic assignment
Now we assume that the static perceived equilibrium assignment as formulated above is not
present in the network yet, but that the drivers try to reach this assignment dynamically.
We assume that the current traffic assignment will change toward the perceived equilibrium
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assignment in an exponential way, with time constant τreac . This results in an adaptation of
the turning rates according to:
Tf

MSA
βn,m (kf + 1) = βn,m (kf )+(βn,m
(ka ) − βn,m (kf ))(1 − e− τreac )
Ta
Ta
∀kf ∈ {ka , . . . , (ka + 1) } .
Tf
Tf

(3.12)

The parameter τreac influences how fast the current assignment converges toward the presumed equilibrium assignment. This swiftness in practice depends on the time that elapses
before a congestion can be noticed by drivers that still have to make their route choice. Note
that this time can be shortened by providing travel time information, since then the drivers
can be informed about the congestion before they actually experience it.

3.3.2

Ramp metering using equilibrium-based DTA

The control method for the ramp metering controller that we develop in this section is based
on MPC, as described in Section 3.2.2.
The controller uses the METANET model as prediction model for the evolution of the
traffic flows, and the equilibrium-based DTA model of Section 3.3.1 to determine the traffic
assignment. Since the controller has to be able to determine the change in route choice that
it induces, the perceived equilibrium should be updated at least once within the prediction
horizon. This means that Np should be selected such that
NTa ≤ Np Tc
with N an integer larger than 1. The most suitable value depends on the re-routing dynamics
in the network, which depend on the topology of the network [150].
As performance indicator we will consider the total time spent (TTS) by all vehicles in
network (but note that the proposed approach also works for other performance indicators).
The TTS can be computed as:
!
TTS(kc ) =Tf

∑

kf ∈Kf (kc ,kc +Np )

∑

Lm nm ρm,i (kf ) +

(m,i)∈M

∑ wo (kf )

(3.13)

o∈O

where M is the set of pairs of indexes (m, i) of all links in the network, and O the set of all
origins.
The MPC strategy can handle hard constraints. This makes it possible to prevent blocking of urban intersections or too long waiting times by setting constraints on the queue
length or the metering rates:
wo (kf ) ≤ wmax
o
romin ≤ ro (kf ) ≤ romax .

3.3.3

Case study

A simple network will be used to illustrate the effects of the MPC-based method for anticipative ramp metering control using equilibrium-based DTA. The layout of the network is
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Figure 3.6: Schematic representation of the freeway network of the case study described in
Section 3.3.3.

shown in Figure 3.6, where the arrow gives the direction of the traffic flows. The network
consists of a freeway with four lanes that bifurcates into two branches of two lanes each.
Downstream both branches join in a four-lane freeway. Both four-lane freeway links are 3
km long. The lower two-lane branch is the primary branch. The primary branch is 6 km
long and an on-ramp is present in the middle of the branch. The secondary branch is longer
than the primary branch and is 8 km long. Route 1 follows the primary branch, and route
2 the secondary. The traffic originating from the mainstream origin distributes over the two
branches using the route choice mechanism described in Section 3.3.1. We perform two
different experiments. First we compare the MPC-based controller developed in this section with ALINEA, and next we investigate the effects of the MPC-based controller when
maintenance works are performed in the network.
Comparison with ALINEA
Simulations have been performed to compare the developed control strategy with the existing ramp metering strategy ALINEA [123].
In this case study the following parameter settings are used: τinfo = 30 min, τreac =
45 min, Ta = 5 min, Tf = 10 s, Tc = 1 min, Np = 15, romax = 1, romin = 0.1, Ko = 0.01, and σsetpoint
is selected such that it corresponds to a density of 34 veh/km/lane. A period of four hours is
simulated. We simulate a traffic scenario with a constant traffic demand at the mainstream
origin o1 equal to 4500 veh/h. The traffic demand on the on-ramp o2 is 100 veh/h at the
start of the simulation at 6.00 a.m., increases to 800 veh/h after one hour, decreases again to
100 veh/h after two hours, and stays constant until the end of the simulation at 10.00 a.m.,
see Figure 3.7.
The results of the simulation with ALINEA ramp metering are shown in Figure 3.8. At 7
a.m. the peak in the on-ramp demands starts. Figure 3.8(a) shows the increase in density on
the segment downstream of the on-ramp at that moment. As a reaction on this high density
the metering signal becomes active and goes to zero, as can be seen in Figure 3.8(b). This
low metering rate causes a drop in the density below the original density (Figure 3.8(a)).
This drop has two effects: more drivers choose the first route so the turning rates change
(Figure 3.8(c)), and the metering rate becomes higher, so more traffic can enter the freeway,
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Figure 3.7: Traffic demand on the on-ramp for the case study in which we compare the
developed DTA-based control method with ALINEA.
as shown in Figure 3.8(d). Then the density increases again, and converges to the critical
density after 7.45 a.m. The controller will try to keep the density on this value, in which it
succeeds for the rest of the simulation. In Figure 3.8(e) the travel times on the two routes
are shown. Since at 7.30 a.m. the travel time on route 1 is longer than on route 2, more
traffic starts taking route 2. This leads to a slowly decreasing amount of traffic on route
1, resulting in a decreasing travel time on route 1 until the travel times converge to the
equilibrium values. Figure 3.8(f) shows the queue on the on-ramp. At 7.10 a.m. the ramp
metering signal becomes active, and the queue starts to grow. After 8.00 a.m. the peak of
the on-ramp demand ends, and the queue starts to clear. The total time spent in the network
is 3618.9 veh·h for the ALINEA method.
The results obtained with the anticipative MPC strategy are shown in Figure 3.9. As the
peak in the on-ramp demand starts, the density on the segment downstream of the on-ramp
increases (Figure 3.9(a)). When this density becomes too high, the metering rate decreases,
as shown in Figure 3.9(b). But the control method keeps the density above the critical
density, on 40 veh/lane/km. This means that the travel time on the first route, which is
shown in Figure 3.9(e), stays high, resulting in more drivers selecting route 2 (see Figure
3.9(c)). On the on-ramp a queue starts to grow, until 8 a.m. At this moment the peak in the
on-ramp demand ends, and now the queue starts to empty. Many vehicles enter the freeway
from the on-ramp, as can be seen in Figure 3.9(d), resulting in a longer travel time on route
1, and thus more traffic turning toward route 2. But then the density becomes lower and
the travel times decrease, leading to more drivers selecting route 1. After 9 a.m. the flow
from the origin becomes more stable, the queue empties, resulting in longer travel times,
and more traffic selecting route 2. The total time spent in the network is 3300.5 veh·h for
the MPC-based control method, which is an improvement of 9% compared to ALINEA.
The improvement obtained with the MPC-based controller is mainly obtained by diverting
more vehicles to route 2, so the queue on the on-ramp stays shorter, and can clear faster.
Remark 3.3 Note that the fluctuations in the control signal, as shown in Figure 3.9(b), are
due to the many local minima in the cost function. Each control time step the optimization
algorithm can determine a local minimum that differs from the minimum that has been
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(a) Density on the segment downstream the on-ramp.
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Figure 3.8: Simulation results with ALINEA ramp metering.
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Figure 3.9: Simulation results with MPC-based ramp metering.
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Figure 3.10: Schematic representation of the freeway network with maintenance works used
in Section 3.3.3.

obtained during the previous control time step, which will lead to different values for the
optimal control signal. The fluctuations in the control signal can be reduced by adding
a penalty on the variations in the control signal to the cost function, or by increasing the
number of runs performed by the optimization algorithm which will increase the probability
of obtaining the same optimum at each control time step.
2
Maintenance works
As second experiment we simulate the selected network when maintenance works are performed on route 1 as shown in Figure 3.10. We simulate the traffic from 4.00 a.m. until
11.00 a.m. The maintenance works result in a reduction of the number of lanes from 2 to
1 in the last segment (i.e., the last 500 m) of the primary branch. The maintenance works
start at 5.00 a.m. and persist during the remainder of the simulation. The traffic demand
on the mainstream is considered constant and equal to 4500 veh/h in this simulation. The
traffic demand on the on-ramp is equal to 200 veh/h which starts to increase at 7.30 a.m. to
a peak demand of 500 veh/h from 8.00 a.m. until 8.30 a.m., and decreases to 200 veh/h at
8.45 a.m., as given in Figure 3.11. We assume that the demand is known by the controller.
The model and controller parameters are selected as follows: τinfo = 30 min, τreac = 45 min,
Ta = 5 min, Tf = 10 s, Tc = 1 min, Np = 15, romax = 1, romin = 0.05, wmax
= 100 veh.
o
To show the effects of ramp metering we have performed two simulations: one without
ramp metering and one with ramp metering. The first is used to illustrate the functioning
of the dynamic traffic assignment in the absence of control, and the second illustrates the
change in route choice and the improved travel times due to the ramp metering.
The results for the simulation without ramp metering are shown in Figure 3.12. At the
beginning of the simulation an equilibrium situation exists: the two travel times have the
same value, see Figure 3.12(a). At 5.00 a.m. the maintenance works start. The travel times
become different, resulting in a change in the turning rates (Figure 3.12(b)). From 6.00 a.m.
until 7.30 a.m. the exponential convergence to the equilibrium turning rates can be seen. At
8 a.m. the traffic on the on-ramp increases, which causes a change in the travel time of route
1, and thus again a change in the turning rates. After 9.00 a.m. the exponential behavior
again can be seen. Figure 3.12(c) shows the density on the segment downstream of the on-

3.3 Anticipative control using equilibrium-based dynamic traffic assignment

Figure 3.11: Traffic demand on the on-ramp.

(a) Travel time on the routes.

(b) Turning rate toward route 2.

..
(c) Density on segment downstream of the on-ramp

Figure 3.12: Simulation results without ramp metering.
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ramp. The density is increasing when the maintenance works start. Due to the re-routing
the density decreases until 6 a.m., when the travel time on route 1 becomes shorter than the
travel time on route 2. When the travel time of route 2 becomes longer, the density starts to
increase slowly, until 8 a.m. At 8 a.m. the traffic demand on the on-ramp increases, resulting
in an increase of the density. At 8.30 a.m. the re-routing process results in a lower density.
After 9.00 a.m. the density slowly increases towards its equilibrium value. The TTS in this
situation is 6250 veh·h.
The results for the simulation with ramp metering are shown in Figure 3.13. The simulation with control starts with the same equilibrium traffic assignment as the simulation
without control. At 5.00 a.m. the maintenance works start, resulting in a difference in travel
times between the two routes, see Figure 3.13(e). The density on route 1 becomes higher
than the critical value (Figure 3.13(a)), which results in the activation of the ramp metering (Figure 3.13(b)). When the density on route 1 becomes lower due to the re-routing,
the ramp metering rate becomes higher so the queue, shown in Figure 3.13(f), can empty.
At 7.30 a.m. the demand on the on-ramp increases. The ramp metering is activated so a
direct increase of the density on the freeway can be prevented. This results in a queue on
the on-ramp. This queue is emptied by increasing the metering rates slowly, resulting in a
slow increase of the density on the freeway. This causes the turning rates to change slowly
toward an equilibrium, see Figure 3.13(c).
Figure 3.13(d) shows the traffic demand on the on-ramp and the flow allowed to enter
the freeway in one plot. The difference between the two leads to the queue length on the
on-ramp, shown in Figure 3.13(c). When the maintenance works begin, the ramp metering
limits the flow toward the freeway. At 6 a.m. the travel time on route 1 becomes short
enough to empty the queue, resulting in a high flow leaving the on-ramp. When the demand
on the on-ramp increases, a queue is formed. This queue decreases afterwards due to the
increasing ramp metering rate. The TTS in this simulation is 5551 veh·h. This means that
the use of the MPC-based anticipative control method results in a 11.2 % increase of the
performance.

3.4 Anticipative control using route-choice-based DTA
The second control strategy, which is developed in this section, uses a route-choice-based
DTA model which determines the traffic assignment implicitly. In this section we first
develop the route choice model that is the basis of the DTA algorithm. This model describes
within-day as well as day-to-day route choice. However, for the second control strategy we
use only the within-day part of this en-route route-choice-based model. Within the control
strategy, the DTA model is used to anticipate on changes in the assignment. As control
measure, a ramp metering installation is used.
The performance of the controller is illustrated with a case study, in which three different
ramp metering control strategies are compared. Finally we present the results that can be
obtained when off-ramp metering is applied instead of on-ramp metering.
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(a) Density on the segment downstream of the onramp.

(b) Metering rate.

(c) Turning rate toward route 2.

(d) Traffic demand on the on-ramp, and flow allowed
to enter the freeway.

(e) Travel time on the routes.

(f) Queue on the on-ramp.

Figure 3.13: Simulation results with MPC-based ramp metering.
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Figure 3.14: Overview of the route choice process.

3.4.1

Route choice model

We now develop the route choice model that is used for the route-choice-based DTA algorithm. A general route choice model describes the route choice behavior of drivers based
on the current state of the network as experienced by the drivers, and does not have to result
in an equilibrium traffic assignment. When we want to include a route choice model in a
controller, we could select one of the models described in [18, 103]. However, these models
are complex and detailed, and as a result they require too much computational effort to be
used as a prediction model in an on-line controller. For the controller that we develop in this
section, we formulate a route choice model based on statistical learning, which is also done
in [32, 36, 80]. The model that we develop includes the day-to-day route choice as well as
within-day route choice, as illustrated in Figure 3.14.
Within-day route choice process
We assume that the within-day route choice process of a driver is divided in three steps:
1. First the driver analyzes the current traffic situation on the road upstream of the splitting node. For the sake of simplicity of the exposition we will from now on assume
that the driver makes his decisions based on one important variable only, e.g., the
density. However, the approach can easily be generalized to the case where several
variables determine the decision, such as the flow, speed, weather, time, or the news
on the radio. We divide all possible densities in, say, three groups: low, medium, and
high density. The driver selects to which group the current density belongs.
2. In the second step the driver estimates which route will result in the lowest costs,
based on the current density. For sake of simplicity we assume that the only factor
that influences these costs is the travel time, but note that the extension to more factors is straightforward. This means that the driver will select the route that according
to his beliefs has the shortest travel time, given the current density.
3. During the last step, the driver decides whether he will indeed take the route with the
lowest cost, or, e.g., when two routes have approximately equal costs, which route is
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Figure 3.15: Network with one splitting node and two routes.

the best one to select.

Day-to-day route choice process
The main decisions in the within-day route choice process, as formulated above, are based
on the knowledge of the driver. This knowledge is described by the day-to-day route choice
model. The model that we will develop is based on Bayesian learning, and it is suitable for
on-line control due to its simplicity and thus low computation times, due to the fact that it
allows for the modeling of drivers habits, and since it correctly maintains the turning rates
in equilibrium situations. The model that we develop contains estimated travel times for
the different routes, and the probabilities that drivers select each route. After each day the
variables are updated, using the experiences during this day. The days are counted with
index kd .
We assume that drivers determine the current state of the network based on the density
on that they experience while they drive at the segment before the splitting node. We divide
the possible densities in three groups with values ρlow , ρmedium , and ρhigh , with boundaries
ηlow and ηhigh between the groups. For each density group, the estimated travel time of
each route is determined. These estimated travel times are computed by taking the average
of earlier experienced travel times experienced under circumstances with the same density,
using a forgetting factor because the last experiences are seen as more important according
to [18]:
τ̄rest,∆ (kd + 1) = ωτ̄rexperienced,∆ (kd ) + (1 − ω)τ̄rest,∆ (kd )

(3.14)

where τ̄rest,∆ (kd + 1) is the new computed average travel time for density group ∆ on day
kd +1, with ∆ ∈ [ρlow , ρmedium , ρhigh ], τ̄rest,∆ (kd ) is the average travel time at day kd , ω ∈ [0, 1]
experienced
is a multiplication factor, and τ̄r
(kd ) is the last experienced travel time in a situation
with a density in group ∆.
The probability that a driver selects a specified route given a density is based on earlier
experiences. To compute this probability statistical information of previous trips is used.
Note that we aggregate the knowledge of the drivers assuming that historical experiences
can be accumulated. We will illustrate the procedure with a situation with one splitting
node, at which two routes are available, see Figure 3.15. The following notation is used:
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S(r)
R(r)
EQ
P(S(r)|∆)(kd )
P(S(r)|R(r))(kd )
P(R(r)|∆)(kd )

route r is selected
route r has the lowest cost
the routes have approximately equal costs
probability that route r is selected given that the density is in
density group ∆ at day kd
probability that route r is selected given that route r has the lowest cost at day kd
probability that route r has the lowest cost given that the density
is in density group ∆ at day kd

We compute the probability of selecting route 1 when the density is in density group ∆
at day kd , P(S(1)|∆)(kd + 1). This probability is computed as:
P(S(1)|∆)(kd + 1) =P(S(1)|R(1))(kd ) · P(R(1)|∆)(kd )
+ P(S(1)|R(2))(kd ) · P(R(2)|∆)(kd )

(3.15)

+ P(S(1)|EQ)(kd ) · P(EQ|∆)(kd )
The first term describes the probability that the travel time on route 1 is the shortest under
density ∆ times the probability that route 1 is selected when route 1 is the shortest. The
second term describes the probability that route 1 selected, while route 2 is the shortest
times the probability that route 2 is the shortest given density ∆. The last term expresses
the probability that route 1 is selected when the routes are equally long times the possibility
that the routes are equally long given density ∆. To determine whether the travel times on
the routes are equally long a tolerance is used. When the absolute difference between the
two travel times is smaller than the tolerance, the routes are assumed to be equally long.
Because this probability that both routes are equally long is also included, the model does
not tend to a route choice of fifty-fifty when the travel times are equal, but maintains the
route choice ratio that has resulted in the equal travel times.
The probabilities are updated after each day, based on measurements during the last
experienced
day. The number of times φA,B
(kd ) that each combination of A and B (with A and B
∈ [S(r), R(r), Delta]), appears during day kd . Based on these counters, the number of appearances φest
A,B (kd + 1) during the next day is computed, using a forgetting factor to describe
the effect that last experiences are more important, e.g.:
φest
R(1),∆ (kd + 1) = ωφR(1),∆

experienced

(kd ) + (1 − ω)φest
R(1),∆ (kd )

experienced

where φR(1),∆ (kd ) is the actual number of times that route 1 was the shortest during day
kd .
Based on this estimation the probabilities for the next day are adapted:
P(R(1)|∆)(kd ) =

φest
R(1),∆ (kd )
(k ) + φest
(k ) + φest
φest
EQ,∆ (kd )
R(2),∆ d
R(1),∆ d

P(S(1)|EQ)(kd ) =
Other probabilities are computed similar.

φest
S(1),EQ (kd )
φest
(k ) + φest
(k )
S(1),EQ d
S(2),EQ d
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We use the probability P(S(1)|∆)(kd ) computed with (3.15) as the fraction of the traffic
that selects a route. This gives for the turning rates toward link 1 on node 1 on the network
with two routes (as used in the case study below):
routechoice,∆
β1,1
(kd ) = P(S(1)|∆)(kd ) .

(3.16)

For a general network the density dependent turning rates can be computed according
to:
routechoice,∆
βn,m
(kd + 1) =

∑

P(S(r)|∆)(kd )

∑

P(S(ζ)|∆)(kd )

r∈Rlink
n,m
ζ ∈Rnode
n

node
where Rlink
n,m is the set of routes that passes through node n toward freeway link m, and Rn
is the set of routes that passes through node n. This leads to the following formulation for
the turning rates at day kd :

routechoice,ρlow

(kd )
ρm,0 (kf ) ≤ ηlow

βn,m
routechoice
βn,m
(kf ) =

medium

routechoice,ρ
(kd ) ηlow ≤ ρm,0 (kf ) ≤ ηhigh ,
βn,m


β routechoice,ρhigh (k )
ηhigh ≤ ρm,0 (kf )
n,m
d

where ρm,0 (kf ) is the virtual upstream density of node n, computed with:

∑

ρm,0 (kf ) =

ρµ,nlast,µ (kf )qµ,nlast,µ (kf )

µ∈Lnenter

∑enter qµ,nlast,µ (kf )

.

µ∈Ln

3.4.2

Ramp metering with route-choice-based DTA

We will now develop the control method for ramp metering that uses the within-day part
of the route choice model. We use an MPC-based control structure, see Section 3.2.2. To
obtain the prediction model for the MPC-based controller we combine the within-day part
of the route choice model of Section 3.4 with the METANET model as described in Section
3.2.2.
As performance indicator for the freeways we use the total time spent (TTS). The TTS
is the total time all vehicles spent in the network, and is computed according to (3.13).
For local roads, we use the mean density (MD) as performance indicator. The MD is an
indicator for the undesired effects of a queue forming on the local road, e.g., pollution and
noise. The MD is determined as follows:

∑

MD(kc ) =

∑

ρm,i (k)

(m,i)∈M local k∈Kf (kc ,kc +Np )

EMlocal + EKf (kc ,kc +Np )

where M local is the set of pairs of indices (m, i) of all links and segments in the local road, and
EMlocal and EKf (kc ,kc +Np ) give the number of elements of respectively M local and Kf (kc , kc +
Np ).
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on-ramp
metering

off-ramp
metering

Figure 3.16: Network for the case study with route-choice-based ramp metering control.
We selected these performance criteria because they allow for a good trade-off between
the traffic situation on the local road and in the freeway network. Since we compare the systems based on the TTS and the MD, the total performance indicator for the MPC controller
is selected as a combination of them:
J(kc ) = α1 TTS + α2 MD
where α1 and α2 are weighting factors.

3.4.3

Case study

We now illustrate the route-choice-based within-day ramp metering controller with a case
study. The network used for the case study consists of two roads: a long two lane freeway
of 9 km, and a short-cut through over a local road with a length of 7 km, see Figure 3.16.
The beginning and the end of the routes overlap. This means that until segment 4 the routes
are equal. After this segment the off-ramp is located. The on-ramp is located at segment
13 of the freeway, and segment 10 of the local road. The last four segments of the two
routes overlap again, see Figure 3.17. The demand starts at 4000 veh/h, increases to 8000
veh/h after 45 minutes, and then decreases again to 4000 veh/h after 60 minutes, see Figure
3.18. A period of 100 minutes is simulated. We select the density dependent turning rates
routechoice,ρlow
routechoice,ρmedium
routechoice,ρhigh
as βn,m
(kd ) = 0.3361, βn,m
(kd ) = 0.2891, and βn,m
(kd ) =
0.2080, which corresponds to an equilibrium traffic assignment when no control is applied.
For the cost function we select weighting factors α1 = 0.01 and α2 = 1. The parameters of
the METANET model are selected according to [87]: ρcrit,m = 35 veh/km/lane, ρmax,m = 180
veh/km/lane, τ = 18 s, ν = 65 km2 /h, κ = 40 veh/km/lane, am = 1.867, and Tf = 10 s. For
the freeway link m we use Qcap,m = 6000 veh/h, and vfree,m = 120 km/h, while for the local
link µ we have selected Qcap,µ = 1000 veh/h, and vfree,µ = 50 km/h.
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Figure 3.17: Network for route-choice-based ramp metering, including segment numbers
for both routes. Note that for both routes the segments are numbered in ascending order. This however means that the freeway segment counters 14 to
17 refer to the same segments as the local segment counters 11 to 14.
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Figure 3.18: Demand for the case study with route-choice-based ramp metering.
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Figure 3.19: Simulation results when no control is applied.

We first simulate the network without control. Then we introduce on-ramp metering,
and we compare three different control methods: fixed-time control, ALINEA, and the
MPC-based method. Next, we use off-ramp metering, and also compare the three different
control methods.
Simulations without control
The first experiment considers no control at all. The results can be seen in Figures 3.19(a)
and 3.19(b). Figure 3.19(a) shows the density on the route over the local road, and Figure
3.19(b) shows the density on the freeway route. The time is given at the x-axis, and the
color represents the density. The y-axis represents the segments; the vehicles travel from
the bottom to the top of the figures. Recall that off-ramp is located after segment 4, and the
on-ramp after freeway segment 13 and local segment 10. The congestion starts to appear
at the location downstream of the on-ramp, and spills back in the local as well as in the
freeway network. For the no control case, the TTS in the network is 11205 veh·h, and the
MD is 33.6 veh/km/lane.
Simulations with on-ramp metering
The second experiment is performed using on-ramp metering. We compare fixed-time control, ALINEA, and MPC-based control, which are described in Section 3.2.2.
When fixed-time control is used, the metering rate is set to 0.78, which only limits
the flow during the peak in the demand. This value has been determined off-line via an
optimization algorithm that optimized the cost function for the given scenario with respect
to the selected ramp metering rate. The results of the simulation with fixed-time control are
shown in Figures 3.20(a) and 3.20(b). The on-ramp metering prevents the congestion on the
freeway, but results in a queue on the local road. The TTS is 10987 veh·h, and the MD is
41.1 veh/km/lane.
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(a) Density on local route with fixed-time control. (b) Density on freeway route with fixed-time control.
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Figure 3.20: Simulation results for on-ramp metering, densities in veh/km/lane.
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Figures 3.20(c) and 3.20(d) show the results obtained with the existing on-ramp metering method ALINEA. For the gain Ko 0.015 is selected, after testing different gains between
0.01 and 0.1 for the given scenario. The TTS is 10966 veh·h, and the MD 35.7 veh/km/lane.
The ALINEA controller performs better than the fixed-time controller when looking at the
MD. The TTS is nearly the same as with fixed-time control.
The results of MPC on-ramp metering are shown in Figures 3.20(e) and 3.20(f). The
TTS is 10955 veh·h, and the MD 35.7 veh/km/lane. The MPC based controller improved
the TTS in the uncontrolled case with 2.2%, which is slightly better than the results of the
ALINEA controller. With respect to the MD the MPC controller performs better than the
fixed-time controller, and equal to the ALINEA controller.
An overview of the results is shown in Table 3.1.
Simulations with off-ramp metering
The third experiment uses off-ramp metering, again comparing fixed-time control, ALINEA,
and MPC-based control.
The results of the simulation with fixed-time off-ramp metering are shown in Figures
3.21(a) and 3.21(b). The metering rate is set on 0.45, which is determined by optimizing
the performance of the network for a whole day. During the simulation, the congestion is
prevented for some time, but appears at the end of the considered period. The TTS is 11065
veh·h, and the MD is 13.8 veh/km/lane. This low value is mainly due to the fact that nearly
all traffic is kept on the freeway during the beginning of the simulation, which compensates
for the congestion at the end.
Remark 3.4 In this section we use the ALINEA strategy for off-ramp metering, but note
that this is not the original purpose of the strategy. We decided to use the density downstream of the on-ramp also as measurement input for the off-ramp, because this is the location where the problems start. A disadvantage of this is the long delay between the control
action at the off-ramp and the measurable effects of this action downstream of the on-ramp.
This can lead to oscillations in the control signal. These oscillations can be decreased by
selecting a smaller Ko , but this makes the controller less effective. A second problem with
the distance between the measurement and the ramp metering installation is that the measured density can be influenced by traffic that does not pass the ramp metering installation.
When this effect is large, the influence of the ramp metering installation decreases.
2
ALINEA for off-ramp metering does not lead to congestion on the local road, see Figures 3.21(c) and 3.21(d). The oscillations due to the delay between action and measuring
the effect can be seen clearly. The TTS is 10982 veh·h, which almost equals the result that
is obtained with on-ramp metering in the previous experiment. The MD however is lower:
11.0 veh/km/lane.
At last, Figures 3.21(e) and 3.21(f) show the results with MPC-based off-ramp metering.
The TTS is 10956 veh·h, and the MD 9.8 veh/km/lane. The TTS for off-ramp metering is
nearly the same as for on-ramp metering. The off-ramp metering performs better with
respect to the MD. The MD for off-ramp metering is more than a factor three lower than the
MD for on-ramp metering.
An overview of all results of the case study is presented in Table 3.1. The improvements
are specified with respect to the uncontrolled case. The differences between the control
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(a) Density on local route with fixed-time control. (b) Density on freeway route with fixed-time control.
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Figure 3.21: Simulation results for off-ramp metering, densities in veh/km/lane.
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Table 3.1: TTS (veh·h), MD (veh/km/lane), and improvement with the respect to the uncontrolled case (%) for on-ramp and off-ramp metering using various control
methods.
On-ramp
Off-ramp
TTS
impr. MD impr.
TTS
impr. MD impr.
no control
11205
33.0
11205
33.0
fixed time
10987
-2.0 41.1 -22.3
11065
1.2
13.8 58.9
ALINEA
10966
-2.1 35.7 -6.2
10982
2.0
11.0 67.2
MPC
10955
-2.2 35.7 -6.2
10956
2.2
9.8
70.8

approaches are small, only the MD for fixed-time control for on-ramp metering differs from
the MDs obtained with the other methods. For all off-ramp control methods the MD is a
factor three lower than for on-ramp control. The MPC controller results in the lowest total
time spent, without causing high densities on the local road.

3.5 Integrated control of information providing and speed
limits
The third controller that we develop uses the within-day as well as the day-to-day part of
the route choice model developed in Section 3.4. Further, whereas the previously developed
first and second control strategies only take changes in the route choice into account, the
strategy that we develop in this section tries to actively steer the route choice. This allows for
a more efficient use of the available roads, and can improve the safety by reducing flows on
dangerous roads. The possible effects of steering the route choice are illustrated in Appendix
A, where we show that influencing the route choice with traffic control measures using
basic control methods already can improve the network performance, which encourages the
development of more advanced control methods for steering the route choice.
To influence the route choice, different measures are available. There are ‘hard measures’ like traffic signals [58], speed limits [2, 64], and ramp metering signals [123], which
the drivers have to obey. These hard measures however have only an indirect influence on
the route choice, via the travel time. On the other hand, ‘soft measures’ are available, to
which the drivers can comply or not. Providing information is such a ‘soft measure’. Although drivers are not forced to react on the information, providing this information can
nevertheless be an effective measure to improve the network performance. The information
is often provided via dynamic route information panels (DRIPs). The effect of displaying
information on drivers is described in, e.g., [47, 90]. The information that is displayed on the
DRIPs can consist of, e.g., queue lengths, travel times, or route advises. Which information
should be presented is a subject of ongoing research and is discussed in, e.g., [18].
Providing the information can have two goals: informing the drivers about what they
can expect, and trying to influence the route choice of the drivers. We target the second
goal, i.e., we want to influence the route choice of the drivers. Research in which DRIPs are
used to control the traffic is described in [47, 81]. In these papers methods are described in
which DRIPs are combined with other control measures to influence the route choice of the
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to destination
left 15 min
right 25 min
Figure 3.22: Dynamic route information panel displaying travel times.

drivers, based on predictions made with METANET and a DTA algorithm. In this section,
we develop a control approach that integrates DRIPs and variable speed limits to influence
the route choice. In this way it is possible to approximate a desired traffic assignment.
To determine which desired traffic assignments are useful and can be obtained in practice, traffic management bodies have started to explore the possibilities of changing the
traffic assignment, and formulated a procedure to select the most desired assignment, as
described by [110]. The procedure goes as follows. First preferred routes towards special
destinations like, e.g., the city center, a main business building, or recreational areas are selected. Then a traffic assignment with high flows on these preferred routes and low flows on
other routes is defined. In this way drivers with those specific destinations are encouraged to
stay out of residential and/or industrial areas. The defined traffic assignment is then called
the desired traffic assignment according to the traffic management bodies.
In the remainder of this section we first model the reaction of the drivers on the information that is provided on DRIPs. Then we describe the integrated control method, and
illustrate its performance with a case study.

3.5.1

Reaction on information

The controller that we develop influences the route choice of the drivers by providing information. The provided information consists of travel times for different routes in the
network, and it is displayed on a DRIP, as shown in Figure 3.22.
The provided information influences the within-day route choice of the drivers. How
many drivers change their route based on the provided information depends on the difference in the expected travel time of their preferred route r and the displayed travel time on
the other route p, and on the number of drivers that can be influenced to change their route.
Below we first formulate the likelihood that drivers will change their route, and then we use
this likelihood to compute the resulting turning rates.
The model developed by [50] is used as a model to describe the likelihood that drivers
will change their route based on the difference in travel times. The model computes the
likelihood (ln,r,p ) that drivers at node n, with a preference for route r, will change their
preferred route into route p, according to:
(

1 − exp θn,r (kd )(Jp (kf ) − Jr (kf )) if Jp (kf ) < Jr (kf )
ln,r,p (kf ) =
0
otherwise

(3.17)
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where Jp (kf ) is the cost of route p and Jr (kf ) the cost of route r, as displayed on the DRIP,
in this case the travel times as computed with (3.11), and θn,r (kd ) ∈ [0, 1] represents the
fraction of traffic on route r that can be influenced by the provided information on node n
at day kd . We assume that this fraction of traffic depends on the correctness ξn,r (kd ) of the
0 that can be influenced by the
displayed travel times, and on the fraction of the drivers θn,r
0
provided information. The fraction θn,r is included since not all traffic will be able to react
on the information. This can be caused by the fact that the drivers do not want to go to the
specified destination, by a lack of knowledge about the available routes, or by the need for
an intermediate stop at, e.g., a service station, or car pool location. The final fraction of the
drivers that can be influenced is then given by:
0
θn,r (kd ) = θn,r
ξn,r (kd )

where ξn,r (kd ) characterizes the correctness of the information as experienced by the drivers.
It is determined by the percentage of trips that the displayed travel times were sufficiently
close to the travel times that were experienced. To determine the value of ξn,r (kd ) the travel
times that were experienced are compared with those displayed on the DRIP, using a margin
ηinfo depending on the length of the routes, which allows for small differences that do not
influence the perception of the drivers. So the travel times are assumed to be correct if:
info
τn,r (kf ) − ηinfo < τn,r
(kf ) < τn,r (kf ) + ηinfo

(3.18)

where τn,r (kf ) is the experienced travel time on node n on route r for drivers that reach the
info (k ) is the displayed travel time at node n at this time, and η
splitting node at time kf , τn,r
f
info
experienced

is the margin used. The value ξn,r

(kd ) is computed as follows:

experienced
true
false
ξn,r
(kd ) = φtrue
n,r /(φn,r + φn,r )
false
where the counters φtrue
n,r and φn,r respectively count the times that the information is correct
in the sense of (3.18). The value for ξn,r (kd ) is then updated similar as the estimated travel
time in (3.14):
est
experienced
est
ξn,r
(kd + 1) = ωξn,r
(kd ) + (1 − ω)ξn,r
(kd )

(3.19)

est (k + 1) is the estimated correctness value for the next day.
where ξn,r
d
Now we again consider a network with one node and two possible routes, as in Section
3.4.1, and determine the factors θ1,1 (kd ) and θ1,2 (kd ), and the corresponding likelihoods
l1,1,2 (kf ) and l1,2,1 (kf ). The likelihoods are used to adapt the turning rates toward route 1
according to:
information
routechoice
routechoice
routechoice
β1,1
(kf ) = β1,1
(kf ) − l1,1,2 (kf )β1,1
(kf ) + l1,2,1 (kf )β1,2
(kf ) (3.20)
information (k ) is the turning rate toward route 1 based on information and route
where β1,1
f
routechoice (k ) the turning rates toward route 1 and 2 resulting
routechoice
(kf ) and β1,2
choice, β1,1
f
from (3.16).

Remark 3.5 For a network where the routes do not overlap upstream of the last internal
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node, (3.20) can be rewritten as:
information
routechoice
βn,m
(kf ) = βn,m
(kf )−

∑

routechoice
ln,m,ψ (kf )βn,m
(kf )

ψ ∈Rlink
n,m

+

∑

routechoice
ln,ψ,m (kf )βn,
(kf )
ψ

ψ ∈{ψ |m∈Rlink
n,ψ }

For a general network with overlapping routes it is however not possible to compute
information (k ), since when β
βn,m
n,m (kf ) for the METANET model is determined, the informaf
tion about the route-dependent turning rates gets lost due to the fact that βn,m (kf ) is valid
for all the traffic arriving at node n, independent of the route r. To solve this problem the
destination-oriented version of the METANET model should be used.
2

3.5.2

Integrated route choice controller

We will now describe the route choice controller that integrates information providing on
DRIPs with variable speed limits. The controller uses MPC with as prediction models the
METANET model, the route choice model of Section 3.4, and the model for the reaction on
information of Section 3.5.1.
As performance indicator we consider the total time spent (TTS) by all vehicles in network, but note that the proposed approach also works for other performance indicators. The
TTS is computed according to (3.13). Since the reliability of the provided travel time information influences the effect of the control actions via the parameter θ(kd ), see (3.17), a
penalty is added to prevent displaying incorrect travel times. This penalty consists of the
difference between the displayed travel times and the experienced travel times. The penalty
term is included in the performance indicator as follows:
J(kc ) = TTS(kc ) + χ1

∑∑

∑

n∈N r∈R kf ∈Kf (kc ,kc +Np )



2
info
τ̄n,r (kf ) − τ̄n,r
(kf )
2

where N is the set of all nodes in the network, R is the set of all routes in the network, τ̄n,r
the average real experienced travel time on route r from node n on during control period kc ,
info (k ) the average travel time displayed on the DRIP at node n for route r.
and τ̄n,r
c
Since the MPC method can handle hard constraints minimum and maximum values the
control signal can be taken into account. Also a maximum length for, e.g., the queues at the
origins can be guaranteed.

3.5.3

Case study

We will use a simple case study to illustrate the effects of the integrated route choice control method. In the remainder of this section we will first describe the network and traffic
scenario that are used for the case study, and next we describe the simulation results for
simulations without control, for simulations with the systems that are currently used in The
Netherlands, and for simulations with the MPC-based method developed in this section.
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Figure 3.23: Layout of the network.

Network and traffic scenario
For the case study we have selected a network with two possible routes, see Figure 3.23. A
three-lane freeway of 2 km splits into a one-lane freeway of 3 km and a two-lane freeway of
5 km, so the two-lane freeway is longer than the one-lane freeway. Later the two freeways
join each other again in a three-lane freeway of 2 km. The shortest route with one lane is
route 1, the longest route with two lanes is route 2. Since the traveled distance on route 1 is
shorter, this route is preferred by the drivers. A disadvantage of route 1 is that its capacity is
low due to the fact that there is only one lane. This means that the route will get congested
fast when the demand is increasing. This makes route 2 attractive when the demand (and
thus the density before the splitting node) is high. The DRIP is located upstream of the
splitting node, and shows travel times for both routes. Speed limits are applied at every 500
m on both routes.
The traffic scenario is chosen such that all three density groups appear, and that the
highest density results in a congestion at the shortest route. The traffic demand varies in
discrete steps starting at 2000 veh/h, increasing to 4000 veh/h after 20 minutes, to 8500
veh/h after 40 minutes, and decreases back to 4000 veh/h after 1 hour, and to 2000 veh/h
after 80 minutes, see Figure 3.24.
The parameters of the METANET model are selected according to [87]: vfree,m = 120
km/h, ρcrit,m = 35 veh/km/lane, ρmax,m = 180 veh/km/lane, Qcap, = 6000 veh/h, τ = 18 s,
ν = 65 km2 /h, κ = 40 veh/km/lane, am = 1.867, and Tf = 10 s. We simplify the route choice
algorithm in such a way that it reduces the number of counters that should be updated, and
thus saves available memory and computation time. We do this by making the assumption
that the drivers in our simulation do not become habitual drivers that select always the same
route independent of the cost of this route. For the case study this can be justified by the
fact that the simulated costs of a route are solely based on the experienced travel time, and
thus not includes the development of other preferences of the drivers. This means that the
est
counters φest
S(1),R(2) (kd ) and φS(2),R(1) (kd ) will stay zero during the simulation. Since in this
case the probability that the shortest route is also the route that is selected is very large, we
set this probability to one: P(S(1)|R(1)) = 1. In the same way we assume that selecting the
longest route is not very likely, so we select P(S(2)|R(1)) = 0. With the assumed values,
(3.15) can be simplified to:
P(S(1)|∆) = P(R(1)|∆) + P(S(1)|EQ)P(EQ|∆)
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Figure 3.24: Demand for the case study on integrated control with travel time information.

Note however that in reality a significant part of the drivers has developed a habit [17], and
thus in reality this simplification is not valid.
The control signal that we use for the case study consists of the values for the speed
limits and the values for the travel times displayed on the DRIP. For the MPC controller we
have selected Np = Nc = 10 and Tc = 1 minute. The within-day route choice is considered
in the model, but since the day-to-day learning is an important aspect of the model, we
investigate the day-to-day behavior and repeat each of the simulations for 100 successive
days.
During the case study we will compare three different situations. In the first simulation no control is applied, in the second simulation the current situation in The Netherlands
is investigated, and during the last simulation the developed MPC-based controller is applied. The system that is currently used in the Netherlands id not designed to influence the
route choice of the drivers, but to increase the safety on the road and to inform the drivers.
This means that we do not perform a comparison between to control methods, but that we
illustrate improvements that can be obtained by introducing a control method.
No control
The first simulation examines the performance of the network without control. Figure
3.25(a) shows the evolution of the preferred turning rate toward route 1, for each of the
three density groups, from day 1 to day 100. As starting value for all turning rates we have
selected 0.5. The solid line represents the turning rates for low-density situations. At low
densities it is logical that the shorter but smaller route is the fastest, and indeed, the turning
rate toward route 1 increases over the days. The dashed line represents the turning rate for
medium-density conditions. As the density on the shortest route is a little higher, the travel
time on this route increases. Both routes have nearly the same travel time, resulting in an
equilibrium turning rate of 0.45. Finally, the dash-dotted line shows the turning rates for
high-density conditions. Route 1 is congested, and so more drivers select the second route
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Figure 3.25: Simulation results when no control is applied.

and the turning rate towards route 1 decreases.
Figure 3.25(b) shows the average travel time for each day. Initially, while the drivers
are still learning, the travel times on both routes are high. After 17 days the drivers have
selected the best routes, and the travel times reach a more or less stable value. The two
average travel times are not exactly equal; this is because the drivers do not change their
route when the difference in travel times is small. The TTS in the network is 761.1 veh·h
on the first, and 546.7 veh·h on the last day.
Instantaneous travel times and incident detection
The second simulation shows the situation that is currently present in The Netherlands.
Here, the available measures are not used to control the traffic, but to inform the drivers, and
to prevent head-tail collisions when congestion is present. This means that the comparison
with the control method developed in this chapter is not a totally fair comparison, since the
purposes of the systems differ. However, an indication of the improvements that are possible
by applying integrated control can be given.
In The Netherlands, the DRIPs display instantaneous travel times, mainly to inform the
drivers. The variable speed limits are used as incident detection system, which works as
follows. When the speed in a segment drops below 40 km/h the speed limit in this segment
is set to 50 km/h and the speed limit in the upstream segment to 70 km/h. When the speed
increases above 50 km/h, the speed limits are deactivated.
In Figure 3.26(b) it can be seen that with this method the constant values of the travel
times are reached within 12 days, and the peak in the average travel time stays lower than
in the no control case.
The TTS on the first day is 512.3 veh·h, and on the last day it is 542.1 veh·h. The
increase in the total time spent is caused by the fact that many drivers react on the provided
information on the first day, but that they do not experience the same travel time as presented
on the DRIP, which lowers the value ξ(kd ) for the correctness of the provided information.
As a result more drivers start to neglect the information during later days, which finally
leads to nearly the same traffic assignment as without control.
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Figure 3.26: Simulation results with instantaneous travel times and incident detection.
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Figure 3.27: Simulation results when MPC is applied.

Integrated route choice control
The last simulation presents the effect of the MPC method developed in this section. Figures
3.27(b) and 3.27(a) show the results.
The TTS on the last day is 533.5 veh·h, which is only an improvement of 3% compared
to the no control case, and of 2% to the current situation in The Netherlands. A contribution
of the developed MPC based method can be seen in the first 10 days. The high peak in
average travel times is prevented, showing that the drivers learn faster what the best route
is. It can also be seen that during the next days a more stable situation occurs, and that there
are less fluctuations in travel times, making the routes more reliable. A side effect is that
more drivers use the first route, which is shorter in distance and thus leads to less vehicle
kilometers. The performance of the MPC-based controller can still be improved by, e.g.,
using a longer prediction horizon, performing more optimization runs with different initial
values, and selecting a more suitable optimization algorithm.

82

3 Traffic control strategies based on different assignment models

3.6 Conclusions
We have investigated three traffic flow control strategies that take the change in the traffic
assignment caused by the control actions into account. All control strategies are based
on model predictive control (MPC). The model METANET is used as prediction model to
predict the evolution of the traffic flows. The control strategies use different routing models
and control measures.
The first control strategy considered within-day route choice, and used equilibriumbased dynamic traffic assignment (DTA) to describe how the flows are divided over the
network. Within the control method, the DTA algorithm has been used to anticipate on the
change in route choice induced be the actions of the controller. The performance of this
controller has been illustrated with a case study on ramp metering.
The second control strategy used an en-route route-choice-based assignment model for
within-day route choice to determine the traffic assignment, and also used the DTA algorithm to anticipate on changes in the route choice. In a case study we considered on-ramp
as well as off-ramp metering. With on-ramp metering the total time spent has been reduced
compared to the no control case, while the mean density stayed nearly equal. With off-ramp
metering the mean density has been reduced without increasing the total time spent.
Third, we have developed an integrated control method that uses an en-route routechoice-based DTA algorithm, and that on purpose influences the route choice of the drivers.
The control method considered within-day as well as day-to-day route choice. In a case
study we have illustrated the performance of the route choice control method.
Topics for future research are: investigation of the trade-off between accuracy and computational complexity for the different methods, investigating other DTA algorithms, investigating the use of destination-dependent models, calibration and validation of the developed
models, and robustness tests of the controller. Further the concept of off-ramp metering
should be investigated, and some attention should be paid to the legal aspects of displaying
not-yet-realized travel times. Finally, more extensive case studies should be performed to
further investigate and compare the performance of the controllers.

3.A

List of symbols

Timing
kf
kc
kd
ka
Tf
Tc
Ta
Kf (kca , kcb )

simulation time step counter
control time step counter
day counter
assignment update time step counter
simulation time step (h)
controller time step (h)
assignment update time step for the DTA model (h)
set of simulation steps kf that correspond to the time interval [kca Tc , kcb Tc ]

3.A List of symbols
Sets
O
Lnenter
Lnleave
N
R
Rnode
n
Rlink
n,m
M
Mrlink
Mrnode
M urban

set of all origins in the network
set of all freeway links entering node n
set of all freeway links leaving node n
set of all nodes in the network
set of all routes in the network
set of routes that pass through node n
set of routes that passes through node n toward freeway link m
set of pairs of indices (m, i) of all links of the network
set of pairs of indices (m, i) of all links and segments belonging to route
r
set of pairs of indices (n, m) belonging to route r
set of pairs of indices (m, i) of all links and segments belonging to the
local roads in the network

Control
ro (kf )
vm,control (kf )
MD(kf )
Ko
J(kc )
Np
TTS(kc )

ramp metering rate at ramp o at simulation time step kf
value of the speed limit at freeway link m at simulation time step kf
(km/h)
mean density on the local road at simulation time step kf (veh/km/lane)
gain of ALINEA ramp metering installation on ramp o
performance indicator at control time step kc for the period [kc Tc , (kc +
Np )Tc )
prediction horizon (control time steps)
total time spent in the network during simulation period [kc Tc , (kc +
Np )Tc ) (veh·h)

Metanet
qm,i (kf )
ρm,i (kf )
vm,i (kf )
V (ρm,i (kf ))
wo (kf )
τr (kf )
βn,m (kf )

outflow of segment i of freeway link m during simulation time step kf
(veh/h)
density on segment i of freeway link m at simulation step kf
(veh/km/lane)
mean speed on segment i of freeway link m at simulation time step kf
(km/h)
desired speed at segment i of freeway link m at simulation time step kf
queue length at on-ramp o at simulation time step kf (veh)
travel time on route r for a vehicle starting at simulation time step kf (h)
turning rates toward freeway link m on node n

Equilibrium based model
qMSA
r, j (kf )

flow on route r during iteration step j of the MSA algorithm performed
at simulation time step kf (veh/h)
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qAON
r, j (kf )
τ̄rest (kd )
experienced
τ̄r
(kd )
MSA∗ (k )
βn,m
f

flow on route r determined by the AON assignment after iteration step
j of the MSA algorithm performed at simulation time step kf (veh/h)
estimated average travel time at simulation day kd (h)
average experienced travel time during day kd (h)
turning rates toward freeway link m at node n computed with the MSA
algorithm at simulation time step kf

Route-choice-based model
R(r)
EQ
S(r)
P(S(r)|∆)(kd )
experienced

φA,B

(kd )

φest
A,B (kd )
routechoice (k )
βn,m
f

route r has the lowest travel time
the travel times on both route is approximately equal
statement: route r is selected
probability that route r is selected when the density is in density group
∆ at simulation day kd
counter of the number of times that the combination of A and B is experienced during day kd
estimation of the number of times that the combination of A and B will
occur during day kd
turning rates toward freeway link m at node n computed with the route
choice model

Reaction to information
info (k )
τn,r
f
ln,r,p (kf )

θn,r (kd )
ξn,r (kd )
information (k )
βn,r
f

displayed travel time for route r on node n at simulation time step kf (h)
likelihood of traffic on route r selecting route p at node n at simulation
time step kf
fraction of the vehicles on route r at node n that can be influenced by
the provided information at day kd
correctness of the displayed trave times for route r on node n as experienced by the drivers at day kd
turning rates toward route r at node n including the reaction on information at day kd

Chapter 4

Model-based control of
day-to-day route choice in traffic
networks
In this chapter we develop a model-based control approach for day-to-day route choice control. Therefore we formulate a simplified route choice model that can be used to obtain fast
predictions of the route choice behavior and that is suitable for obtaining a first impression
of the traffic assignment, for use in on-line optimization algorithms, or as initial value for
more complex optimization algorithms. We use this model in a model-based control setting,
which uses prediction and an optimization procedure to obtain optimal values for control
measures. In particular, we investigate speed limit control and outflow control. The objective of the controller is to influence the route choice of the drivers such that a predefined
cost function is optimized. We illustrate the possibilities of the control approach with an
example based on the Braess paradox.

4.1 Introduction
As the number of vehicles and the need for transportation grow, cities around the world face
serious traffic congestion problems: almost every weekday morning and evening during
rush hours the saturation point of the main roads is attained. This often causes drivers to
divert to minor roads, causing large flows in residential areas, near primary schools, or near
shopping centers. These large flows can lead to undesired or unsafe situations. They also
cause pollution and noise, which does not only affect humans living near the roads, but can
also have a negative impact on humans living further away, and on nature reserves due to
dispersion.
The location of the large traffic flows and the corresponding congestion is the result of
the route choices of the drivers. Road administrators can try to change the route choices, in
order to prevent or to relocate unwanted large traffic flows or to reduce the travel times. In
this paper we develop a control method that supports the administrators by influencing the
route choices of drivers, using existing traffic control measures, such as variable speed lim85
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its, or mainstream metering. These measures influence the travel times on different routes,
and hence induce a change in route choice of the drivers.
Let us now consider the route choice process of drivers. With respect to the time scale of
the route choice, there exists within-day route choice and day-to-day route choice. Withinday route choice [18, 27] describes the route choice of drivers during their trip. This means
that drivers change their route during their trip based on the current state of the traffic network. Day-to-day route choice [28, 101, 179] focuses on the changes in route choice from
one day to the next. This means that the route choice of the drivers for the current day
is based on experiences of the previous days. The drivers consider these experiences and
weigh them, leading to a preferred route for the next day. In this chapter we only consider
day-to-day route choice.
Day-to-day route choices of drivers are modeled with (dynamic) traffic assignment
(DTA) models [8, 13, 15, 42, 130]. These models describe how the traffic flows divide
themselves over the network. An overview of DTA models is presented in [131], where
different classes of formulations of the DTA problem are given, and where some directions
of future developments are presented. With respect to the use of DTA models in traffic
controllers, we can divide the models into two main categories: equilibrium-based models
and route-choice-based models, see Figure 4.1. Equilibrium-based models assume that an
equilibrium traffic assignment1 will appear in which no driver can change his route without
increasing his costs [182]. The use of this assumption means that for every simulation run
within the controller the equilibrium should be computed, which leads to large computation
times and thus makes the models less suitable for on-line use. En-route route-choice-based
models [18, 37, 103] do not explicitly assume an equilibrium, but use en-route route-choice
models which determine the route choice based on the current state of the network and from
the experiences of the drivers during previous days. Using these models the reasoning of
drivers with respect to the route choice can be captured in a natural way, and it is not necessary to determine the expected travel times on the whole network to determine the turning
rates at one intersection. Advantages of the en-route route-choice-based models2 are the low
computation time, and the applicability for the situations where no equilibrium assignment
might appear. This makes the models suitable for the use in the route choice controller that
we will develop in this chapter.
For our controller, we develop a basic model that is suitable to obtain a first impression
of the evolution of the turning rates for planning purposes and especially for the use within
an on-line traffic control framework where the model can be used to obtain fast predictions
or good initial solutions for non-linear optimization procedures which use more accurate
models.
We develop the model in three steps with a gradually increasing complexity:
Case A: constant demand, separate routes, single origin and destination,
Case B: piecewise constant demand, separate routes, single origin and destination,
1 Note that for the considered categorization, it is not important whether the considered equilibrium can be
deterministic, stochastic, static, or dynamic.
2 In the remainder of this chapter we will use the shorter term ’route-choice-based models’ instead of ’en-route
route-choice-based models’ for ease of notation.
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Figure 4.1: Different types of DTA models.
Case C: piecewise constant demand, overlapping routes, multiple origins and destinations,
and restricted link inflow capacities.
The model of Case A allows for analytical descriptions and for intuitive explanations due
to its simplicity. The model requires only a small amount of computation time to simulate
a network and can thus be used to obtain a first impression of the evolution of the turning
rates. Case B uses time-varying piecewise constant demands to get a better approximation
of the flows in the network. At last, Case C introduces overlapping routes, restricted link
inflow capacities, and networks with multiple origins and destinations, and thus allows for
the modeling of general traffic networks.
Within the route choice model, we assume that the main factor in the route choice of
the drivers is the travel time [18]. Note that in reality the route choice of drivers depends
on many factors, such as road type, travel time reliability, surroundings, travel distance, and
personal preferences [18, 28, 147]. Different factors can be easily implemented for Case C,
while for Cases A and B only factors that can be formulated as linear functions of the model
variables can be used, e.g., the travel distance or average queue length on the route that is
used. In this chapter we will use the travel times, which can be computed with detailed
models as described in, e.g., [7, 40, 106, 137], or with less detailed models presented in,
e.g., [15, 26, 33, 54]. These models still lead to large computation times. Therefore, in this
chapter we will use a somewhat less detailed model, with low accuracy, which results in
low computational effort. We use the mean travel times over the whole day to determine the
route choice. We assume that the mean experienced travel times are known by all drivers,
which means that all the drivers are completely informed (e.g., via travel information services), so they know the travel times on both routes, independently of the route they have
selected.
To control the route choice of the drivers existing traffic control measures can be used.
In [63, 150] it has already been shown that traffic control measures that do not directly influence route choice but that do have an impact on the travel time (such as traffic signals,
variable speed limits, and ramp metering) can be used for this purpose. This has led to the
theoretical development of methods to incorporate the effect of existing traffic control measures on route choice, see [11, 81, 177]. The control methods described in these papers use
a prediction model that describes the evolution of the traffic flows as well as the evolution of
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the turning rates, and then use existing traffic control measures to influence the turning rates.
The methods differ with respect to the control algorithm that is applied, and with respect to
the models that are used. A specific control method that is suitable for route choice control is Model Predictive Control (MPC) [25, 100]. This is a model-based control approach
that uses a prediction model in combination with an optimization algorithm to determine
optimal values for the traffic control measures. The optimal values are then applied using a
rolling horizon approach. MPC has been used earlier to influence the route choice within a
day in [10, 64, 89, 130]. Within this chapter we use MPC for day-to-day route choice.
We develop a high-level controller that can influence the speed and outflow of links.
Lower-level controllers should be used to translate the values for maximum speeds and
outflows into settings for the traffic control measures. The state of the system includes
the turning rates. With the prediction model we can determine the influence of the control
actions on the turning rates, and the control actions that can improve the performance of the
network.
The MPC-based control approach includes solving an optimization problem. We address the three different cases using different optimization methods. The model of Case A
is a piecewise affine model. When this model is combined with piecewise affine control
objectives and piecewise affine constraints, the optimization problem can be reformulated
as a mixed integer linear programming (MILP) problem. For MILP problems there exist
efficient solvers, that guarantee to find the global optimum. In Case B the problem is not
completely an MILP problem but it can be approximated with an MILP formulation. The
obtained MILP solution can then be used as initial value for a general non-linear non-convex
optimization method. This largely reduces the computation time. Case C, which uses the
most general model, allows the control of complicated networks, but results in a non-linear
non-convex optimization problem.
The remainder of this chapter is organized as follows. In Section 4.2 we first formulate a general control approach including control measures, possible control objectives, and
constraints. Then we describe model predictive control, and present an overview of optimization algorithms that can be used, with a focus on mixed integer linear programming.
Then we consider the three different cases A, B, and C in Sections 4.3, 4.4, and 4.5. For
each case we develop the route choice model and a corresponding controller. Section 4.6
illustrates the developed control approach with two examples. A simple network is controlled using the approach of Case A, while the performance of the general approach, Case
C, is illustrated by a more complex network in which the Braess paradox appears. Finally,
conclusions are presented in Section 4.7.

4.2 Control approach
Recall that the objective of this chapter is to develop a control method for model-based dayto-day route choice control. In this section we first formulate the overall optimal control
problem including control measures, control objectives, and constraints. Since this optimal control problem is not tractable in an on-line setting (except when small horizons are
used), we propose an on-line control method based on model predictive control (MPC). This
control method uses an optimization algorithm. We will shortly discuss some global opti-
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mization algorithms, and then focus on mixed integer linear programming, which is suitable
for some of the controllers that we will develop later in this chapter.
Note that an overview of the main symbols used in this chapter is given in Appendix 4.A.

4.2.1

Control signal

In this chapter we consider two control measures to influence the route choice of the drivers:
outflow control and speed limit control. Outflow control can be done via, e.g., traffic signals,
off-ramp metering installations, or mainstream metering installations. The outflow limit
Ql (d) of link l represents the maximum flow (veh/h) that is allowed to leave link l at day
d. Speed limit control uses dynamic speed limits vl (d) for all links l. Speed limits are
displayed using variable message signs, and show the maximum allowed speed on the links.
In general we represent the values of the control signal with c(d). We assume that these
values are constant during a day d. However, for Case C the approach can be extended to
piecewise constant control signals.

4.2.2

Control objective

The objective of the controllers is to optimize the performance of the network, which can be
formalized by selecting a cost function. Typical examples of cost functions in the context
of route choice are the total time the vehicles spend in the network, the total queue length,
or the norm of the difference between the realized flows and the desired flows on the routes.
These cost functions serve either to handle as much traffic as possible in a short time, or
to keep vehicles away from protected routes (e.g., routes through residential areas or nature
reserves).
We will give three examples of possible cost functions. The total travel time can be
computed as follows:
J TT =

N

∑ ∑ ωr βr (d)τrroute (d)

(4.1)

d=1 r∈R

with N the number of considered days3 , R the set of all routes, βr (d) the turning rate toward
route r at day d, τrroute (d) the average travel time on route r at day d, and ωr > 0 the weight
for route r. The second possible control objective is to approximate desired travel times
τldesired (d):
J DTT =

N

∑ ∑ ωr |τrroute (d) − τrdesired (d)|

(4.2)

d=1 r∈R

with weights ωr > 0.
Remark 4.1 Note that the cost function described in (4.2) corresponds to the (weighted)
1-norm of the difference between the experienced and the desired travel time vectors. However, other norms can also be used, e.g., the 2-norm or the ∞-norm. Which norm should
3 Note

that when the demand varies between days, it might be useful to multiply the experienced travel times
on each day with the corresponding demand.
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be used depends on the goal and structure of the controller. The 1-norm and ∞-norm will
result in linear problems, while the 2-norm yields a smooth function that allows for the use
of efficient, gradient-based or Hessian-based optimization algorithms.
2
Another option is to approximate a desired flow Qdesired
(d, ·) on link l. Note that for the
l
cases with piecewise constant demands the periods that the demand is constant are counted
with index i, where each period starts at event time i. The set of all event times i is only
available at the end of the simulation. The appropriate desired piecewise constant flow
pattern Qdesired
(d, i) can be obtained by fitting the continuous pattern Qldesired,continuous (d, ·)
l
on the event times set available at the end of the simulation. The difference between the
realized flow and this desired flow is then given by
J DF =

N

(d, i)
∑ ∑ ∑ ∑ Qinl,r (d, i) − Qdesired
l

(4.3)

d=1 l∈L i∈Ivd r∈Rl
l

where Rl denotes the set of all routes using link l, Ivd (d) denotes the set of all time period
l

indices for the downstream vertex vdl of link l on day d, Qin
l,r (d, i) is the inflow of link l for
desired
route r during event time period i, and Ql
(d, i) the desired flow on link l during period
i. With respect to the norm, Remark 4.1 is also valid for (4.3).
The state of the network at the end of the simulation for each day d should also be
considered. Therefore a penalty on, e.g., the final queue lengths can be added:
N

J final =

∑ ∑ ∑ Nl,rveh (d, nvdl )

.

d=1 l∈L r∈Rl

To prevent large variations in the control input c which could lead to unstable, or even
dangerous, traffic conditions, a penalty is formulated for these variations:
J var =

N

∑ ||c(d) − c(d − 1)||

,

(4.4)

d=1

where also other norms could be used, see Remark 4.1.
The final cost function is usually a weighted combination of the different costs, combined with the penalty on variations in the control signal:
J = w1 J TT + w2 J DF + w3 J DTT + ... + wm−1 J var + wm J final
with weights w j > 0. In fact, the weights consist of two factors: a scaling of each partial
cost function by its nominal value (e.g., the historical average), and a factor that represents
the importance of the partial cost.

4.2.3

Constraints

Minimizing the cost function can have negative side effects. Reducing the flow on one route
could, e.g., lead to an increased flow some on other routes, with congestion and longer travel
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times as results. To solve this problem, maximum or minimum values can be selected for
flows, travel times, and queue lengths:
eff,max
(d, i)
∑ Qeff
l,r (d, i) ≤ Ql

,

r∈Rl

τrroute (d) ≤ τrroute,max (d) ,
and
veh,max
veh
(d, i) ≤ Nl,r
(d, i)
Nl,r
veh,max
where Qeff,max
(d, i), τrroute,max (d), and Nl,r
(d, i) are the maximum allowed values for
l
the outflow, travel time and queue length on link l and route r at day d during period i.
Technical hardware possibilities and safety restrictions can lead to bounds on the values
for the outflow limits and speed limits:
max
Qmin
(d) ,
l (d) ≤ Ql (d) ≤ Ql

and
max
vmin
(d)
l (d) ≤ vl (d) ≤ vl
max (d) the minimum and maximum values for the flow on link l at day
with Qmin
l (d) and Ql
min
d, and vl (d) and vmax
(d) the minimum and maximum values for the speed limits.
l

4.2.4

Overall optimal control problem

The overall control problem can then be formulated as follows:
min

(c(1),...,c(N))

J(c(1), ..., c(N))

s.t. model equations
constraints
where c is the control signal, and J are the total costs.
This optimal control problem is intractable, and the closed loop system that will appear
when the controller is applied to the network will not be robust. To be able to handle errors
in the model, changes in the demand, and other disturbances, we propose to perform the
control with a method based on MPC as explained below.

4.2.5

Model predictive control

In MPC [25, 100] the objective is to determine at day d the control inputs c(d) . . . c(d + Np −
1) that optimize a cost function J(d) over a given prediction period of Np days ahead, given
the current state of the network, the future demand, and a model of the system, and subject
to operational and other constraints.
An overview of the process is given in Figure 4.2.5. The real traffic network is measured or estimated based on measurements. The measurements or estimates are fed into the
MPC controller every time step. Then the controller uses the prediction model in combination with an optimization algorithm to determine the optimal control inputs based on the
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Figure 4.2: Model predictive control scheme.

selected control objective and constraints. The optimal control inputs are then applied in the
real network in a receding horizon manner i.e. of the optimal control signal sequence only
the first sample c∗ (d) is applied to the system. Next, at day d + 1, the procedure is repeated
given the new state of the system, and a new optimization is performed for days d + 1 up to
d + Np . Of the resulting control signal again only the first sample is applied, and so on.
The cost function that is selected for the optimal control problem in Section 4.2.2 can
be adapted for the MPC controller. Each day, the model is used to predict the traffic and to
compute the cost for the prediction period covering days d up to d + Np 4 . For the total travel
time this results in:
Np

J TT (d) =

∑ ∑ ωr βr (d + j)τrroute (d + j)

.

j=1 r∈R

The MPC cost functions corresponding to J DTT and J DF (see (4.2), (4.3)) can be defined in
a similar way.
The prediction horizon Np should be selected long enough to capture all the effects of
the control actions. So when considering route choice, it should at least be equal to the
travel time of the longest route, to incorporate the effect of the travel time on drivers that
take this route.
The optimization results in a sequence of optimal control inputs c∗ (d), c∗ (d + 1), . . . ,
∗
c (d + Np − 1). To reduce the computational complexity a control horizon Nc (Nc < Np )
is usually introduced and the control sequence is constrained to vary only for the first Nc
days, after which the control inputs are set to stay constant, i.e. c(d + j) = c(d + Nc − 1) for
j = Nc , . . . , Np − 1.
Note that the proposed approach is generic and modular. Many models, cost functions,
and optimization algorithms can be used. In this chapter we will develop a basic route
choice model, and use speed limit control and outflow control within the MPC controller.
However, if it is required, other, more complex models and control measures could be used
instead.
4 Note

that the controller cannot influence the performance at day d anymore, since this performance depends
on the turning rates, which are the state of the network and have already been determined during day d − 1.
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Optimization

MPC uses an optimization algorithm to determine the optimal values for the control variables. In general, the optimal solution of the route choice control problem cannot be computed analytically. The given problem is a non-convex nonlinear optimization problem with
possibly multiple local minima. This requires the use of advanced optimization algorithms,
which in general cannot guarantee that the optimal solution is found, and often reach a local
optimum, which can lead to suboptimal behavior. Hence, a global optimization method is
required such as genetic algorithms, simulated annealing, pattern search, or multi start local
optimization [19, 44, 53, 61, 126]. This, however, increases the computation time, which
is undesired for on-line computations. The selection of an optimization algorithm is thus
based on the trade-off between the accuracy of the solution and the required computational
effort.
When the control problem can be reformulated as a linear or piecewise affine problem,
mixed integer linear programming (MILP) can be used for the optimization. Within a MILP
problem the optimization of real and integer variables is combined, leading to a general
formulation of the problem for a given matrices A, Aeq , and vectors b, beq , and c:
minx cT x
s.t. Ax ≤ b
Aeq x = beq
where

 
x
x = i , xi ∈ Z, and xr ∈ R .
xr

Several efficient branch-and-bound MILP methods [55] are available. Moreover, there
exist several commercial and free solvers for MILP problems such as, e.g., CPLEX, XpressMP, GLPK, or lp_solve (see [5, 98] for an overview). In principle, and when the algorithm
is not terminated prematurely, these algorithms guarantee to find the global optimum of the
MILP problem efficiently. This makes them suitable for online optimization.
To reformulate optimization problems as MILP problems we will have to remove the
nonlinearities of the models. This is done by recasting the nonlinear equations into linear
ones, and by introducing additional auxiliary variables. To perform these transformations
we use the following equivalences [12], where δ represents a binary-valued scalar variable,
y a real-valued scalar variable, and f a scalar function defined on a bounded set X with
upper and lower bounds U f and L f for the function values:
U f = max f (x) ,
x∈X

L f = min f (x) .
x∈X

We have
P1: [ f 6 0] ↔ [δ = 1] is true if and only if

f 6 U f (1 − δ)
f > ǫ + (L f − ǫ)δ ,
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where ǫ is a small positive number (typically the machine precision5 ),

P2: y = δ f is equivalent to

P3: δ = δ1 δ2 is equivalent to


y 6 Uf δ



y > Lf δ
y 6 f − L f (1 − δ)



y > f −U f (1 − δ) .

 −δ1 + δ 6 0
−δ2 + δ 6 0

δ1 + δ2 − δ 6 1 .

4.3 Case A: Constant demand, separate routes
We now develop a route choice control method for a network with a constant demand and
separate routes. First we formulate a basic route choice model, and then we develop the
route choice controller based on this model.

4.3.1

Model development

The route choice model describes how the travel time experienced on a given route on a
particular day affects the route choice on the next day. Within this subsection, we will
first present a basic route choice network, then formulate the travel time model, and next
describe the resulting route choice model.
Basic route choice network
To explain the modeling approach, we consider a network with one origin and one destination that are connected via multiple routes, see Figure 4.3. Such a network contains all
features that are required for route choice, but it is small enough to make intuitive understanding possible. We assume that drivers enter this network at the origin and make their
route choice immediately. Then they experience a travel time during their trip through the
network and leave the network at the destination.
We will look at the day-to-day evolution of the traffic flows in particular part of the day,
e.g., the morning peak. The considered period is denoted by the time interval [0, T ]. For a
given day d we assume that the traffic demand D(d) (veh/h) in the network is constant. The
demand is distributed over the routes according to the turning fraction βr (d), which gives
the fraction of the vehicles that select route r on day d. The turning fraction is computed
with the route choice model that will be described below. The sum of the turning rates
should be equal to 1:
∑ βr (d) = 1
r∈R

5 The reason for introducing ε is that an equation like Ax − b > 0 does not fit the MILP framework, in which
only non-strict inequalities are allowed. Therefore, Ax − b > 0 will be replaced by the equation Ax − b ≥ ε with ε a
small tolerance, typically the machine precision, where we assume that in practice the case 0 < Ax − b < ε cannot
occur due to the finite number of bits used for representing real numbers on a computer.
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Route 1

Route 2
Origin

Route 3

Destination

Traffic flow direction

Figure 4.3: Network with three routes.

where R is the set of all routes in the network.
Since in this case the model considers separate routes, there is no difference between
route parameters and link parameters. In this section we therefore indicate both of them
with the index l, so
βr (d) := βl (d) .
Each route/link l ∈ R in the network can be described by the following parameters. The
length of link l is denoted by ℓl (km). Recall that the speed limit vl (d) (km/h) gives the
maximum speed that is allowed on link l on day d. The outflow limit Ql (d) (veh/h) gives
the number of vehicles per hour that are allowed to leave the link l on day d.
Travel time model
Since we assume that the route choice of the drivers is based on the experienced travel
times, we first formulate a travel time model. In our approach, the queues are assumed to be
vertical6 . This means that the vehicles drive the whole route without delay, experiencing the
free-flow travel time. At the end of the route, the vehicles enter the vertical queue and wait
in this queue until they can leave the route. As a consequence, the travel time τlroute on a
given link l consists of two components: the free-flow travel time τlfree and the average (over
queue
all vehicles) time spent in the queue τl
(which is taken to be 0 if no queue is present):
τlroute (d) = τlfree (d) + τl

queue

(d) .

(4.5)

The free-flow travel time τlfree (d) on link l is given by:
τlfree (d) =

ℓl
.
vl (d)

(4.6)

The time spent in the queue depends on the number of vehicles in the queue. Let us
consider link l. During one peak period, the queue at the end of link l grows as shown
in Figure 4.4. Recall that the length of the considered period is denoted by T and that
βl (d)D(d) gives the flow on route l. Let Nlveh (d,t) be the number of vehicles in the queue at
time t on day d. When the free-flow travel time has passed, the first vehicles reach the end of
the link and the queue starts to build up if the demand exceeds the outflow limit of the link.
6A

vertical queue is a queue that has no physical length but stores the vehicles just in front of the bottleneck.

96

4 Model-based control of day-to-day route choice in traffic networks

(βl (d)D(d) − Ql (d))(T − τlfree (d))

Nlveh (d)

βl (d)D(d) ≥ Ql (d)
βl (d)D(d) < Ql (d)

τlfree (d)

t

T

Figure 4.4: Queue length on a link during one day.
In Figure 4.4 the queue length is plotted for different demands. When the demand on link l
is less than the outflow limit of link l, i.e. βl (d)D(d) ≤ Ql (d), no queue appears. When the
demand is larger than the outflow limit a queue starts to grow, with rate βl (d)D(d) − Ql (d).
In order to compute the average time in the queue, we first compute the area Al (d) under
the queue length curve of Figure 4.4, and divide this by the total number of vehicles that
have exited the link. We consider two cases:
• If βl (d)D(d) ≥ Ql (d) then a queue will be created, and the maximum queue length is
given by
Nlveh,max (d) = (βl (d)D(d) − Ql (d))(T − τlfree (d)) .
Moreover, in this case the outflow of a link l is equal to Ql (d). This outflow is present
during the a period with length T − τlfree (d). Hence, the area below the queue length
graph is
1
1
Al (d) = Nlveh,max (d)(T − τlfree (d)) = (βl (d)D(d) − Ql (d))(T − τlfree (d))2 ,
2
2
and thus
queue

τl

(d) =

1 (βl (d)D(d) − Ql (d))(T − τlfree (d))
Al (d)
=
.
free
Ql (d)
Ql (T − τl (d)) 2
queue

• If βl (d)D(d) < Ql (d) then no queue will arise, and thus τl

(4.7)

(d) = 0.

Since we may assume without loss of generality that τlfree (d) < T , we can combine both
situations:


1 (βl (d)D(d) − Ql (d))(T − τlfree (d))
queue
.
(4.8)
τl
(d) = max 0,
2
Ql (d)

4.3 Case A: Constant demand, separate routes
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Remark 4.2 We can also take into account the vehicles that are still in the queue at the
end of the simulation period as follows. Note that such a queue can only be created if
βl (d)D(d) ≥ Ql (d). The outflow rate of the queue is then Ql (d) and the number of vehicles
N

veh,max

(d)

in the queue at time T is equal to Nlveh,max (d). Hence, it takes on the average 12 l Q (d)
l
time units for the vehicles to leave the queue. This quantity has to be added to (4.7). So in
this case (4.7) is still valid but the factor 21 disappears.
2
Route choice model
The travel times are used as input for the route choice model. Based on a difference in travel
time between the routes, the turning rates will change as follows. The turning rate toward
route 1 is given by

β1 (d + 1) = min max 0, β1 (d) +

∑

ρ∈R,ρ6=1

 
κρ,1 (τρroute (d) − τ1route (d)) , 1 ,

(4.9)

where κρ,1 expresses the fraction of the drivers on route ρ that change their route toward
route 1 from one day to the next based on the travel time difference.
The turning rates β2 . . . βl last−1 can be determined with

βl (d + 1) = min max 0, βl (d) +

∑

ρ∈R,ρ6=l


l−1

κρ,l (τρroute (d) − τlroute (d)) , 1 − ∑ βℓ (d + 1) ,
ℓ=1

(4.10)

where κρ,l expresses the fraction of the drivers on route ρ that change their route toward
route l from one day to the next based on the travel time difference, and l last is the turning
rate toward the last route.
Finally, the turning rate toward the last route l last is given by
βl last (d + 1) = 1 −

l last−1

∑

βl (d + 1)

(4.11)

l=1

The maximum and minimum functions in (4.10) keep the value of βl (d + 1) between 0
and 1, while (4.11) guarantees that the sum of all β’s is equal to 1.

4.3.2

Controller development

We will develop the route choice controller based on the model described above. As control
method we use MPC, see Section 4.2.5. We consider variable speed limit control, but note
that for outflow control the same reasoning can be followed. We assume that the speed
limits can only have two values va and vb .
Since the model is linear we can formulate the optimization problem as a MILP problem,
using the Properties P1 and P2. We first reformulate the route choice model, and next we
define the cost function. Finally we present the overall MILP optimization problem.
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Reformulating the route choice model
We now translate the route choice model in such a way that the optimization problem will
have the form of an MILP.
Since we assume that there are two values for the speed limits, the corresponding freeflow travel times can be represented by one binary variable δl as follows. Define (cf. (4.6))
free
=
τl,a

ℓl
ℓl
free
free
free
.
= , and ∆l = τl,b
− τl,a
, τl,b
va
vb

Then we can select va or vb on link l for day d by introducing a binary variable δ1,l (d) and
setting
free
τlfree (d) = τl,a
+ ∆l δ1,l (d) .
Remark 4.3 The implementation of more values for the speed limits is straightforward. As
example, we consider four values for the speed limits that correspond to four equidistant
free-flow travel times, formulated as follows:
free
τ1free (d) = τ1,min
+ ∆1 (δ1a,1 (d) + δ1b,1 (d) + δ1c,1 (d)) ,
free =
where τ1,min
can be used.

ℓ1

vhigh

free =
, τ1,max

ℓ1

vlow

, and ∆1 =

free −τ free
τ1,max
1,min

3

. For τ2free (d) a similar construction
2

Recall that we consider the case of speed control with no outflow control; so Ql (d) =
for all d. If we substitute the above expression for τlfree (d) in (4.5) and (4.8) we get
Qmax
l
free
τlroute (d) = max(0, y2,l (d)) + τl,a
+ ∆l δ1,l (d)

(4.12)

y2,l (d) = a1,l (d)βl (d) + a2,l (d)δ1,l (d)βl (d) + a3,l δ1,l (d) + a4,l

(4.13)

with

1
1
1
free ), a (d) = − 1 D(d)∆ , a
with a1,l (d) = 2Q
D(d)(T − τl,a
2,l
l
3,l = 2 ∆l , and a4,l = − 2 (T −
2Ql
l
free ). By introducing an extra variable y (d) = δ (d)β (d) and using Property P2 with
τl,a
1,l
1,l
l
fl (x) = βl (d), L fl = 0, and U fl = 1, (4.13) can be transformed into a system of linear inequalities.
Now define the auxiliary variables ηl (d) and σl (d) such that (cf. (4.27), (4.10))

σl (d) = βl (d) +

∑ κr,ρ (τρroute (d) − τlroute (d))

(4.14)

ρ∈R

ηl (d) = max(0, σl (d)) .

(4.15)

Then we have
βl (d + 1) = min(ηl (d), 1) .
Consider (4.16) and define the binary variable δ4,l (d) such that
δ4,l (d) = 1 if and only if ηl (d) ≤ 1 .

(4.16)

4.3 Case A: Constant demand, separate routes
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Note that this equivalence can be recast into a system of linear inequalities via Property P2.
It is easy to verify that now we have
βl (d + 1) = min(ηl (d), 1) = δ4,l (d)ηl (d) + 1 − δ4,l (d) ,
which after introducing the auxiliary variable zl (d) = δ4,l (d)ηl (d) (this equivalence can also
be recast as a system of linear inequalities via Property P1), results in the linear equation
βl (d + 1) = zl (d) + 1 − δ4,l (d) .
If we now collect all variables for day d in one vector

(d)
w(d) = β1 (d) . . . βnl (d) δ1,l (d) . . . δ4,nl y1,l (d) . . . y3,nl (d) τ1route (d) . . . τnroute
l
T
σ1 (d) . . . σnl (d) η1 (d) . . . ηnl (d) z1 (d) . . . znl (d)
,
we can express βl (d + 1) as an affine function of w(d): βl (d + 1) = aw(d) + b for a properly
defined vector a and scalar b, where w(d) satisfies a system of linear equations Cw(d) = e,
Fw(d) 6 g, which corresponds to the various linear equations and constraints introduced
above.
MILP cost function
To be able to transform the route choice control problem into an MILP problem, the cost
function should be linear or piecewise affine. Possible objectives of the controller of Section
4.2.2 that allow reformulation into linear or piecewise affine form are minimizing the flow
on a route, reaching a desired flow on one of the routes, or reaching a desired travel time.
The MPC cost function for a minimum flow on route 1 is given by:
Np

J(d) = min ∑ βl (d + j)D(d + j) .
j=1

Let us define



βl (d + 1)D(d + 1)


..
F̃l (d) = 
,
.
βl (d + Np )D(d + Np )


(d + 1)
Qdesired
l


..
F̃ldesired (d) = 
 ,
.
desired
(d + Np )
Ql


where Qdesired
(d + j) denotes the desired flow on route l at day d + j.
l
The MPC cost function corresponding to reaching a desired flow on route l is then given
by:
J(d) = min kQdesired
(d) − Fl (d)k .
l
When either the 1-norm or the ∞-norm are used, this cost function will be linear and can
be reformulated for the MILP problem. When a 1-norm is used, the problem can be trans-
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formed into a linear one as follows:
Np

(d + j) − βl (d + j)D(d + j)|
min kF̃ldesired (d) − F̃l (d)k1 = min ∑ |Qdesired
l

(4.17)

j=1
Np

= min ∑ q(d + j)
j=1

s.t. q(d + j) > Qdesired
(d + j) − βl (d + j)D(d + j)
l
q(d + j) > −Qdesired
(d + j) + βl (d + j)D(d + j)
l
for j = 1, . . . , Np .
It is easy to verify that for the optimal solution of the latter problem we have

q∗ (d + j) = max Qdesired
(d + j) − βl∗ (d + j)D(d + j), −Qdesired
(d + j) + βl∗ (d + j)D(d + j)
l
l
= |Qdesired
(d + j) − βl∗ (d + j)D(d + j)|
l

for all j.
Similarly, for the ∞-norm we have
min kF̃ desired (d) − F̃(d)k∞ = min max |Qdesired
(d + j) − βl (d + j)D(d + j)|
l
j=1,...,Np

= min q
s.t. q > Qdesired
(d + j) − βl (d + j)D(d + j)
l
(d + j) + βl (d + j)D(d + j)
q > −Qdesired
l
for j = 1, . . . , Np ,
which is also a linear problem.
Another possibility is to strive for desired travel times on the routes. Let τ1desired (d + j)
and τ2desired (d + j) denote the desired travel times on respectively route 1 and route 2 at day
d + j. The problem of reaching desired travel times on each of the routes is then given by
Np

min ∑ ω1 |τ1route (d + j) − τ1desired (d + j)| + ω2 |τ2route (d + j) − τ2desired (d + j)|
j=1

with ω1 , ω2 > 0. This cost function is piecewise affine, but it can be rewritten as
Np

min ∑ ω1 φ1 (d + j) + ω2 φ2 (d + j)
j=1

s.t. φr (d + j) > τrroute (d + j) − τrdesired (d + j)
φr (d + j) > −τrroute (d + j) + τrdesired (d + j)
for j = 1, . . . , Np and for r = 1, 2 .

(4.18)
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which is a linear programming problem7 . For the optimal solution we have

φ∗r (d + j) = max τr∗ (d + j) − τrdesired (d + j), −τr∗ (d + j) + τrdesired (d + j)
= |τr∗ (d + j) − τrdesired (d + j)|

for all j and for r = 1, 2. Hence, (4.18) also leads to a linear programming problem.
Constraints
It might be useful to add a constraint on the travel time of a certain route (see Section 4.2.3),
because minimizing, e.g., the flow on other routes can result in a higher flow and thus a
longer travel time on this route:
τl (d + j) 6 τlmax (d + j) for j = 0, . . . , Np − 1 ,

(4.19)

where τlmax (d + j) denotes the maximal travel time on route l on day d + j. Using (4.12) and
(4.13) we can easily eliminate τl (d + j) from the constraint (4.19). This yields the equivalent
system of constraints
free
τl,a
+ ∆l δl (d + j) 6 τlmax (d + j)
free
y2,l (d + j) + τl,a
+ ∆l δ1,l (d + j) ≤ τlmax (d + j)

for j = 0, . . . , Np − 1. Note that these constraints are also linear.
An alternative constraint is to have a minimal or maximal flow on a given route. For
route l this would result in
Qin,min
(d + j) 6 (1 − βl (d + j))D(d + j) 6 Qin,max
(d + j) ,
l
l
for j = 1, . . . , Np , where Qin,min
(d + j) and Qin,max
(d + j) denote respectively the minimal
l
l
and maximal allowed flow on route l on day d + j. This constraint is also linear.
Overall MILP problem for constant demand
If we collect the linear objective function and all the linear constraints introduced above
into one large problem, we get an MILP problem in the variables w(d), w(d + 1), . . . , w(d +
Np − 1), β1 (d + Np ) and q(d + 1), q(d + 2), . . . , q(d + Np ) (when the 1-norm is used for the cost
function) or q (when the ∞-norm is used). This means that within the controller a MILP
solver can be used, which reduces the computation time, and guarantees the detection of the
global optimum. This will improve the performance of the controller, and due to the lower
computation times it allows for the control of larger networks.

4.4 Case B: Time-varying demand, separate routes
In this section, we extend the previous results to time-varying demand profiles. We first
formulate the model, and next develop the controller.
7 Note

that if instead of the absolute value the square of the difference is minimized, the problem can be formulated as a mixed integer quadratic programming problem (MIQP).
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D(d, ·)

D(d, n − 2)

D(d, 1)
D(d, 2)

D(d, 0)

...
t1 (d)

t0 (d) = 0

t2 (d) t3 (d)

...

D(d, n − 1)

tn−2 (d)

tn−1 (d)

tn (d) = T

t

Figure 4.5: Time-varying demand profile D(d, ·) on day d.

4.4.1

Model development

Time-varying demand profiles can be determined using historical data since often the same
demand patterns occur every day with some variations depending on the type of day (week
day or weekend), the weather, and the season (summer or winter). Since here we allow
a different demand profile for each day, such variations can be taken into account in our
approach. In particular, we consider piecewise constant demand profiles, which allows for
a good representation/approximation of reality, while preserving linearity properties. We
denote the piecewise constant demand function at the origin on day d as D(d, ·). More
specifically, we have
D(d,t) = D(d, i) for t ∈ [ti (d),ti+1 (d))
for i = 0, . . . , n − 1 where t0 (d) = 0, tn (d) = T , and ti (d) < ti+1 (d) for i = 0, . . . , n − 1 (see
Figure 4.5).
The introduction of the piecewise constant demand does not change the equations for
the free flow travel time (4.6) and the turning rates (4.10). However, the formula for the
time spent in the queue should be adapted.
queue
Just as before, the average time in the queue τl
on link l depends on the number of
vehicles in the queue. We still assume that the queues are vertical queues that build up at the
end of each route. So during the period [0, T + τlfree (d)) the queue on link l grows as shown
in Figure 4.6. Note that the time is divided into periods [ti (d) + τlfree (d),ti+1 (d) + τlfree (d))
corresponding to the periods [ti (d),ti+1 (d)) in the demand. Here, the term τlfree (d) is due
to the fact that vehicles entering link l at time t will reach the queue at time t + τlfree (d).
Next, the queue will grow or shrink depending on the value of the net growth of the queue,
which for link l is given by βl (d)D(d, i) − Ql (d) for t ∈ [ti (d) + τlfree (d),ti+1 (d) + τlfree (d))
and i = 0, . . . , n − 1.
If we denote the number of vehicles in the queue on link l on day d and during time
period [ti (d) + τlfree (d),ti+1 (d) + τlfree (d)) by Nlveh (d, i), we have
Nlveh (d, i) = 0
Nlveh (d, i + 1) = max 0, Nlveh (d, i)+

(4.20)
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Nlveh (·)

...
′ (d)
tl,0

tl,0 (d) = 0

′ (d)
tl,1

′ (d) t ′ (d)
tl,2
l,3

...

′
tl,n−1
(d)

′
tl,n−2
(d)

′ (d)
tl,n

t

Figure 4.6: Evolution of the queue length Nlveh (d, ·) on link l and day d during the period
′ (d) =
[0, T + τlfree (d)]. For the sake of simplicity of notation we have used tl,i
free
ti (d) + τl (d) in the figure.
Nlveh (d, ·)

Nlveh (d, ·)

Nlveh (d, ·)
slope:
βl (d)D(d) − Ql (d)

′
tl,i+1
(d) t

′ (d)
tl,i

′ (d)
tl,i
t ′ (d) t
′ (d) + T (d, i) l,i+1
tl,i
l

(b)

(a)

′
tl,i+1
(d) t

′ (d)
tl,i

(c)

Figure 4.7: Three possible cases for the evolution of the queue length Nlveh (d, ·) on link l and
′ (d) =
day d during the time interval [ti (d) + τlfree (d),ti+1 (d) + τlfree (d)) with tl,i
ti (d) + τlfree (d).

(βl (d)D(d, i) − Ql (d))((ti+1 (d) + τlfree (d)) − (ti (d) + τlfree (d))

= max 0, Nlveh (d, i) + (βl (d)D(d) − Ql (d))(ti+1 (d) − ti (d)) .

Note that if Nlveh (d, i)+(βl (d)D(d)−Ql (d))(ti+1 (d)−ti (d)) < 0, the queue length already
becomes 0 at some time ti (d) + Tl (d, i) with
Tl (d, i) =

Nlveh (d, i)
.
(βl (d)D(d) − Ql (d))

At this moment the queue on link l becomes empty (see Figure 4.7).
In order to compute the average time the vehicles spend in the queue on link l, we first
compute the total area under the Nlveh (d, ·) curve. If we denote the area under the Nlveh (d, ·)
curve between ti (d) + τlfree (d) and ti+1 (d) + τlfree (d) by Al,i (d), there are three possible cases
(see Figure 4.7(b)):
• If Nlveh (d, i + 1) > 0 then we have


1
Al,i (d) = Nlveh (d, i) + Nlveh (d, i + 1) (ti+1 (d) + τlfree (d)) − (ti (d) + τlfree (d)) (4.21)
2

1
= Nlveh (d, i) + Nlveh (d, i + 1) (ti+1 (d) − ti (d)) .
2
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We then define Tlflow (d, i) = ti+1 (d) − ti (d).
• If Nlveh (d, i+1) = 0 and Nlveh (d, i) > 0, then Ql (d) 6= βl (d)D(d, i) and the queue length
already becomes 0 at time ti (d) + Tl (d, i). Then we have
(Nlveh (d, i))2
1
Al,i (d) = Nlveh (d, i)Tl (d, i) =
.
2
Ql (d) − βl (d)D(d, i)
Now we have to make a distinction whether or not there is an outflow of link l after
the time ti (d) + Tl (d, i). If βl (d)D(d, i) 6= 0 then there will be an outflow and then we
define Tlflow (d, i) = ti+1 (d) − ti (d). Otherwise, we set Tlflow (d, i) = Tl (d, i).
• If Nlveh (d, i + 1) = 0 and Nlveh (d, i) = 0, then Ql (d) = βl (d)D(d, i) and the total area is
zero: Al,i (d) = 0, since in this case the Nlveh curve is horizontal. Just as in the previous case we define Tlflow (d, i) = ti+1 (d) − ti (d) if βl (d)D(d, i) 6= 0 and Tlflow (d, i) = 0
otherwise.

The total area under the Nlveh curve is then equal to Al (d) = ∑n−1
i=0 Al,i (d). Since there is an
flow (d, i) time units, the total
T
outflow of link l (with value Ql (d)) during Tltot (d) = ∑n−1
i=0 l
number of vehicles leaving the link is equal to Ql (d)Tltot (d). So the average time that the
vehicles spend in the queue at the end of route l is given by:

Al (d)


if Tltot (d) > 0 ,
tot
queue
Q
(d)T
τl
(d) =
l
l (d)

0
if Tltot (d) = 0 .
The total travel time for a route can then be computed with (4.5), and the turning rates
with (4.10).

4.4.2

Controller development

In this section we show that for linear or piecewise affine cost functions the previously
formulated MPC route choice optimization problem for Case B can be approximated by an
MILP problem. In particular, we will consider the case of outflow control only (so there is
no speed control). Further, we will consider the case where the network consists of only
two routes (R = {1, 2}), which leads to β2 (d) = 1 − β1 (d). Note however that an extension
to a network with more routes is straightforward.
Transformation of the model equations
We assume that the outflow limits can only have two non-zero values Qr,a and Qr,b and for
simplicity we consider control for route 1 only.
Later on we will see that in the model equations the factor Qr1(d) will appear. This factor
can be represented by introducing binary variable as follows. If we define
∆r =

1
1
−
,
Qr,b Qr,a

4.4 Case B: Time-varying demand, separate routes
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then we can select Qr,a or Qr,b on route r for day d by introducing a binary variable δr (d)
and setting
1
1
=
+ ∆r δr (d) .
Qr (d) Qr,a

(4.22)

Let us now first rewrite the equations for the evolution of N1veh (d) (for N2veh (d) a similar
reasoning holds, see Appendix 4.B). If we define
m1 (d, i) =

N1veh (d, i)
for all i,
Q1 (d)

then it follows from (4.20) that




β1 (d)D(d, i)
m1 (d, i + 1) = max 0, m1 (d, i) +
− 1 (ti+1 (d) − ti (d))
Q1 (d)

(4.23)

with m1 (d, 0) = 0 (cf. (4.20)).
We will now transform (4.23) into mixed-integer linear equations. If we substitute (4.22)
into (4.23) we get an expression of the form

m1 (d, i + 1) = max 0, m1 (d, i) + a1,1,i (d)β1 (d) + a2,1,i (d)δ1,1 (d)β1 (d) + a3,1,i (d) (4.24)

with a1,1,i (d) = D(d,i)
Q1,a (ti+1 (d) − ti (d)), a2,1,i (d) = D(d, i)∆1 (ti+1 (d) − ti (d)), and a3,1,i (d) =
−ti+1 (d) + ti (d). By introducing an extra variable y1,1 (d) = δ1,1 (d)β1 (d) and using Property
P2 with f1 (x) = β1 (d), L f1 = 0, and U f1 = 1, (4.24) can be transformed into a system of
linear inequalities together with the nonlinear equation

m1 (d, i + 1) = max 0, m1 (d, i) + a1,1,i β1 (d) + a2,1,i y1,1 (d) + a3,1,i .

Now we define binary variables δ2,1,i (d) such that δ2,1,i (d) = 1 if and only if m1 (d, i) +
a1,1,i β1 (d) + a2,1,i y1,1 (d) + a3,1,i > 0. Using Property P1 this equivalence can be recast as a
system of linear inequalities. Then we get
m1 (d, i + 1) = δ2,1,i (d)(m1 (d, i) + a1,1,i β1 (d) + a2,1,i y1,1 (d) + a3,1,i ) .
By introducing extra variables y2,1,i (d) = δ2,1,i (d)m1 (d, i), y3,1,i (d) = δ2,1,i (d)β1 (d), and
y4,1,i (d) = δ2,1,i (d)y1,1 (d), and using Property P2 we obtain again a system of linear inequalities together with the equation
m1 (d, i + 1) = y2,1,i (d) + a1,1,i y3,1,i (d) + a2,1,i y4,1,i (d) + a3,1,i δ2,1,i (d) ,
which is a linear equation.
Now we make the following approximation (see Figure 4.8): We always take expression
(4.21) for A1 (d, i). Moreover, we always take T1 (d, i) = t1,i+1 (d) − t1,i (d) even if there is no
outflow of the link. It is important to note that for n = 1 this will still result in an exact
queue
value for τ1
(d) since N1veh,max (d, i) will first be multiplied by 12 T1 (d, i) to get the area,
and next be divided again by Q1 (d)T1 (d, i) to obtain the average time spent in the queue.
This implies that for n = 1 we will get the (exact) results of Section 4.3. However, for n > 1
queue
we will only get an approximation for τ1
(d).
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N1veh (d, ·)

ti′ (d)

ti′ (d) + T1 (d, i)

′ (d)
ti+1

t

Figure 4.8: The area of the hashed triangle will be approximated by the area of the shaded
triangle.
Since now T1tot (d) = ∑n−1
i=0 T1 (d, i) = T , the approximation results in
n−1

queue

τ1

(d) =

∑
1

i=0

2

=

1
2T


N1veh (d, i) + N1veh (d, i + 1) (t1,i+1 (d) − t1,i (d))
Q1 (d)T

n−1

∑

i=0


m1 (d, i) + m1 (d, i + 1) (t1,i+1 (d) − t1,i (d)) .

Note that this expression is linear in m1 . Hence, it follows from (4.5) that τ1route (d) is
also linear in m1 . Similarly (see also Appendix 4.B), τ2route (d) can be written as a linear expression in m2 by introducing the additional real-valued auxiliary variables y1,2,i (d),
y2,2,i (d), y3,2,i (d), y4,2,i (d), and binary auxiliary variables δ1,2 (d), δ2,2,i (d) and δ3,2,i (d) =
δ2,2,i (d)δ1,2 (d) (cf. Property P3) for i = 0, . . . , n − 1).
Now the remainder of the procedure corresponds to the procedure of Case A, starting
with (4.14).
Overall MILP problem
The overall control problem is similar to the control problem of case A described in Section
4.3.2, and allows for the use of the cost functions formulated in this Section.
However, since the models used to generate the MILP problem are in this case only
an approximation of the non-linear models, it is not recommended to directly apply the
obtained optimum. Nevertheless this optimum could be used as initial starting point for the
original nonlinear route choice MPC optimization problem, which significantly reduces the
computation time.

4.5 Case C: Overlapping routes, multiple origins, and restricted link inflow capacities
In this section, we extend the approach above to include networks with overlapping routes,
multiple origins and destinations, and restricted link capacities. We first develop the ex-
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tended model, and next design a controller for this network.

4.5.1

Model development

First, we introduce the more complicated network with overlapping routes, and multiple
origins and destinations. Then we adapt the timing that is used in the model, and present the
link variables. Further, equations for the travel times, average queue lengths, and turning
rates are presented, and the origins and destinations are modeled.
Network set-up
The network that we consider consists of multiple origins o ∈ O and destinations8 e ∈ E,
where O and E are the sets of all origins and destinations in the network. The routes in the
network can overlap, meaning that one link l can be used by multiple routes r ∈ R. The
cap
restricted inflow capacity of the links is denoted by Ql (veh/h).
Travel time model
The total travel time again consists of the sum of the free flow travel time and the time spent
in the queue:


queue
τrroute (d) = ∑ τlfree (d) + τl,r (d)
l∈Lr

where Lr is the set of all links l in route r. The free flow travel time can be computed as
before, see (4.6).
The computation of the time spent in the vertical queue is more involved. We assume
that the queue on a link is divided into several independent partial queues, one for each route
that uses the link. Let us now compute the time spent in each of these partial queues.
Timing
To be able to consider overlapping routes, we have to adapt the timing that is used in the
model. In the previous cases A and B the event timings were route based. Now, we change
the timing to be vertex-based as follows. For each vertex v in the network we introduce
event times tv,i (d). Such an event time can correspond to two types of changes in the output
flows of the vertex:
• a change in the input flow of one of the upstream links connected to the vertex, which
is delayed by the free flow travel time on the given link,
• a partial queue becoming empty on one of the upstream links of a vertex.
Since these changes are not known beforehand, the traffic is simulated from the current
event time tv,i (d) until the next known event time tv,i+1 (d). When during the simulation
of this period one of the two changes appears, a new event time tv,new (d) is created. The
computations then have to be (re-)done for the period [tv,i (d),tv,new (d)), which leads to redefinition of the next event time instant with tv,i+1 (d) := tv,new (d).
8 Since the index d

is already used for the days, we denote destinations with e, coming from the word ’endpoint’.
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l

vul

vdl

traffic flow direction

Figure 4.9: A link l with upstream vertex vul and downstream vertex vdl .
Link variables
Consider link l, with its upstream vertex vul and its downstream vertex vdl , as in Figure
′
u
4.9. The inflow Qin
l,r (d, i ) of each link l is given in the timing of the upstream vertex vl ,
′
u
and present during the period [tvul ,i′ (d),tvul ,i′ +1 (d)), which is the i th period for vertex vl .
This flow experiences a delay equal to the free flow travel time, and then becomes the flow
in,queue
Ql,r
(d, i) that enters the queue in the link during [tvd ,i (d),tvd ,i+1 (d)), which is period i in
l
l
the timing of the downstream vertex:
in,queue

Ql,r

′
(d, i) = Qin
l,r (d, i )

with
[tvd ,i′ (d),tvd ,i′ +1 (d)) = [tvul ,i (d) + τlfree (d),tvul ,i+1 (d) + τlfree (d))
l

l

Recall that we assume that in each link there can be a partial queue for each route. The
number of vehicles during time period i in the partial queue at the end of link l belonging
veh (d, i). As indicated above, the inflow of the queue is denoted by
to route r is given by Nl,r
in,queue

Ql,r

(d, i). The amount of traffic that can leave the queue depends on different factors:

• the outflow limit of the link,
• the number of queues on the link and their length,
• the capacity of the downstream links,
• the size of the flows that want to enter the downstream links.
We first introduce factors γl,r (d, i) which divide the outflow limit Ql (d) proportionally
over the different queues (see Figure 4.10):
veh (d, i)
Nl,r

+ Ql,r
(d, i)
τl,r
γl,r (d, i) =
 N veh (d, i)

l,ρ
in,queue
+ Ql,ρ
(d, i)
∑
τl,ρ
ρ∈Rl
in,queue

(4.25)

where τl,r is a delay factor9 representing the time that vehicles require to leave the queue
on link l for route r. In this equation we assume that the flow that wants to leave the link
consists of the vehicles that are in the link, and of the vehicles that enter the link during the
current period.
9 Note

that the delay factor τl,r should be larger than tvd ,i+1 (d) − tvd ,i (d) to prevent the model from generating
l

l

vehicles. If τl,r ≤ tvd ,i+1 (d) − tvd ,i (d) then an extra time step tvd ,i′ (d) should be introduced between tvd ,i (d) and
tvd ,i+1 (d).
l

l

l

l

l
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route 1
Ql (d)

link l
in,queue

Ql,1

in,queue

Ql,2

in,queue

Ql,3

(d, i)

(d, i)

(d, i)

desired,out
Ql,1
(d, i)

veh (d, i)
Nl,1

desired,out
Ql,2
(d, i)
veh (d, i)
Nl,2

route 2
desired,out
Ql,3
(d, i)

veh (d, i)
Nl,3

route 3

Figure 4.10: Routes on a link share the available outflow according to the proportions given
by (4.25).
The flow that wants to leave a queue in the link during the period [tvd ,i (d),tvd ,i+1 (d))
l
l
provided that the downstream capacity is large enough, is then given by
desired,out
Ql,r
(d, i) = min(γl,r (d, i)Ql (d),

veh (d, i)
Nl,r

τ

+ Ql,r

in,queue

(d, i)) .

Now we introduce the effect of the restricted inflow capacity of the links, see Figure
desired,out
4.11. Due to this restricted capacity, the desired outflow Ql,r
(d, i) is reduced to the
effective outflow Qeff
(d,
i)
as
follows.
The
inflow
capacity
of
a
downstream
link l d of link l
l,r
is divided proportionally over the flows that want to enter the link, using a factor αl d (d, i).
This factor should be computed for each downstream link l d ∈ Dl :


αl d (d, i) = min 1,

cap

∑ ∑

ξ ∈Ul d ρ∈Rl d

Ql d

Qξdesired,out
(d, i)
,ρ



(4.26)

where Ul d is the set of upstream links of link l d and Dl the set of all downstream links of
link l.
d is then given by:
The flow that effectively leaves link l on route r toward link ll,r
desired,out
Qeff
(d, i)
l,r (d, i) = αl d (d, i)Ql,r
l,r

d is de link downstream of link l on route r. This outflow equals the inflow of the
where ll,r
downstream link
Qin
(d, i) = Qeff
l,r (d, i) .
l d ,r
l,r

The number of vehicles in the queue on link l of route r can now be computed:


in,queue
veh
veh
Nl,r
(d, i + 1)) = max 0, Nl,r
(d, i) + (Ql,r
(d, i) − Qeff
(d,
i))(t
(d)
−
t
(d))
.
d
d
l,r
v ,i+1
v ,i
l

l
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desired,out
Q1,1
(d, i)
cap

Ql d

link l d
Qin
(d, i)
l d ,1

desired,out
Q2,2
(d, i)

Qin
(d, i)
l d ,2
Qin
(d, i)
l d ,3

desired,out
Q3,3
(d, i)

Figure 4.11: Inflow capacity shared by entering flows.
veh (d, ·)
Nl,r

slope:
in,queue
Ql,r
(d, i) − Qeff
l,r (d, i)

tv′ d ,i (d) + Tl,r (d)

tv′ d ,i (d)
l

t

tv′ d ,i+1 (d)

l

l

veh (d, ·) on link l of route r and day d during
Figure 4.12: Evolution of the queue length Nl,r
the interval [tvd ,i (d),tvd ,i+1 (d)) when a queue becomes zero during this period.
l

l

veh (d, i) + (Q
If Nl,r
(d, i) − Qeff
l,r (d, i))(tvdl ,i+1 (d) − tvdl ,i (d)) < 0, the queue length all,r
ready becomes 0 at some time tvd ,i (d) + Tl,r (d, i) with
in,queue

l

Tl,r (d, i) =

veh (d, i)
Nl,r

Qeff
l,r (d, i) − Ql,r

in,queue

(d, i)

.

At this moment the partial queue for the traffic on link l going via route r becomes empty
(see Figure 4.12). This means that a new time instant tvd ,i+1,new (d) = tvd ,i (d) + Tl,r (d, i)
l

l

should be added to the timing of the downstream vertex vdl , and the computations for the
current period should be re-done.
After the computations for the whole period are performed, the total number of vehicles
in a link can be plotted as in Figure 4.13.
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...
tvd ,0
l
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tvd ,1
l

l
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v

l

tvd ,n d −2
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l

tvd ,n d −1
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v

l

tvd ,n d
l

v

t

l

veh (d, ·) on link 1 and day d during the period
Figure 4.13: Evolution of the queue length Nl,r
free
[0, T + τl (d)].

Average time in the queue
In order to compute the average time the vehicles spend in the queue, we first compute the
veh (d, ·) curve. This is done at the end of the simulation, so that the event
area under the Nl,r
veh (d, ·) curve between t
timing is completely fixed. If we denote the area under the Nl,r
vdl ,i (d)
and tvd ,i+1 (d) by Al,r (d, i), there are two possible cases:
l

veh (d, i) > 0 or N veh (d, i + 1) > 0 then we have
• If Nl,r
l,r

1  veh
veh
Al,r (d, i) =
Nl,r (d, i) + Nl,r
(d, i + 1) (tvd ,i+1 (d) − tvd ,i (d)) .
l
l
2

veh (d, i) = 0 and N veh (d, i + 1) = 0 we have A (d, i) = 0 since the N veh (d, ·) curve
• If Nl,r
l,r
l,r
l,r
is uniformly zero on the interval [tvd ,i (d),tvd ,i+1 (d)).
l

l

Now we can compute the average time spent in the partial queue on link l for route r as
n vd
l

queue

τl,r

∑ Al,r (d, i)

(d) =

i=0
n vd
l

∑ Qeff
l,r (d, i) tvdl ,i+1 (d) − tvdl ,i (d)

i=0

where nvd is the number of periods in the timing of vertex vdl .



l

Origin modeling
We model the origins as virtual links with length 0, see Figure 4.14. The demand at origin
o with destination e during period [to,i (d),to,i+1 (d)) is given by Do,e (d, i), for i = 1, ..., no .
This demand is divided over the routes via the turning rates
Qin
o,r (d, i) = βr (d)Do,e (d, i) for all r ∈ Ro,e .
where Ro,e is the set of routes connecting origin o with destination e, and Qin
o,r (d, i) is
the flow for route r that enters the virtual link connected to origin o during the period
[to,i (d),to,i+1 (d)). This flow enters the partial queues that can be present on this link. Furthermore, the origin is modeled in the same way as the links inside the network.
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route 1
Q1 (d)

origin o
Qin
o,1 (d, i)
Do,e (d, ·)

Q2 (d)

veh (d, i)
No,1

Qin
o,2 (d, i)

veh (d, i)
No,2

Qin
o,3 (d, i)

veh (d, i)
No,3

route 2

Q3 (d)
route 3

Figure 4.14: Virtual origin link.

Destination modeling
Just as the origins, we model the destinations as virtual links with length 0 and no outflow
limit. Each virtual destination link is assumed to have an infinite inflow capacity. This
implies that (cf. (4.26))
αe (d, i) = 1
for each destination e.
Turning rates
The route choice model used for the cases A and B is rather simple. We selected it since
linear equations are necessary to form an MILP problem. Now we present an improved
route choice model for case C, in which the differences in experienced travel times is used
to determine non-normalized turning factors, which are later normalized between 0 and 1.
We still assume that the drivers will change their route when the travel time on another
route is shorter10 :


ζr (d + 1) = max 0, βr (d) + ∑ κρ,r (τrroute (d) − τρroute (d)) .
(4.27)
ρ∈Rsoe
r ,ρ6=r

Here ζr (d) is the non-normalized turning factor of route r, and κρ,r includes the fraction of
drivers on route ρ that change their route toward route r from one day to the next based on
the travel time difference. Since the sum of the turning rates should be 1, they should be
normalized to obtain the final turning rates:
βr (d + 1) =

ζr (d + 1)
oe

∑

.

(4.28)

ζρ (d + 1)

ρ∈Rr

Remark 4.4 The formulation of the turning rates can be made even more exact by taking
into account the number of vehicles that is currently using each link. This can be included
10 Note

that excluding the current route ρ 6= l is not really necessary because the difference in travel times
between the current route and the current route will always be 0.
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as follows:

ζr (d + 1) = max 0, βr (d) +

∑

ρ∈R,ρ6=r


κ̃ρ,r βρ (d)∆ρ,r (d) − κ̃r,ρ βr (d)∆r,ρ (d) ,

(4.29)

where the two terms respectively express the number of vehicles that will divert from other
routes ρ toward route r and the number of vehicles that will leave route r toward other routes
ρ.
The differences in travel times ∆ρ,r (d) and ∆r,ρ (d) are given by
(
0
if τρroute (d) ≤ τrroute (d)
,
∆ρ,r (d) =
τρroute (d) − τrroute (d) if τρroute (d) > τrroute (d)
(
τ route (d) − τρroute (d) if τρroute (d) < τrroute (d)
.
∆r,ρ (d) = r
0
if τρroute (d) ≥ τrroute (d)
The ∆ρ,r (d) and ∆r,ρ (d) are formulated in this way to express that drivers only change their
route when the travel time on the other route shorter than on their current route.
In the approach that we use for case C we approximate (4.29) by including κ̃ρ,r , κ̃r,ρ ,
βr , and βρ in the parameter κρ,r of (4.27). This introduces the property that the computed
turning rates can exceed 1, and thus the resulting turning rates should be normalized, as in
(4.28). For case A and B a linear model is required. Since the normalization (4.28) is a
non-linear operation, we cannot use (4.27) and (4.28) for case A and B, but we have used
(4.10) instead since that equation ultimately results in a mixed integer linear model.
2

4.5.2

Controller development

When we use the model of Case C as prediction model, and when we assume real-valued
control inputs, the optimization problem is a nonlinear non-convex real-valued problem.
All cost functions described in Section 4.2.2 can be used, even when 2-norms are applied.
To solve the resulting nonlinear type of problems multi-start local search methods (like
SQP) and (semi-)global optimization methods (like genetic algorithms, pattern search, or
simulated annealing) can be used, see [126]. The advantage of these methods is that they
are suitable for complex optimization problems. However, these approaches in principle
only yield a suboptimal solution since — in particular for larger networks or longer control
horizons — it is in practice often not tractable to find the global optimum of the optimization
problems that arise in MPC for route choice control. Moreover, the approaches lead to large
computation times. Nevertheless, often these methods provide reasonably good solutions in
a not too excessive computation time.

4.6 Worked example
We will illustrate the effects of the developed control approach with an example. The set-up
is based on the Braess paradox [21, 114]. The Braess paradox states that adding a new link
to a network could increase the total travel time in the network. We will first look at the
network with two links, and apply control using MILP, as formulated for Case A. Next,
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Destination

2

4

Route 1

3
1

Origin

Route 2

Figure 4.15: Network with two routes.

we will investigate the effect of adding a new link, using the model of Case C, which will
indeed increase the total travel time when no control is applied. The controller that we have
developed in Section 4.5.2 will be used to limit the outflow of the links in the network. We
will show that the controller is able to find the well-known static optimum of removing the
link. In general, the controller might be able to improve the situation even more by applying
dynamic control. However, within this specific case study the dynamic and static optimum
coincide.

4.6.1

Network with two routes

We will investigate a network with two routes, and apply a controller developed for case A.
First the network is described, and then the settings for the control approach are given. At
last, the simulation results are presented.
Set-up
We first consider a small network with two links, as in Figure 4.15. The parameters of the
min
two links are: Q1 = Q2 = 1200 veh/h, vmax
= vmax
= 120 km/h, vmin
1 = v2 = 10 km/h,
1
2
and ℓ1 = ℓ2 = 70 km. For the route choice model we use κ = 0.25. We simulate a period
of T = 60 minutes with a demand of D = 3000 veh/h, for 30 days. We will control this
network with speed limit control.
In the uncontrolled case this should lead to an assignment where there is an inflow of
1500 veh/h on each link, due to the fact that the free flow travel times of both routes are
then equal and a demand of 3000 veh/h enters the network. Now we apply outflow control,
where we try to obtain a desired flow of 800 veh/h on route 1 which can, e.g., be useful
when the route crosses a residential area.
Control approach
We formulate the control objective using the cost function given in (4.3), only using the
1-norm. A penalty on variations is added as formulated in (4.4). The prediction and control
horizon of the MPC-based controllers are set to 8 days. For the sake of simplicity and to
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Table 4.1: Computation time, cost, relative improvement (w.r.t. the uncontrolled case), and
average turning rates for the entire closed-loop simulations with different optimization scenarios.
control method
computation cost (h)
%
average
time11 (s)
improvement turning rate
no control
0
24444
0
0.54
fmincon, 1 init. point
10
13493
45
0.24
fmincon, 10 init. points
107
18211
25
0.18
fmincon, 20 init. points
380
15925
35
0.24
fmincon, MILP init. point
10
6975
72
0.34
MILP
0.4
14542
41
0.23

eliminate possible influences of model mismatches, we use the same model for the simulation and for the prediction by the MPC controller. For the speed limits we use a minimum
value of vlow = 60 km/h, and a maximum of vhigh = vmax
= 120 km/h.
1
Simulation results
We simulate the traffic in the network in closed loop with different optimization strategies
for the controller. Table 4.1 gives an overview of the results. The first simulation is performed without control, i.e. when the outflow is not limited and equal to its maximal value.
Note that reducing the flow on route 1 is not in the drivers’ interest, which explains the high
cost in the no control case, and thus the relatively high improvements that can be obtained
when control is applied.
Next, we compare three approaches, all of which use the sequential quadratic programming (SQP) routine fmincon of the Matlab Optimization Toolbox [155], but with a different
number of random initial points. When the number of randomly selected initial points increases, the performance increases, but the computation time also becomes larger. The
computation time can be reduced by computing an initial point with MILP, which can then
be used as initial point for one run of the fmincon algorithm. This reduces the computation time, and even improves the performance. To show that the additional fmincon run is
really necessary, we also have performed a simulation with the MILP solution only. This
simulation runs very fast, and gives already a good performance, but it can be improved significantly. The performance loss can be explained by the approximations that are required
to obtain linear equations. The average turning rates obtained with the different controllers
are given in the last column of Table 4.1. When MILP optimization is used as initial point
for the fmincon optimization, the largest improvement is obtained.
Figure 4.16(a) shows the turning rates toward route 1 for the no control case, the MILP
case, and the case with fmincon and an MILP initial point. When no control is applied,
the turning rate converges to 0.5, meaning that the traffic divides equally over both routes.
The MILP controller over-corrects this by steering a large part of the traffic to the second
route. This problem is solved when fmincon is applied: the flow on the first route is lowered
compared to the no control case, but higher than in the MILP case. Figure 4.16(b) shows the
11 On

a 1 GHz AMD Athlon 64x2 Dual Core processor.
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(a) Turning rates.
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(b) Speed limits.

Figure 4.16: Results for the two route network.
corresponding speed limits that are used to obtain the flows (note that in the uncontrolled
case the speed limits are constant and equal to 120 km/h).
The simple example of this section illustrates that with a good initial point, which can
be obtained via MILP, the optimization algorithm should only run once to obtain a good
optimal value. This significantly reduces the computation time.

4.6.2

Network with the Braess paradox

Now we extend the network to a benchmark network in which the Braess paradox occurs.
We consider the model and controller of case C.
Set-up
The network in which the Braess paradox occurs is shown in Figure 4.17, and is an extention
of the network of Figure 4.15. The network consists of five links, and three routes. Route
1 consists of links 1 and 2, route 2 consists of links 3 and 4, and route 3 consists of links
1, 5, and 4. We select the link properties as follows. The inflow capacities are 1200 veh/h
for all links. The maximum speeds on the network are vmax
= vmax
= vmax
= 120 km/h,
1
4
5
max
max
v2 = v3 = 60 km/h, and the lengths of the links are ℓ1 = ℓ4 = 30 km, ℓ2 = ℓ3 = 40 km,
and ℓ5 = 10 km. For the route choice model we use κ = 0.25. We simulate a period of
T = 100 minutes with a demand of D = 3000 veh/h, for 10 days.
The network of Figure 4.17 illustrates the Braess paradox because two different equilibrium traffic assignments can be considered when investigating this network.
The first equilibrium appears in the network when all three routes are used. Drivers are
attracted to route 3, which is the shortest route with respect to the number of kilometers. The
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Route 1
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Route 2

Figure 4.17: Network with overlapping routes.

capacity of this route however is lower than the demand and thus long queues are formed,
resulting in a long travel time on this route. Due to this some drivers divert to the other two
routes, and eventually an equilibrium assignment with relatively long travel times of 1.43 h
appears.
The second equilibrium uses only route 1 and 2. Assuming that route 3 is closed, the
vehicles are divided over the two available routes. This results in an equilibrium assignment
with travel times of 1.21 h, which is shorter than for the first equilibrium.
Control approach
We want to control the route choice in such a way that the travel time of 1.21 h appears. To
reach this we apply outflow control on the network where all three routes are available. We
expect that the control algorithm will lower the outflow limit for link 5, which corresponds
to closing this link. In this case the situation with only two available routes appears, which
will lead to the desired travel time.
We use the developed control approach with the following parameters. Links 1, 4, and
=
= Qmax
5 are controlled using outflow control. The maximum outflow limits are Qmax
4
1
max
max
max
600 veh/h, Q2 = Q3 = Q5 = 1200 veh/h, and the minimum outflow limits are 0 veh/h
for the controlled links. The prediction horizon is 10 days, and the control horizon 6 days.
As cost function we select the total travel time in the network, just as for the network simulated earlier (see Section 4.6.1). As optimization algorithm we use SQP as implemented in
fmincon.
We will perform three different simulations, two simulations of uncontrolled situations,
and one of a controlled situation. The first simulation is a simulation of the network without
link 5, and without control. The second simulation is a simulation of the whole network,
still without control. These two simulations show that the Braess paradox is present in the
network. The third simulation involves the whole network including the controller. For this
specific case, where we consider a constant demand, a high learning rate, and the selected
network layout, the dynamic and static equilibrium assignment coincide, and thus closing
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Figure 4.18: Results of simulation 1: network without link 5, no control.
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Figure 4.19: Results of simulation 2: whole network, no control.
link 5 is the optimal solution. We will illustrate that the developed controller is able to
obtain this optimal solution.
Simulation results
The two simulations without control show the effect that forms the Braess paradox, see
Figures 4.18 and 4.19. Figures 4.18(a) and 4.19(a) show the turning rates for the different
routes for Simulation 1 and 2. Figures 4.18(b) and 4.19(b) show the corresponding travel
times. The simulation starts with initial turning rates β1 (0) = 1, β2 (0) = β3 (0) = 0. This
means that the flows are not in equilibrium, and thus the turning rates change until an equilibrium assignment is reached. The total travel time J TT for the first simulation is 12960 h,
and for the second simulation 15130 h. The total travel time for the second simulation is
indeed longer than the total travel time for the first simulation, illustrating that the use of the
third route indeed increases the total travel time.
Figures 4.20(a) and 4.20(b) show the turning rates and travel times for Simulation 3, in
which the controller is applied.The controller lowers the outflow of link 5 so that the flow
toward the third route becomes 0 veh/h. As a result, the equilibrium assignment that uses
only 2 routes is obtained, with the total travel time of 12960 h.
The advantage of the setup of this case study is that the optimal static solution of the
control problem is known12 . This solution is the removal of link 5, as shown with the first
12 Note

that in a general network the solution is not known, and thus no conclusion can be drawn about the
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Figure 4.20: Results of simulation 3: whole network, control.
two simulations. The third simulation shows that the controller is indeed able to find the
optimal solution, illustrating the performance of the controller.

4.7 Conclusions
We have developed a control approach based on model predictive control to influence the
route choice of drivers, using control measures like outflow limits or variable speed limits.
We have developed a route choice model for three cases. Case A included constant demand,
separate routes, and one origin and destination. Case B extended the model to include
piecewise constant demands, and Case C added overlapping routes, restricted link inflow
capacities, and multiple origins and destinations.
We have used the developed models in a control approach based on model predictive
control (MPC). For Case A and B we have respectively formulated and approximated the
optimization problem of the MPC strategy as an mixed integer linear programming (MILP),
which significantly reduces the computation time. For Case C multi-start local optimization
or global optimization methods should be used. We have illustrated the control approach
with two examples based on the Braess paradox. We showed that the obtained MILP solutions can be computed efficiently and can be used as good initial point for complex nonlinear non-convex optimization algorithms. For the Braess paradox, the optimal static solution is known and we have shown that our control approach indeed obtains this optimal
solution.
Future research will include: calibration and validation of the model, development of
robust controllers, developing faster optimization algorithms, and investigation of practical implementation issues, e.g., state estimators, required measurements, communication
issues, and demand estimation.

absolute performance of the controller.
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List of symbols

General
L
Lr
Ul
Dl
ℓl
d
ll,r
vdl
vul
R
Rl
i
Iv (d)
vl (d)
vmin
l
vmax
l
Ql (d)
Qmin
l
Qmax
l
βr (d)
ζr (d)
κr,l
τlfree (d)
τl (d)
τrroute (d)
T
N
Np
Nc
c
J var
J

set of all links in the network
set of all links in route r
set of all links immediately upstream of link l
set of all links immediately downstream of link l
length of link l
downstream link of link l on route r
downstream vertex of link l
upstream vertex of link l
set of all routes in the network
set of all routes that use link l
time period counter
set of all time periods (only known after simulation) for vertex v on day d
speed limit for link l on day d (km/h)
minimum speed limit for link l (km/h)
maximum speed limit for link l (km/h)
outflow limit for link l on day d (veh/h)
minimum outflow limit for link l (veh/h)
maximum outflow limit for link l (veh/h)
turning rate for route r on day d
non-normalized turning rate for route r on day d
parameter describing the part of drivers on route r that change their route toward route l
free flow travel time at link l on day d (h)
travel time at link l during day d (h)
travel time for route r on day d (h)
length of the simulated period on a day (h)
total number of time steps in the simulation
prediction horizon (days)
control horizon (days)
general control signal
penalty in variations on the cost signal
total costs

Case A and B
ti (d)
[ti (d),ti+1 (d))
Tl (d, i)
Tltot (d)
D(d, i)

ith time event on day d (s)
ith time period on day d
time after ti (d) that the queue on link l becomes 0 on day d in period
[ti (d),ti+1 (d)) (s)
total time that the queue on link l is not empty at day d (h)
demand at the origin on day d during time period i (veh/h)

4.B Reformulation of N2veh (d) for Case B
Nlveh (d, i)
Al (d, i)
queue

τl

(d)
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number of vehicles in the queue on link l on day d during time period i
(veh)
area below the queue length graph of link l on day d during period i
(veh·h)
travel time in the queue at link l during day d (h)

Case C
tv,i (d)
[tv,i (d),tv,i+1 (d))
Ro,e
Rsoe
r
Do,e (d, i)
cap

Ql
Qin
l,r (d, i)
in,queue
Ql,r
(d, i)
desired,out
Ql,r
(d, i)
Qeff
(d,
i)
l,r
veh (d, i)
Nl,r

Al,r (d, i)
γl,r (d, i)
αl (d, i)
queue

τl,r

(d)

ith event time for vertex v (s) on day d
ith time period for vertex v on day d
set of routes connecting origin o with destination e
set of routes that connect the same origin destination pair as route r
demand at origin o with destination e on day d during time period i
(veh/h)
inflow capacity of link l (veh/h)
inflow of link l for route r at day d during time period i (veh/h)
inflow of the queue on link l for route r at day d during time period i
(veh/h)
desired outflow of link l for route r on day d during time period i (veh/h)
effective outflow of link l for route r on day d during time period i
(veh/h)
number of vehicles in the queue on link l for route r on day d during
time period i (veh)
area below the queue length graph of link l for route r on day d during
period i (veh·h)
factor that divides the available outflow limit over the queues in link l
used by route r on day d during period i
factor that divides the available inflow capacity over the flows that enter
link l on day d during period i
travel time in the queue at link l on route r during day d (h)

4.B Reformulation of N2veh (d) for Case B
In Section 4.4.2 we have shown that the equations for N1veh and for τ1 can be recast as a
system of mixed integer linear equations and inequalities. In this appendix we explicitly
derive the system of mixed integer linear equations and inequalities corresponding to N2veh
and τ2 .
We first rewrite the equations for the evolution of N2veh :
N2veh (d, 0) = 0
N2veh (d, i + 1) = max

(4.30)


0, N2veh (d, i) + ((1 − β1 (d))D(d, i) − Q2 (d))(ti+1 (d) − ti (d))

If we define
m2 (d, i) =

N2veh (d, i)
,
Q2 (d)

. (4.31)
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then it follows from (4.31) that




(1 − β1 (d))D(d, i)
m2 (d, i + 1) = max 0, m2 (d, i) +
− 1 (ti+1 (d) − ti (d))
Q2 (d)

(4.32)

with m2 (d, 0) = 0 (cf. (4.30)).
Let us now transform (4.32) into mixed-integer linear equations. If we substitute (4.22)
into (4.32) we get an expression of the form

m2 (d, i + 1) = max 0, m2 (d, i) + a1,2,i β1 (d) + a4,2,i δ1,2 (d) + a2,2,i δ1,2 (d)β1 (d) + a3,2,i
(4.33)
a4,2,i = D(d, i)∆2 (ti+1 (d)−ti (d)), a2,2,i = −a4,2,i =


−D(d, i)∆2 (ti+1 (d) −ti (d)), and a3,2,i = D(d,i)
−
1
(ti+1 (d) −ti (d)). By introducing an extra
Q2,a
variable y1,2 (d) = δ1,2 (d)β1 (d) and using Property P2, (4.33) can be transformed into a
system of linear inequalities together with the nonlinear equation

m2 (d, i + 1) = max 0, m2 (d, i) + a1,2,i β1 (d) + a4,2,i δ1,2 (d) + a2,2,i y1,2 (d) + a3,2,i .
with a1,2,i = − D(d,i)
Q2,a (ti+1 (d)−ti (d)),

Now we define binary variables δ2,2,i (d) such that δ2,2,i (d) = 1 if and only if m2 (d, i) +
a1,2,i β1 (d) + a4,2,i δ1,2 (d) + a2,2,i y1,2 (d) + a3,2,i > 0. Using Property P1 this equivalence can
be recast as a system of linear inequalities. Then we get
m2 (d, i + 1) = δ2,2,i (d)(m2 (d, i) + a1,2,i β1 (d) + a4,2,i δ1,2 (d) + a2,2,i y1,2 (d) + a3,2,i ) .

By introducing additional real-valued variables y2,2,i (d) = δ2,2,i (d)m2 (d, i),
y3,2,i (d) = δ2,2,i (d)β1 (d), and y4,2,i (d) = δ2,2,i (d)y1,2 (d), and additional binary variables
δ3,2,i (d) = δ2,2,i (d)δ1,2 (d) and using Properties P2 and P3 we obtain again a system of linear inequalities together with the linear equation
m2 (d, i + 1) = y2,2,i (d) + a1,2,i y3,2,i (d) + a4,2,i δ3,2,i (d) + a2,2,i y4,2,i (d) + a3,2,i δ2,2,i (d) .
Just as we did for A1,i (d) we now also always approximate A2,i (d). This results in
queue

τ2

(d) =

1
2T

n−1

∑

i=0


m2 (d, i) + m2 (d, i + 1) (ti+1 (d) − ti (d))

which is a linear expression in the m2 (d, i)’s. Hence, it follows from (4.5) that τ2route (d) is
also linear in m2 .

Chapter 5

Practical issues for model-based
traffic control
Advanced traffic control systems can significantly improve the traffic flows on traffic networks. However, the implementation of such control systems is usually not straightforward.
In this chapter we give an overview of practical issues related to the use of traffic controllers,
and we pay attention to the steps that should be taken before they can be applied in practice. We look at issues related to the controller design, such as the network that should be
controlled, the choice of the objectives and constraints for the controller, the selection of
the model, and the selection of a control method. We also discuss implementation issues, in
particular calibration and validation, state estimation, demand estimation, controller tuning,
and performance evaluation.
In addition, we discuss the influence of the measurements on the performance of the
controller, and we focus on different averaging methods for speed measurements.
In a case study we illustrate the steps of the controller development, and we investigate
the influence of using the different speed averages on the performance of a dynamic speed
limit controller. The results show that for the given case study the use of different averages
results in a difference of a few percents in the controller performance.

5.1 Introduction
Current road networks often suffer from a lack of capacity, and/or an inefficient use of
the available capacity. Advanced traffic control measures have been developed to reduce
the corresponding problems, such as congestion and noise nuisance. The control measures
influence the traffic in such a way that the existing road capacity is used more efficiently,
and in this way the throughput of the network improves. However, the performance of these
controllers largely depends on the choices made during the design process, which preceed
the implementation process.
A specific type of advanced traffic controllers are model-based controllers, as used in
many well-known traffic control systems, such as, e.g., UTOPIA [129], IN-TUC [49], and
MITROP [59]. These controllers use a model of the traffic system to determine the settings
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for the traffic control measures. In this chapter we investigate this kind of controllers since
they require the consideration of many practical issues, partly due to the inherent differences
between the model and the real world. In this way we obtain a complete overview of all
practical issues related to the implementation of general traffic controllers. We focus on a
special form of model-based control: model predictive control (MPC). Traffic controllers
that are based on MPC use a model to predict the future evolution of the traffic flows.
Based on this prediction, the controller determines settings for the traffic control measures.
Advantages of this control approach are that different control measures can be integrated
into one control system and that the prediction allows for the investigation of the longerterm effects of the control actions and thus allows for the selection of control settings that
are optimal for a longer period.
We divide the practical issues related to the deployment of traffic controllers into two
main classes: design issues and implementation issues. The design issues that we consider
are often related to the policy of the road authority: which traffic flows should be controlled,
which network is considered, which measurements can be obtained, what is the objective
of the controller, what are the constraints? The policy decisions influence more technical
issues like the model selection, and the selection of the control method that is used.
When the design of the model-based controller is determined some implementation issues should be considered before the controller can be applied to a real traffic situation. The
selected model should be calibrated and validated, a state estimation method should be selected, the expected demand must be estimated, and the controller must be tuned. After the
implementation in the real network, the performance of the controller must be evaluated.
Many of the issues mentioned above strongly depend on measurements that are available. During the design a measurement structure should be designed, which includes selecting, e.g., detectors, communication networks, data polishing methods, and data handling
methods. In this chapter we describe different detectors, and then focus on speed measurements obtained with loop detectors. The measured speeds should be averaged, for which
six different avaraging methods are available. We investigate the influence of these different
averaging methods on the performance of a model-based controller.
As a case study we develop a dynamic speed limit controller for the A12 freeway in
the Netherlands. During the design of this controller we consider the design issues and implementation issues as far as they are usefull for a simulation study. The objective of the
controller that is developed is to minimize the total time spent in the network by reducing
shock waves. We use the developed controller to illustrate the influence of speed measurement averaging methods. We simulate the network with the controller using the six different
averaging methods that are available, and we compare the resulting controller performances.
The remainder of this chapter is organized as follows. Section 5.2 explains model-based
control and describes the general process of controller development. Section 5.3 considers
issues that are related to the controller design, and Section 5.4 considers implementation
related issues. The different methods for speed measurement averages are discussed in
Section 5.5, and Section 5.6 presents the case study. Finally, conclusions are drawn in
Section 5.7.
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Figure 5.1: A general scheme for feedback control methods.

5.2 Model-based traffic control
This section gives a general description of model-based traffic control, and then explains
model predictive control (MPC), which is a specific type of model-based control that is
often used for traffic control. Next, an overview of the procedure of developing a controller
is given.

5.2.1

General scheme for model-based traffic control

We first introduce the general setup of advanced traffic control methods. A feedback scheme
of an advanced control method is shown in Figure 5.1. The process consists of the traffic
network and the traffic flows that should be controlled. The traffic flows propagate through
the network depending on the traffic scenario and the control actions, which leads to a specific performance of the network. To obtain information that could be used to determine
the performance, the current state of the network should be measured or estimated based on
measurements. These measurements can be performed using, e.g., radar detectors, loop detectors, and cameras. The measured quantities can be, e.g., flows, occupancies, and speeds.
These measured values are fed into the controller, which determines the control signal based
on these measurements and on desired performance of the network, which is described by
the objectives of the controller. The control actions consist of the settings for the traffic
measures, such as ramp metering rates, speed limit values, or timings for traffic signals.
These measures then influence the process, and thus influence the performance. In this way,
the controller is used to increase the network performance.
How the controller determines the control signal depends on the type of controller.
Model-based controllers use an internal model of the traffic to determine the control signal. For urban areas the settings of the traffic signals can be determined using queue length
models, which is investigated in Chapter 2 and in, e.g., [49, 129, 140, 185]. For freeways
there are model-based controllers using dynamic speed limits, ramp metering installations,
and peak lanes, described in, e.g., [64, 89]. Dynamic route guidance can be used for modelbased route choice control, as in, e.g., [11, 46, 78, 81].

126

5.2.2

5 Practical issues for model-based traffic control

Model predictive control

In this chapter we consider a specific model-based control method called model predictive
control (MPC). MPC-based controllers use a model to predict the evolution of the traffic
flows, and use this prediction to determine the optimal control signals. MPC [100] has
been developed for the process industry, and the first applications for traffic control are
described in [58]. Traffic controllers that explicitly use MPC are proposed in [10, 64], and
other controllers that use similar schemes are, e.g., [49, 129, 140, 179]. These controllers
also use models and predictions to obtain the control settings, but they are not explicitly
formulated corresponding to the MPC structure. When MPC is applied, the controller in
Figure 5.1 contains a state estimation algorithm, a prediction model, and an optimization
algorithm. The measurements from the real network are used to obtain the estimated state of
the network. Next, the controller predicts the evolution of the traffic flows over a prediction
period that has a length of Np controller steps. Based on this prediction, the optimization
algorithm is used to obtain the optimal (according to pre-defined objectives and constraints)
settings for the control signals up to a control period of Nc controller steps, with Nc ≤
Np . During the control period Nc the control signals vary, while during the remainder of
the prediction period Np , the control signals are kept constant. The optimal values for the
control signals during the current control time step are applied to the real network. At the
next control time step the procedure is started again, with the horizon shifted one time step
into the future. This is called the rolling horizon approach. For further information on MPC,
we refer the interested reader to [25, 57, 100].

5.2.3

Controller development

The process of developing an advanced controller is a combination of design issues and
implementation issues. Figure 5.2 presents an overview of the required steps. The process
starts with the design issues, consisting of policy issues and technical issues. The policy
issues consider the objectives and constraints of the controllers, the selection of the network,
and the design of the measurement structure. Then technical steps consider the selection of
the control method, and of the model. Guidelines for how the steps of the design process
can be applied to real situations are presented in [110].
When the design issues have been considered, the general design of the controller is
available. Now some steps have to be made that are more closely related to the implementation. The model should be calibrated and validated, meaning that values for the parameters
in the model should be selected. Further, a procedure should be developed to estimate the
state of the traffic flows in network, and to estimate the demand. With these issues settled,
the controller can be applied in a simulation environment, to investigate the effects of policy/economical choices, to investigate the effects of choices regarding, e.g., the number of
measurements, control measures, and objectives. The simulation environment can also be
used to tune the controller. If problems are encountered, parts of the design process should
be redone. In general, multiple iterations will be necessary before all problems are solved.
When the simulation gives good results, the controller is ready to be implemented in the
real network. When the controller is implemented, its performance can be evaluated by
comparing measurements of the controlled situation with measurements of the uncontrolled
situation, and with the results of the simulation experiments..
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Figure 5.2: Overview of the controller development process.

5.3 Design issues
In this section we will further discuss the design issues that have been shortly introduced in
Section 5.2.3 (see also Figure 5.2).

5.3.1

Formulation of the objectives and constraints

The objectives of a controller describe the goals that the controller should reach and have
to be determined by the road authorities. Selecting an objective is often a trade-off between
the desires of different parties (e.g., drivers, road managers, pedestrians, environmentalists).
Accordingly, controller objectives can focus on different topics:
Efficiency: The available road capacity should be used as efficiently as possible. Possible
objectives in this context are: reducing the total time spent, reducing the total travel
time, increasing the throughput, and reducing delays.
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Safety: Traffic controllers can improve safety by, e.g., reducing speeds, creating homogeneous flows, increasing intersection clearance times, and lowering flows in residential
areas.
Environment: Traffic generates noise, and air pollution, and it consumes fuel. The environment benefits from, e.g., reducing the number of stops, smoothing the flows,
decreasing the waiting time in the queues, and reducing the fuel consumption.
Location: When the traffic demand is so large that congestion cannot be prevented, the
controller can try to put the congestion at a specific location where it causes the least
problems, which can improve the situation in, e.g., residential areas and nature reserves.
In general, the overall objective of the controller will be formulated as a multi-objective
criterion, composed of several of the objectives mentioned above. It is also possible to add
penalties related to the expected behavior of the controller, which can target, e.g., variations
in the control signal, and the traffic situation at the end of the prediction period. The use of
multiple objectives in a controller results in a multi-objective optimization problem. Some
methods to handle this kind of problems are: the weighted-sum method, the ǫ-constraint
method, and the goal attainment method [108]. The weighted-sum method constructs a
weighted sum of all the objectives, which is minimized with a standard constrained optimization method. The ǫ-constraint method selects a primary objective that is optimized,
while the other objectives are included in the optimization problem via constraints on their
values. The goal attainment method selects a target value for each objective, and minimizes
the weighted deviation from the selected targets.
Another way to implement the requirements resulting from traffic policies, such as service levels, protection/safety of traffic participants, safety around schools, etc., is to formulate them as constraints for the optimization problem. This results in, e.g., maximum
or minimum values for travel times, flows, speeds, intersection clearance times, or queue
lengths. It is also possible to formulate physical constraints for the controller, that consider
the limitations of the control measures and can result in, e.g., minimum or maximum values
of the control signal.

5.3.2

Selection of the network

The decision to develop an advanced traffic controller is often induced by a traffic network
in which a problem appears. However, the extent of the network that should be controlled
is not always evident. Some problems can be solved within a small network, while others
require a larger area to be solved efficiently. The extent of the required network can depend
on, e.g., the ratio between local traffic and long distance traffic, the available measurements
and their locations, the available traffic control measures, and the area on which the effects
of the control measures appear. For some guidelines to select the network size available
literature in the area of hierarchical control can be used, see, e.g., [77], where large systems
are divided into subsystems based on the influence that parts of the system have on each
other.
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Design of the measurement structure

After the network has been selected, the measurement structure should be designed. This
includes selecting the measurement technology, the locations of the measurements, the communication structure, the storage database, and the method for data polishing.
Often used measurement technologies for traffic networks include, e.g., pneumatic sensors, radar detectors, infra-red sensors, video cameras, or inductive loops [84]. The most
commonly used sensors are inductive loop detectors. These detectors consist of inductive
loops in the pavement, and measure the presence of a vehicle. They typically count the
number of passing vehicles and average this over a time span (between 1 and 15 minutes).
When double loops are used the speed of each vehicle can be determined. Pneumatic sensors located on the road can detect the presence of a vehicle. They are cheap but they are
wearing fast, and thus they are mainly used for temporary measurements. Radar detection
determines the presence and speed of vehicles via radar waves. These detectors are mainly
used to determine the speed of vehicles. Infrared detectors determine the presence of a vehicle using infrared light. There are passive sensors which determine the radiations of the
vehicles, and active sensors that send out a pulse and determine whether there is a vehicle
based on the reflection of this pulse. Video images can be used to measure the traffic flows
as well. The advantages of video imaging are that many different measurements can be
obtained, e.g., space mean speeds, occupancy1 , vehicle positions, and vehicle types. The
disadvantages are the sensitivity to rain, mist, or snow, and the relatively high costs due to
the image processing that necessary to obtain the desired information (speeds, densities)
from the video images.
Further, the locations of the detectors should be determined. On freeways, detectors
are often located every 500 meters, and near bottlenecks such as on-ramps, off-ramps, lanedrops, and weaving areas. In urban areas, queue length detectors can be located at controlled
intersections, and at the beginning and end of each link the number of entering and leaving
vehicles respectively can be measured.
Then, the communication structure should be selected. The detectors and controllers
can exchange data with their neighbors, or can cummunicate with a central controller. The
obtained data should be stored in a database. The structure of the database and the desired
contents should be determined.
At last, before measured data can be used, it should be polished [99]. Methods should
be developed to remove outliers and sensor failures, and to address the uncertainty of the
obtained measurements.
Since measurements form a basis for the controller design, and thus significantly influence the controller performance, we will investigate the effect of measurement methods
more extensively in Section 5.5.

5.3.4

Selection of the control method

To determine the settings for the control measures, a control method should be selected. In
the area of traffic control there exist methods that use no models, of which ALINEA [123] is
the most well known. Further, there are methods based on fuzzy learning or neural networks,
1 The occupancy is the percentage of time that the detector is occupied, which is representive for the density at
the location of the detector.
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see e.g., [35, 119, 188]. In this chapter however, we focus on model-based approaches.
Examples of methods that use such an approach are presented in, e.g., [24, 49, 64, 76, 89,
129].
When the model-based approaches are used for optimal control (and also for MPC),
an optimization algorithm should be selected to determine the optimal values for the control measures. Which algorithm should be selected depends on the type of optimization
problem, which in its turn depends on the selected model, the objective function, and the
constraints. For linear or convex problems many algorithms are available that will yield
the global optimum [12, 126, 133]. However, a traffic control problem is nearly always
non-convex and nonlinear, and can thus have many local optima. Hence, a global optimization method is required such as genetic algorithms, simulated annealing, pattern search, or
multi-start local optimization [19, 44, 53, 61, 126]. These algorithms cannot guarantee that
the global optimum is obtained, but they usually can obtain acceptable values. The use of
these algorithms however increases the computation time, which is undesired for on-line
computations. The selection of an optimization algorithm is thus based on the trade-off
between the accuracy of the solution and the required computational effort.

5.3.5

Selection of the model

Many models are available for the use in model-based traffic controllers. An overview of
traffic flow modeling in general is given in, e.g., [41, 72, 124]. Traffic models can be divided
in categories based on the properties of the models. First of all the modeled application can
be used as criterion, e.g., traffic flow models [40, 68, 106, 115], travel time models [26, 175],
and traffic assignment models [15, 56, 130]. Second, the models can be stochastic [27, 101],
or deterministic [15, 106]. Third, the models can be grouped based on the level of detail.
Three categories that can be distinguished are:
Microscopic models that describe the behavior of individual vehicles in relation to the
other vehicles and the infrastructure. Examples of commercially available models are
Paramics [137], Vissim [136], and Aimsun [7], while an overview of more theoretical
models is given in [72, 124].
Mesoscopic models that describe the traffic in probabilistic terms, using probability distribution functions, see for example the gas-kinetic model of [71]. Some mesoscopic
models use a mix between detailed descriptions of important properties and a more
general overall formulation, see, e.g., [31, 78].
Macroscopic models that describe the traffic flows using aggregated values, e.g., average
speeds, and average densities. Early macroscopic models are formulated in [96, 139].
More recent models are METANET [106], INDY [15], and the Cell Transmission
Model [40]. An overview of macroscopic models is presented in [125].
When a model should be selected for a model-based controller, attention should be paid
to the features that are modeled. All features that are important for the controller should be
modeled, including, e.g., traffic flows, influence of control actions, and properties affecting
the objective of the controller. Further, the required computational effort should be taken
into account. For a controller, a specific time is available for simulation of the model. The
model should be able to run within this time. The accuracy and the computation time cannot
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be optimized at the same time, which makes a trade-off between the two criteria necessary.
For on-line traffic controllers often macroscopic models are selected because they yield a
reasonable accuracy within an acceptable computation time.

5.4 Implementation issues
When the design of the controller has been completed, more practical issues should be
investigated. All these issues require measurement data. The design of the measurement
structure has already been discussed in Section 5.3.3, and in Section 5.5 we will focus
on the influence of speed measurement methods. In this section we present implementation
issues that involve the use of measured data sets: calibration and validation, state estimation,
demand estimation, and performance evaluation.
For the calibration and validation procedure the whole set of measurements is divided
into two parts. One part is used for the calibration, and the other part for the validation.
These data sets should be gathered under free-flow conditions as well as under congested
conditions, in order to increase the persistency of exitation of the dataset, see [99].
State estimation requires real-time measurements of the system, while demand estimation can be done based on real-time measurements, or based on a dataset with historical
measurements. For performance evaluation a set of data of the original situation is necessary, just as a data set obtained after the tuning and implementation of the controller.

5.4.1

Calibration and validation

Calibration is the process of selecting values for the parameters θ of a model, such as,
e.g., the critical density, the desired speed, or the reaction time. The optimal parameter set
minimizes the difference between the measured output (ymeasured ) and the output predicted
by the model (ypredicted ):
min ||ymeasured − ypredicted (θ)||22
θ

Considering traffic flow models, macroscopic models are relatively easy to calibrate due
to the limited number of variables. However, for large networks the required computation
time can also increase up to the point where the problem becomes intractable. Calibration
of macroscopic traffic models is described in, e.g., [39]. The authors of [39] consider an
input that consists of the traffic demand, and the outputs are the measurements performed
in the traffic network. For the nonlinear parameter identification problem the least-squares
output error method is used, combined with the complex optimization algorithm of Box [20]
for constrained problems. An automated calibration procedure for macroscopic traffic flow
models is described in [116]. This procedure uses the Nelder-Mead Simplex algorithm to
determine parameter values that optimize the total error between model output and measured
data.
The calibration of microscopic models is more elaborate due to the large number of parameters that (in principle) can differ for each vehicle type. The calibration of microscopic
models is considered in, e.g., [23, 38], where different available calibration methods are
compared.
In modern traffic surveillance systems calibration can be performed on-line (and is also
called parameter estimation), see, e.g., [3, 128, 178]. The advantage of this is that the
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Figure 5.3: The state estimation procedure.

difference between the predictions and the real traffic situation will be as small as possible.
For the on-line calibration the measurements of the real network during the last period (for
example the last 15 minutes) are compared with the values that are predicted by the model.
The difference between the two is minimized by optimizing the model parameters. These
parameters are then used in the model, until a calibration for the next period is completed.
An even more general tool that includes on-line calibration, traffic prediction, travel time
estimation, queue length estimation, and incident detection is described in [180].
When a model is calibrated, the next step is to validate the model to determine the quality
of the obtained parameters. During the validation, the parameters that are obtained during
the calibration are implemented in the model. Then the model is used to predict the traffic
variables corresponding to a different data set than the one used for the calibration. The
difference between the simulation data and the real data set for the considered situation gives
an indication of the correctness of the obtained parameter values, and of the generalizability
of the simulation results obtained with the selected parameter values.

5.4.2

State estimation

In order to be able to make predictions with a model, the current state of the network should
be known. This state is determined based on the available measurements, and is then used as
initial state for the model predictions. In Figure 5.3 the general state estimation procedure
is shown. The measurements of the real network are compared with the measurements that
are obtained with the simulation. Based on this comparison, the state estimator determines
the estimated state. State estimation is in most cases done based on Kalman filtering or one
of its extensions [79]. For linear models, a Kalman filter adapts the estimated state in such a
way that the mean of the error between prediction and measurements is minimized. For nonlinear models, an extended Kalman filter should be used, which linearizes the model around
the current estimate at every step. For traffic flow models this method is described in, e.g.,
[60, 178]. A more recent method that can be used for state estimation is based on particle
filtering, see [67, 109]. Particle filters use probabilistic models, and start with a distribution
of possible states. For all of these possible states the likelihood that it corresponds to the
current state is computed, based on a measurement function and on Bayes’ rule. With each
new set of measurements these likelihoods are updated. The most likely state is selected to
be the estimated state.
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Demand estimation

To make a prediction of future traffic flows, the future demand must be known. This demand can be obtained based on Origin-Destination (OD) matrices, or based on upstream
measurements:
OD-matrices OD-matrices contain the demand (in veh/h) from each origin to each destination. OD-matrices can be determined off-line, and can afterwards be adapted in
an on-line setting. Off-line OD-matrices are obtained from, e.g., surveys, historical
measurements, and estimations based on the surroundings (residential areas, shopping centers, business areas) and the expected amount of drivers that want to visit
these places [30, 92]. On-line updating of the OD-matrix is done based on measurements using a method that is similar to methods for on-line calibration. When
the OD-matrix is determined, a traffic assignment algorithm can be used to divide
the traffic over the network. This results in the expected flows on each link. This
procedure is described in, e.g., [4, 191].
Upstream measurements Traffic flows measured upstream of the controlled road section
will arrive at the controlled section with a delay approximately equal to the expected
travel time from the measurement location to the beginning of the controlled stretch.
With measurements of the upstream flows estimations of the flows at the controlled
road section can be made, as presented in [120]. The accuracy of the estimation
is influenced by the distance between the upstream measurement and the controlled
location, and by the number of intersections, on-ramps, and off-ramps on this stretch.

5.4.4

Controller tuning

The controller also has parameters that have to be tuned. For MPC controllers important
parameters are the horizons, and the possible weights in the cost function. In the process
industry methods for tuning MPC controllers have been developed [1, 94, 172]. There are
methods for off-line as well as on-line tuning. However, most of these methods focus on
linear MPC and thus cannot be used for advanced traffic controllers.
Controller tuning starts with the selection of initial parameters, which are manually
adapted based on simulation results or real measurements. Related to traffic control, the initial values for the parameters can be selected as follows. An initial value for the prediction
horizon is the time that a vehicle needs to drive through the selected network. This ensures
that all the effects of the control actions on this vehicle are taken into account. The length
of the control horizon mainly depends on the computational effort required to optimize the
cost function. A longer control horizon leads to more parameters, which leads to longer
computation times. However, when the control horizon is too short, the possible impact
of the control actions will decrease. Some more detailed tuning rules for the horizons are
presented in [64]. The weight of each part of the cost function should be based on the relative importance of the different parts, which should be determined by the road authorities.
The weights have to be normalized, which can be obtained by dividing each part of the cost
function by its nominal value.
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Performance evaluation

To evaluate the performance of the controller, the controlled situation should be compared
with the uncontrolled situation. This means that first, before the deployment of the controller, the initial situation should be measured. Then, when the controller is installed a
period should be selected during which the traffic can adapt to the controller. During this
period the behavior of the drivers can change, and if necessary the controller should be
changed too. After this period the performance of the controller can be determined. This
can be done by comparing initial measurements (without the controller) with measurements
in the controlled situation. For this comparison a performance evaluation function has to be
defined. The most logical choice for such a function is based on the cost function that is
selected for the controller. This function can be extended with a penalty for constraint violations. For each situation (uncontrolled/controlled) the costs are computed, and the relative
difference in the costs between the two situations represents the performance of the controller. When more controllers are compared in a case study, for all controllers the resulting
traffic situation should be measured. These measurements can then be used to compare the
performance of the different controllers.

5.4.6

Other issues

We will now mention some topics that are also relevant for the implementation of advanced
controllers, but that will not be discussed in detail in this chapter:
Fault detection and fault tolerant control: The availability and the failure probability of
the equipment used is important for the functioning of the controller. Missing measurements and wrong representations of the control signals can significantly influence
the performance of the controller [14, 135]. By monitoring, the equipment failures
can be noticed (or even predicted) and the controller can take the effects of the failures into account. This allows the controller to reduce the influence of the failure and
to prevent a large decrease in the performance of the network.
Robustness: A model is never an exact representation of reality. The sensitivity of the controller for errors in the model structure should be accounted for, as well as the other
uncertainties in the design, such as the error in the demand prediction, the state estimation, and the values of the model parameters. The effect of errors and uncertainties
can be reduced by, e.g., including demand prediction, using a smaller controller time
step to decrease the deviation between the real state and the predicted state, by on-line
calibration of the parameters, and by using robust control techniques [93, 181].
Stability: The control actions influence the traffic flows. The control actions should lead
to a stable traffic situation, without fast fluctuating control signals [141, 189]. Stable
traffic situations are situations in which the traffic flows will stay around the same
level, even if small disturbances of the flows occur. Fast fluctuating control signals
can result in a fast changing traffic situation and thus in unstable traffic flows. Fast
changing control signals can be prevented by including a penalty on changes in the
control signal in the cost function, or by using larger thresholds with respect to the
reactions on changes in the measurements.
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5.5 Investigation of speed measurements
Since a major part of the steps described above is based on measurements, we now investigate the influence of different measurement averaging methods. We will first discuss inductive loop detectors, and next describe different averaging methods for speed measurements.
An overview of symbols used in this section is given in Appendix 5.A.
Remark 5.1 Within this section, we consider four different time steps: the controller time
step Tc with index kc , the sample (measurement) time step Ts with index ks , the simulation
time step T with index k, and the step between two images that are obtained with video
imaging Tt with index kt . These time steps are related as follows: Tc = Mc Ts , Ts = Ms T , and
Ts = Mt Tt , where Mc , Ms , and Mt are integers.
2

5.5.1

Speed measurements

In Section 5.3.3 we have discussed several measurement technologies for traffic networks.
In this section we will consider inductive loop detectors, and focus on speed measurements.
When double loop detectors are used the speed of each vehicle can be determined. Now
consider detector d. The number of vehicles that are observed at this detector during the
period [ks Ts , (ks +1)Ts ) is equal to Nd (ks ), and we index them as 1,2,. . . ,Nd (ks ). The obtained
individual vehicle speeds measured by the detector d are denoted by ud,n (ks ), where n is the
vehicle index. With the obtained measurements the flow of the traffic can be obtained by
dividing the number of observed vehicles Nd (ks ) by the sampling time interval Ts . Hence,
the flow passing the detector can be determined using
sample

qd

(ks ) =

sample

The density follows from the flow qd
of lanes λ, as

Nd (ks )
.
Ts

(5.1)
sample

(ks ), the mean speed vd

(ks ), and the number

sample

sample

ρd

(ks ) =

(ks )
sample
(ks )λ
vd
qd

.

(5.2)
sample

In the next section we will formulate several methods to determine the mean speed vd

5.5.2

(ks ).

Various speed averaging methods

In the field of freeway traffic flow modeling, two representations of mean speeds are often
used: time mean speed and space mean speed [41, 105]. Traffic flow models that are used
in model-based controllers often use the space mean speed which is the average speed of
all vehicles present in the considered freeway stretch at a specific time instant. This space
mean speed is used since most models describe the average traffic conditions on such a
stretch. Video images can be used to obtain space mean speeds [43]. Unfortunately, the
loop detectors that are often present in the road network typically return time mean speeds.
Time mean speeds are based on measurements at a specific location averaged over a certain
time span. When the time mean speeds are measured, it is impossible to calculate the exact
space mean speeds due to the relatively low number of measurement locations. However,

136

5 Practical issues for model-based traffic control

they can be approximated using various averaging methods, see [41, 138, 175]. In this
chapter we will investigate the influence of different averaging methods on the performance
of a model-based speed limit controller.
We discuss six different methods to calculate mean speeds. Within the description we
assume that in the sample period [ks Ts , (ks + 1)Ts ) the subsequent vehicles passing the detector d are numbered 1, 2, . . . , Nd (ks ). For the ease of notation we do not mention d in
the equations, but note that the values can be determined for every detector in the freeway
network.
Time mean speed The time mean speed is calculated using the arithmetic mean of the
N(ks ) locally measured vehicle speeds un (ks ), measured over the sampling time interval [ks Ts , (ks + 1)Ts ) as [41]:
vtms (ks ) =

1 N(ks )
∑ un (ks )
N(ks ) n=1

(5.3)

Estimated space mean speed For estimating the space mean speed, the harmonic mean
of the locally measured vehicle speeds is used by Daganzo [41], given by
!−1
1 N(ks ) 1
sms
(5.4)
v̂ (ks ) =
∑ un (ks )
N(ks ) n=1
Geometric mean speed Besides the arithmetic and harmonic mean, there is a third ‘classic’ Pythagorean mean, namely the geometric mean [132]. This mean can be calculated as
v
uN(k )
s
u
N(kt
)
geo
v (ks ) = s ∏ un (ks )
(5.5)
n=1

Estimated space mean speed using the instantaneous speed variance A method to estimate the space mean speed, based on locally measured vehicle speeds un (ks ), is proposed by Van Lint [175]. The method uses the empirical relation between the time
mean speed vtms (ks ) (defined by (5.3)), and the space mean speed vsms (ks ) (as described in [182]), which is given by
vtms (ks ) =

σi2 (ks )
+ vsms (ks )
vsms (ks )

(5.6)

where σi2 (ks ) is the variance of the instantaneously measured vehicle speeds. Since
the instantaneous speed variance σi2 (ks ) cannot be determined exactly by local measurements, the following estimation used:
σ̂i2 (ks ) =

1 N(ks ) v̂sms (ks )
∑ un (ks ) (un+1 (ks ) − un (ks ))2
2N(ks ) n=1

where v̂sms (ks ) is given by (5.4). The estimated space mean speed using the instantaneous speed variance then becomes


q
1 tms
v (ks ) + (vtms (ks ))2 − 4σ̂i2 (ks )
v̂sms,σ̂i (ks ) =
(5.7)
2
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Estimated space mean speed using the local speed variance In [138] an estimate of the
space mean speed is proposed that is based on the time mean speed and variance of
the locally measured speeds. The space mean speed estimate using the local speed
variance is determined by
v̂sms,σl (ks ) = vtms (ks ) −

σl2 (ks )
vtms (ks )

(5.8)

where vtms (ks ) is computed using (5.3), and
σl2 (ks ) =

2
1 N(ks )
un (ks ) − vtms (ks )
∑
N(ks ) n=1

Time average space mean speed Using, e.g., video images [43] it is possible to obtain the
space mean speed vsms,s (kt ) on a freeway segment for every imaging time kt (recall
that Ts = Mt Tt ). Since the previous mean speed methods are all based on a time period
[ks Ts , (ks +1)Ts ), we will take a time average of the obtained space mean speeds during
this period:
1 Mt (ks +1) sms,s
(5.9)
v̄sms (ks ) =
∑ v (kt )
Mt kt =M
t ks

5.6 Case study
We now illustrate the effect of different speed averaging methods on the performance of a
speed limit controller. The six variants for calculating the mean speed discussed in Section
5.5.2 are used to calibrate the model that is used by the controller, resulting in six different
parameter sets. For each of these parameter sets we determine how good the model predicts
future traffic states, and we determine the difference between the measured and the predicted
total time spent (TTS).
In the remainder of this section we first introduce the network and traffic scenario, and
then develop a variable speed limit controller according to the steps described in Sections 5.3
and 5.4. Next, we use the six different averaging methods within the speed limit controller,
and perform a simulation case study in which we first calibrate the prediction model, and
then compare the performance of the corresponding controllers.

5.6.1

Network and traffic scenario

For the traffic network, a part of the Dutch freeway A12 is selected, see Figure 5.4. The total
length of the considered stretch is 17422 m. There are two on-ramps, near Veenendaal and
near Maarsbergen. The major cause of delay on this stretch are shock waves. Shock waves
are traffic jams that propagate in the opposite direction of the traffic flows, and often emerge
from on-ramps and other types of bottlenecks. The outflow of a shock wave is usually about
70% of the freeway capacity [83], and resolving shock waves can significantly improve the
freeway traffic flow.
The selected freeway stretch is modeled with Paramics v5.1 from Quadstone [137], a
microscopic traffic simulation model. The resulting model will be used as representation of
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Maarsbergen

Veenendaal
flow direction

Figure 5.4: Network of the case study, part of the Dutch freeway A12.

the real world. Since Paramics is a stochastic model, each simulation should be performed
several times to obtain statistically significant results. For our model, we perform 5 runs for
each simulation.
During the simulation of the freeway a shock wave is introduced by simulating an incident downstream of the considered stretch. One vehicle is stopped downstream of the
on-ramp near Maarsbergen for a period of 5 minutes, during which one of the two lanes
is blocked. This will create a traffic jam, which expands while the lane is blocked, and
the shock wave starts to move upstream when both lanes are accessible again. The traffic
demand qdem (k) on the freeway is set to a constant value of 4400 veh/h, at which a shock
wave will remain existent in the network when no control is applied.
We start the simulation with a full network, and simulate a period of one hour. Figure
5.5 shows the simulated measurements on the network. On the horizontal axis, the time is
shown, and on the vertical axis, the locations are given. The first segment is at the bottom of
the figure, and the last segment at the top. In the top subplot, the measured mean speeds are
given. Lighter colors represent higher mean speeds. The shock wave is clearly shown as the
thick, dark stripe going upstream as time elapses. Also in the density plot (the middle subplot), the shock wave is clearly visible as the thick, light stripe representing high densities.
The bottom subplot shows the flow, where it can be seen from the dark color that due to the
shock wave the flow decreases. Note that the thin dark stripes that are going downstream as
time elapses, are caused by differences in speed between individual vehicles.

5.6.2

Design of a dynamic speed limit controller

The influence of different averaging methods on performance of a controller will be illustrated with a variable speed limit controller. We will now follow the design steps for the
controller as described in Sections 5.3 and 5.4. Note however that since the case study is
performed in a simulation environment, not all steps are necessary.
Formulation of the objectives and constraints
The policy objective of the controller is selected to be the reduction of the travel time on the
freeway stretch. The long travel time in the uncontrolled situation is mainly due to shock
waves. Shock waves can be reduced or dissolved by applying dynamic speed limits on the
freeway, see [64]. Traffic upstream of the shock wave can be slowed down, thereby limiting
the inflow to the shock wave. Since the outflow of the shock wave will stay constant, this
will reduce the length of the shock wave, and can even dissolve it. This effect can be reached
by selecting the total time spent (TTS) as cost function, which should be minimized.
It is also possible to define constraints for the controller. A possible policy constraint
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Figure 5.5: Traffic condition without control.
that we can select is a maximum queue at the origins:
wo (k) ≤ wmax
∀o ∈ O
o
where wo is the queue length at origin o, and O is the set of all origins in the network. When
we apply speed limit control, physical constraints on, e.g., the speed limits can be given by:
vmin ≤ vcontrol (kc ) ≤ vmax
where vmin and vmax are respectively the minimum and maximum allowed speed, and
vcontrol (kc ) is the speed limit applied at control time step kc . For the case study we use
minimum and maximum values for the speed limits of 40 km/h and 120 km/h respectively.
The speed limits vary between these bounds. Further, a penalty on signal variations is added
to the cost function to reduce speed limit oscillations.
When the speed limits are applied to the Paramics model they are rounded to steps of 10
km/h to mimic reality more closely. This increases the mismatch between the predicted and
measured states, which decreases the performance of the controller. However, in Paramics
the actual speed of drivers will vary stochastically around the presented speed limit, which
decreases the negative effect of the rounding operation on the performance of the controller.
Moreover, in [66] it was found that when using the round operation the speeds that are
obtained during a simulation are approximately equal to the speeds that are obtained during
a simulation where no rounding is applied.
Selection of the network
The complete network is shown in Figure 5.6. Measurements will be taken on the whole
stretch, over the length of 17422 m. We will control the part between the on-ramps at
Veenendaal and Maarsbergen, which results in a controlled stretch of 9775 m.
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Figure 5.6: Detailed network of the case study.
Obtaining measurements
To obtain the measurements we use loop detectors. The loop detectors in the micro-simulator
are placed at the locations of the existing loop detectors on the freeway. The distances between subsequent loop detectors is varying between 545 m and 810 m.
Selection of the control method
As control method we select model predictive control (MPC), as explained in Section 5.2.2.
This control method requires a model and an optimization algorithm. The model selection will be described below. As optimization algorithm we select sequential quadratic
programming (SQP) [19] as implemented in the MATLAB function fmincon [154], with
a multi-start approach. This algorithm is selected since it can handle the nonlinear, nonconvex, bounded optimization problem that should be solved by the MPC controller. At
each controller step kc , 16 distinct initial value sets are used.
Model selection
For the speed limit controller we will use the macroscopic traffic flow model METANET,
as described in [106]. The METANET model introduces the division of a freeway network
into multiple links and segments. Each freeway link m is divided into several segments
i, see Figure 5.7. For the case study, we consider three links, with in total 26 segments,
see Figure 5.6. Segments 1 to 5 belong to link 1, segments 6 to 21 belong to link 2, and
segments 22 to 26 belong to link 3. The segments are chosen such that the loop detectors
are near the downstream boundary, in order to obtain accurate measurements of the outflow
qm,i (ks ) of the segments. This means that the segments have lengths Lm,i and thus that each
segment should have its own values for the model parameters, which is not conform the
original formulation of METANET. However, for simplicity, in this case study we assume
that within the given link all segments use the same value for the model parameters. The
on-ramp near Veenendaal is connected to segment 5, and the on-ramp near Maarsbergen to
segment 22. Segments 7 to 20 will be controlled via variable speed limits.
Within the METANET model the state of segment i of link m during the period [kT, (k +
1)T ) is given in terms of the density ρm,i (k), mean speed vm,i (k), and outflow qm,i (k) of the
segment. Here k denotes the simulation step, with simulation time interval T . Each segment
i of link m has a length Lm,i , while the number of lanes λm is equal for all segments in link
m.
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freeway link m
qm,i (k)
vm,i (k)
ρm,i (k)

segment 1

...

...

segment Nm

segment i

Figure 5.7: In the METANET model, a freeway link is divided into segments.
The METANET model equations are given by [106]:
qm,i (k) = ρm,i (k)vm,i (k)λm ,
T
ρm,i (k + 1) = ρm,i (k) +
(qm,i−1 (k) − qm,i (k)) ,
Lm,i λm
T
(V (ρm,i (k)) − vm,i (k))
vm,i (k + 1) = vm,i (k) +
τm
T
+
vm,i (k) (vm,i−1 (k) − vm,i (k))
Lm,i
ηm T ρm,i+1 (k) − ρm,i (k)
,
−
τm Lm,i ρm,i (k) + κm

(5.10)

and

 

1 ρm,i (k) am
V (ρm,i (k)) = vfree
exp
−
,
m
am
ρcrit
m

(5.11)

crit
where vfree
m is the free flow speed in link m, ρm is its critical density (i.e. threshold between
free and congested traffic flow), and τm , ηm , κm , and am are model fitting parameters.
At the locations of the on-ramps, the flows arriving at the freeway and at the on-ramp
are added to determine the flow downstream of the on-ramp:

qm,1 (k) = qµ,Nµ (k) + qr (k)
where qm,1 (k) is the flow entering the freeway link m downstream of on-ramp r, qµ,Nµ (k) the
flow leaving the freeway link µ upstream of on-ramp r, and qr (k) the flow leaving on-ramp
r. In order to account for the speed drop caused by merging phenomena at the on-ramps,
the following term is added to (5.10) [89, 106]:
−

δm T qr (k)vm,1 (k)
Lm,i λm ρcrit
m

(5.12)

where δm is a model parameter of link m and vm,1 (k) the speed at the first segment of the
freeway link downstream of the on-ramp. The virtual entering speed qm,0 (k) of leaving link
m downstream of the on-ramp is given by:
vm,0 (k) =

vµ,Nµ (k)qµ,Nµ (k) + vr (k)qr (k)
,
qµ,Nµ (k) + qr (k)
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where vr (k) is the speed of the vehicles that leave on-ramp r. This virtual entering speed is
used in the speed update equation (5.10) to compute the speed of the traffic that enters the
first segment of link m.
Origins are modeled using a simple queue model. The number of vehicles wo in the
queue at origin o evolves as follows:


wo (k + 1) = wo (k) + T qdem
(5.13)
o (k) − qo (k) ,
where qdem
o (k) is the demand at simulation step k, and qo (k) is the outflow given by


ρmax − ρm,1 (k)
wo (k)
dem
qo (k) = min qo (k) +
,
(5.14)
, Qo max crit
T
ρ −ρ m

where Qo is the capacity of origin o under free flow conditions, and ρmax is the maximum
density. For on-ramps (5.13) and (5.14) are also valid.
In [64] some extensions are described which, among others, formulate the effect of
variable speed limits by replacing (5.11) by:
 




1 ρm,i (k) am
control
free
, (1 + α)vm,i (kc ) .
(5.15)
V (ρm,i (k)) = min vm exp −
am
ρcrit
m
The parameter α expresses the obedience of the drivers with respect to the applied speed
limit. When the speed limits are enforced α will be smaller since drivers will not exceed the
speed limits as much as without enforcement. The index kc counts the control time steps,
as introduced in Remark 5.1. The interval of simulation time steps that correspond to the
control time step kc is given by [kc Mc Ms , (kc + 1)Mc Ms ) − 1].
As cost function we selected the total time spent (TTS), see Section 5.6.2. When using
the METANET model, the TTS can be computed as follows:
!
(k +N )M M
c

J TTS (kc ) = T

p

∑

c

s

k=kc Mc Ms +1

∑

ρm,i (k)λm Lm,i +

∑ wo (k)

(5.16)

o∈O

(m,i)∈M

where M is the set of pairs (m, i) of link indices and the corresponding segment indices.
Calibration and validation
Calibration is done by off-line numerical optimization using an objective function given by
J cal (θ) =

1
Kc − Np

Kc −Np Mc (kc +Np ) Ms (ks +1)

∑

∑

∑

kc =1 ks =Mc kc k=Ms ks +1

Jˇcal (θ, ks , k) ,

(5.17)

crit
where θ is the set of model parameters consisting of vfree
m , ρm , τm , ηm , κm , and am for each
of the three links, Ks is the number of sample steps for which measurement data is available,
and where Jˇcal (θ, ks , k) is given by:

!
!2 
sample
 vsample (ks ) − ṽm,i (k) 2

ρ
(k
)
−
ρ̃
(k)
s
m,i
m,i
m,i
Jˇcal (θ, ks , k) = ∑
+
,


v̄(ks )
ρ̄(ks )
(m,i)∈M
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where v̄(ks ) and ρ̄(ks ) are the average speed and density of the measured data from controller
step kc to kc +Np . The error in the predictions that are made by the controller at every control
time step is computed, and then the average of the errors of all prediction periods is taken.
A lower value of the objective function (5.18) means a better fit of the measured states
sample sample
{vm,i ; ρm,i } by the predicted states {ṽm,i ; ρ̃m,i } reproduced by the traffic flow model.
Another option is to compare the two data sets with respect to the value of the cost
function. When the cost function is selected to be the TTS (as in (5.16)), the difference
between measured and predicted TTS can be determined to judge the performance of the
parameter values. The error is given by
E TTS (θ) =

1
Kc − Np

Kc −Np

∑

kc =1

J˜TTS (kc ) − J TTS (kc )
J TTS (kc )

(5.18)

which gives the average percentage of mismatch between the TTS for the measured data
J TTS , and the TTS for the predicted data J˜TTS for the parameter set θ, and where Kc is the
final control time step in the scenario.
This offline calibration of the METANET model is performed with the MATLAB function fmincon [154] which implements SQP, which is the same algorithm that will be used in
the on-line controller. We use the algorithm in a multi-start configuration with 100 different
initial values, which increases the probability of finding the global (or best local) optimum.
To deal with the stochasticity of Paramics (see Section 5.6.1) we use 5 different random
seeds. The cost functions J cal (θ) and E TTS (θ) are determined at each control time step,
for the prediction that is made at this time step. For the calibration of the total model the
average value J¯cal (θ) and Ē TTS (θ) over the results of all control time steps are determined.
The calibration is be performed for each of the six mean speed calculation methods described in Section 5.5.2 separately, which results in six different parameter sets as presented
in Section 5.6.3.
State estimation
The state of the network consists of the average speed, average density, and average flow.
The speeds are measured by loop detectors, and averaged with the different methods described in Section 5.5.2. The density and flow can be calculated from these measurements
using (5.1) and (5.2), see Section 5.3.5. At every controller time step, a new estimation of
the current state is obtained, based on the last available measurements.
Demand estimation
The Paramics model uses a demand of 4400 veh/h, which means that it randomly introduces
vehicles, with a mean of 4400 veh/h. To make predictions with the METANET model, an
estimation of this stochastic demand should be made. However, for simplicity we use the
known average value of 4400 veh/h as estimation of the demand during the case study.
Controller tuning
For the controller we have selected the following parameters. The METANET model (5.11)
uses a simulation time interval of T =10 s. This period is small enough to ensure that the
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vehicles cannot drive through a whole segment in one simulation step, and large enough
to prevent unnecessary long computation times. The controller time interval equals Tc =60
s, which prevents fast switching between control values and which is a reasonable time
to perform the on-line optimization. The prediction horizon equals Np =20 steps, which is
the time required to drive through the network when a shock wave is present. The control
horizon is Nc =10 steps, which forms a trade-off between the required computation time and
the detectability of the effects of the control actions.
Performance evaluation
Now we will illustrate the selection of the evaluation function, using the speed limit control
example. Since the objective is to minimize the TTS, we determine the improvement in
traffic conditions by comparing the obtained values for the TTS. However, only comparing
the TTS based on the number of vehicles in the measured area is not a good measure, since
the controller will not only increase the outflow, but also the inflow when the shock wave is
resolved successfully. This is due to the fact that the incoming vehicles will not be blocked
anymore, when the shock wave is dissolved. To take into account this change in the demand
a different formulation of the TTS is used, based on the demand qdem (k) and the outflow
qout (k) [64]:


Mc Ms Kc −1
J TTS = T N0 Mc Ms Kc + T 2 ∑ (Mc Ms Kc − k) qdem (k) − qout (k)
(5.19)
k=0

where N0 is the initial number of vehicles in the measured area of the freeway.

5.6.3

Results

The results of the case study are presented here. First, we discuss the calibration of the various mean speeds, and then we simulate the network using three of the different averaging
methods within the controller and compare the results obtained with the different methods.
Comparison of calibration results for the various mean speeds
We first perform the calibration as described in Section 5.6.2. The results are shown in
Table 5.1. The average calibration errors J¯cal computed with (5.18) are presented, and next
the average error between the measured and predicted TTS ĒTTS is shown, as obtained using
(5.18).
The lower the values for J¯cal and ĒTTS , the better the fit between the model predictions
and the measurements. Based on the average calibration errors J¯cal the estimated space
mean speed using the instantaneous speed variance v̂sms,σ̂i gives the best result, followed by
the time mean speed vtms and the geometric mean speed vgeo . Based on the average error
between measured and predicted TTS the geometric mean speed vgeo performs the best, followed by the time mean speed vtms and estimated space mean speed using the instantaneous
speed variance v̂sms,σ̂i , which yields the same performance.
Since the time mean speed vtms , the geometric mean speed vgeo , and the estimated space
mean speed using the instantaneous speed variance v̂sms,σ̂i perform better than the other
averaging methods for both criteria, we will implement these averaging methods in the
speed limit controller.

5.7 Conclusions

Table 5.1: Mean speed performance for calibration.
J¯cal
tms
Time mean speed
v
38.9
Estimated space mean speed
v̂sms
42.0
Geometric mean speed
vgeo
39.4
Estimated space mean speed (instantaneous) v̂sms,σ̂i 38.3
Estimated space mean speed (local)
v̂sms,σl 42.3
Time average space mean speed
v̄sms
42.5
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ĒTTS
5.5
5.6
5.1
5.5
6.5
6.0

Performance evaluation results
Now the selected mean speed variants are used in the model predictive speed limit controller,
to investigate which variant will give the largest improvement in traffic conditions.
For the comparison of improvement in traffic conditions, the TTS is used. A lower value
of J TTS as given by (5.19) represents better traffic conditions, since on average vehicles are
spending less time in a certain area, indicating that the flow is higher. In the uncontrolled
situation, as shown in Figure 5.5, the TTS is 1068.0 veh·h.
Using the MPC-based traffic controller, the shock waves are dissolved for all averaging methods that are used, see for example Figure 5.8 where the time mean speed is used.
The speed limits lower the flow that enters the shock wave by delaying the upstream traffic. In this way the inflow of the shock wave is lower than the outflow, which reduces the
shock wave. Using time mean speeds vtms (ks ) as state variables for the controller gives the
largest improvement compared to the uncontrolled situation (JTTS =901.1 veh·h, i.e., 15.6%
improvement), followed by the estimated space mean speed using the instantaneous speed
variance v̂sms,σ̂i (ks ) (JTTS =916.1 veh·h, i.e., 14.2% improvement), the geometric mean speed
vgeo (ks ) (JTTS =928.0 veh·h, i.e., 13.1% improvement).
The different values for JTTS show that the selected averaging method can make a difference of 2.5% of the controller performance, which illustrates that it is important to consider
the used averaging technique when designing a controller.

5.7 Conclusions
The use of advanced traffic control systems can significantly improve the performance of
the traffic network. However, implementing such controllers is not straightforward. Therefore, we have investigated issues that are important when advanced traffic control systems
are applied in practice. First, we have presented a theoretical overview of the process of
developing and implementing such a controller, and next we have investigated the effect of
different averaging methods for speed limit controllers.
Within the literature overview, we have first discussed issues related to the design of a
model-based controller. In particular we have considered the selection of the network, measurements, the selection of the objective, the formulation of constraints, the selection of the
model, and selection of the control method. Next, we have described issues related to the
implementation of model-based controllers. More specifically, we have addressed calibration and validation, state estimation, demand estimation, controller tuning, and performance
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Figure 5.8: Controlled traffic flow using time mean speeds as state variable. Note that for
the simulations with the other averaging methods the plots look similar. The
speed limits are only present at segments 7 to 20, and active during a period of
25 minutes, as shown in the top plot.
evaluation.
Since many of the investigated topics are based on measurements, we have investigated
the effect of measurements on the controller performance. In particular, we have focused
on the effect of using different methods for calculating mean speeds. For a specific case
study, namely simulating a part of the A12 freeway in The Netherlands, we have illustrated
the influence of the averaging method for speed measurements in the performance of a dynamic speed limit controller, that applies model predictive control (MPC) with METANET
as its prediction model. During the calibration of the prediction model, the most accurate
prediction of the TTS has been obtained by using the geometric mean speed. During the
simulation of the traffic with the controller, the time mean speed has resulted in the best
controller performance. With the controller, the TTS could be reduced significantly. Improvements up to 15.6% compared to the uncontrolled situation are reached, which means
that in this case the geometric mean speed is the most suitable averaging method for the
speed measurements. Reducing the shock waves also has a positive effect on the flow,
which is increased by 4.8%.

5.A List of symbols
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List of symbols

Metanet model
k
T
Ms
M
λm
ρm,i (k)
qm,i (k)
vm,i (k)
Lm,i
wo (k)
qdem
o (k)

simulation period counter, for period [kT, (k + 1)T )
simulation time step (h)
ratio between the sample time step Ts and the simulation time step T
set of pairs (m, i) freeway links m and corresponding segments i
number of lanes of freeway link m
density at segment i of freeway link m at simulation time k
(veh/km/lane)
outflow of segment i of freeway link m at simulation time k (veh/h)
mean speed on freeway segment i of link m at simulation time k (km/h)
length of segment i of freeway link m
queue length at origin o at simulation time k (veh)
traffic demand on origin o during simulation period k (veh/h)

Measurements
ks
Ts
Mc
Ks
sample
qd
(ks )
sample
vd
(ks )
sample

ρd

(ks )

ud,n (ks )
Nd (ks )
vtms (ks )
v̂sms (ks )
vgeo (ks )
σi2 (ks )
v̂sms,σ̂i (ks )
v̂sms,σl (ks )
σl2 (ks )
v̄sms (ks )

sampling period counter, for period [ks Ts , (ks +1)Ts )
sampling time interval
ratio between the control time step Tc and the sample time step Ts
number of sample steps for which measurement data is available
flow on freeway near detector d during the sampling period ks (veh/h)
mean speed on freeway near detector d during sampling period ks
(km/h)
density on the freeway stretch near detector d during sampling period
ks (veh/km/lane)
speed of vehicle n measured by detector d during sampling period ks
(veh/h)
number of observed vehicles on detector d during sampling period ks
time mean speed during the sampling period ks (veh/h)
estimated space mean speed during the sampling period ks (veh/h)
geometric mean speed during the sampling period ks (veh/h)
variance of the instantaneously measured vehicle speeds during the
sampling period ks (veh/h)
estimated space mean speed using the instantaneous speed variance during the sampling period ks (veh/h)
estimated space mean speed using local speed variance during the sampling period ks (veh/h)
variance of the locally measured vehicle speeds during the sampling
period ks (veh/h)
time average space mean speed during the sampling period ks (veh/h)
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Calibration and control
Np
prediction horizon (control time steps)
Nc
control horizon (control time steps)
θ
set of model parameters that should be calibrated
kc
controller time step counter, for period [kc Tc , (kc +1)Tc )
Tc
controller time step (h)
Mc
ratio between the control time step Tc and the sample time step Ts
J TTS (kc ) total time spent in the network and at origin queues at control time step
kc (veh·h)
cal
J (θ)
calibration cost for parameter set θ
E TTS (θ) difference between measured and predicted TTS for parameter set θ
(veh·h)

Chapter 6

Conclusions and future research
During peak periods the traffic demand exceeds the available road capacity on several parts
of the road network. This leads to congestion with negative effects such as delay, increased
fuel consumption, and pollution. This problem can be reduced by constructing new roads,
but this is expensive and time-consuming. Another way to reduce the amount of congestion
is to make more efficient use of the available roads. The objective of the research conducted
in this thesis is to develop control methods to increase the efficiency of road use, and thus
to reduce the negative effects of congestion. The focus lies on roadside control systems for
networks that contain freeways as well as urban roads. Methods are developed to integrate
available control measures, and to include the effect of the drivers’ route choices in the
controllers.
In this chapter we give an overview of the contributions of the research described in this
thesis, and we present recommendations for future research projects.

6.1 Research contributions
The main goal of the research described in this thesis is to develop control systems that
allow for a more efficient use of the available road capacity. In general, the developed
controllers should provide road authorities with means to improve the performance of their
networks, to coordinate control actions of different measures, and to incorporate the effects
of information providing. Within this general goal, several sub-goals have been selected:
• Design of a control method for mixed freeway-urban networks,
• Development of controllers that influence route choice,
• Presenting an overview of implementation related issues.
Each of these topics is considered in one or two chapters. Below we will summarize the
research described in the whole thesis. We first describe the developed controllers, and then
consider implementation issues.
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Controllers developed

In this thesis, controllers for three different processes that appear in traffic networks are developed. All controllers are based on model predictive control (MPC), a control method that
uses a prediction model to predict the future evolution of the traffic flows, and an optimization algorithm to determine the optimal control signals. The objective of the controllers is to
reduce the total time that the vehicles spend in the network, for some controllers combined
with other factors, such as minimizing the deviation from a desired flow, or the reduction
of the travel times. Note however that the developed control methods can also be used with
different cost functions, e.g., related to pollution, waiting times, number of stops, etc. As
optimization method for the nonlinear non-convex optimization problems that appear within
the MPC-based controllers, multi-start Sequential Quadratic Programming (SQP) is used as
optimization algorithm. For complex objective functions multi-objective optimization techniques are necessary, as described in, e.g., [108].
We will now shortly discuss each of the controllers, considering the process that they
focus on, and describe the corresponding prediction model that is used.
Controller for mixed networks A controller is developed that controls the traffic flows on
networks that consist of freeways and urban roads. The goal of the controller is to
reduce the total time spent in the network. Since the controller considers the whole
network, congestion that appears on on-ramps and off-ramps can be reduced by coordinating the control actions of the control measures in the urban area and on the
freeway. Also, the performance of the urban and freeway networks individually is
in principle improved, due to the integration of all available control measures. The
control measures that are considered are ramp metering installations at on-ramps,
variable speed limits at freeways, and traffic signals at urban intersections. A prediction model is developed for the controller by adapting and extending the urban queue
length model developed by Kashani [82], and coupling this model with the macroscopic traffic flow model Metanet. This has resulted in a model that describes the
traffic flows on mixed networks, and provides a good trade-off between accuracy and
computational effort, and thus is suitable for the use in on-line controllers.
The integrated control of mixed networks has been illustrated with a network
consisting of two freeways and an urban road. The performance of the controller
has been compared with the performance of systems that approximate the existing
control methods SCOOT and UTOPIA. For different traffic scenarios the integrated
controller obtained improvements between 2% and 7%.
Anticipative controllers Three model-based controllers are developed that take the influence of route choice on freeway networks into account. As prediction model for the
evolution of the traffic flows all controllers use the Metanet model.
The first controller uses an equilibrium-based dynamic traffic assignment (DTA)
algorithm to determine the within-day route choice. To obtain this equilibrium-based
dynamic assignment model, a static assignment model based on the Method of Successive Averages is combined with a method that adapts the current assignment toward the computed static assignment via a learning factor. This anticipative controller
based on an equilibrium-based DTA model has been applied to a network with two
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routes and an on-ramp metering installation. With respect to the situations where
no control was applied, and where the ramp metering strategy ALINEA was used,
improvements of respectively 11% and 9% have been obtained.
The second controller used a route-choice-based model that describes the dayto-day route choice as well as the within-day route choice. The day-to-day route
choice is based on a Bayesian learning algorithm, using the travel times experienced
by the drivers as main factor in the route choice process. The within-day route choice
is based on a density-dependent lookup table. This anticipative controller that uses
a route choice model has been used for on-ramp as well as off-ramp metering in a
network with two routes. Compared with the situation without control, the total time
spent has been improved by 3% for on-ramp metering, and the mean urban density has
been decreased with 60% in the situation where off-ramp metering has been applied.
Third, the reaction on provided travel time information is included in the routechoice-based method, based on the difference between the provided and expected
travel times, and on the correctness of the provided travel time. This anticipative
route-choice-based controller that uses information providing and variable speed limits for a network with two routes improved the traffic situation with 3% compared to
the situation without control.
Day-to-day route choice controller A controller is designed that actively influences the
drivers’ route choice. For the controller a basic route choice model is developed, with
three different versions that differ with respect to the network properties they can
model. The first version, for networks with separate routes, leads to a mixed integer
linear programming (MILP) problem when it is applied in an MPC controller. This is
an advantage, because for this type of problems fast and efficient solvers are available,
which is a requirement for on-line control. The second version of the model includes
piecewise constant demands, and when it is used in an MPC-based controller the
resulting optimization problem can be approximated with an MILP problem. The last
version of the model includes overlapping routes and piecewise constant demands,
and results in a general non-linear optimization problem.
The day-to-day route choice control for a network with two routes resulted in
improvements between 45% and 72% with respect to the no-control case, depending
on the selected optimization algorithm and the number of initial values.
The day-to-day route choice control is further illustrated with a network consisting of three routes where the Braess paradox appears, meaning that adding a link
to the network decreases the performance. The controller illustrates that closing this
extra link indeed improves the performance with 15%.

6.1.2

Implementation issues considered

Before the developed controllers can be implemented in practice, many steps should be
taken. This has led to the following topics:
Implementation issues A short literature overview of issues related to the implementation
of model-based controllers in practice is given. Design issues as well as implementation issues are discussed.
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Influence of speed averaging methods The controllers developed in this thesis base their
control actions on measurements obtained from the road network. These measurements are used to determine the state of the network, which in its term is used to
predict the evolution of the traffic flows. The measurements are averaged over a certain time period. Different methods can be used to average the measurements, which
leads to different average values. To investigate the effect of these different values
on the performance of the controllers, we compare different speed averaging methods using a speed limit controller that has the objective to reduce shock waves on a
freeway.
The speed limit controller that has been developed to determine the influence of
measurement averaging methods, resulted in a reduction of the total time spent on a
freeway stretch of 16% for the time mean speed, 14% for the estimated space mean
speed, and 13% for the geometric mean speed. This illustrates that the influence of
the averaging method is small for the selected scenario.

6.2 Future research
During the research performed for this thesis new theoretical questions were encountered
which form the basis for interesting topics for future research. In this section we will present
ideas for challenging research projects related to controller design, model development, and
policy issues.

6.2.1

Controller-related issues

In this thesis we have developed several controllers. During the development of these controllers problems and theoretical questions were encountered that could not be solved within
this research project. This has lead to the formulation of the following research topics related to controller design:
Develop efficient optimization algorithms The applicability of model-based predictive
control methods largely depends on their ability to obtain optimal control settings
within the available time. The controllers designed in this thesis all use multi-start
SQP as optimization method for non-linear non-convex problems. Other algorithms
might be available, such as, e.g., genetic algorithms [44, 62], pattern search [16, 85],
tabu search [61] and SNOPT [75]. These algorithms are so called ‘global’ optimization methods that in general obtain good results in a reasonable amount of time. These
algorithms do not use gradients or Hessians and thus are better suitable for optimization problems related to traffic control. Also, the development of new optimization
algorithms can significantly improve the applicability of the developed controllers
and it can also allow coordination of a larger amount of control measures, or the control of larger networks. The tailor-made algorithms should be suitable for the specific
type of traffic-related optimization problems and make use of, e.g., the form of the
cost function and the type of the available control signals. Special attention should
be paid to the speed and scalability of the algorithms. Since there is only a limited
amount of time available for optimization the intermediate solutions of the algorithm
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should be feasible. This allows the controller to terminate the optimization process
and return a feasible control signal at the moment that the available time has elapsed.
Another possibility to lower the computation time for each optimization step is to
develop distributed optimization methods, which divide the optimization problem in
several smaller problems, which can be solved simultaneously. In this case algorithms
should be developed that can handle the boundary conditions appearing due to the
connections between the different problems.
Multi-objective control The objective of most controllers developed in this thesis is to
reduce the total time spent. Many other objectives can be considered, e.g., total
throughput, total delay, fuel consumption, emissions, queue lengths, etc. Some of
these objectives require extensions of the prediction models, or even the development
of new models. When a controller is developed, the total objective almost always has
to be a combination of different goals. The combination of different goals leads to a
multi-objective optimization problem, for which a suitable solution method should be
selected, such as, e.g., combining the objectives into one function using a weighted
sum approach, using goal attainment, or coupling the objectives by introducing a
common variable, see [108]. Another issue related to the objective function is that
some goals can better be left out of the function itself, but can be included into the
control problem as constraints. As a result, for each goal of the controller the most
suitable way of handling it should be determined, choosing between making it a constraint or including it as part of the objective function.
Translate MPC into a faster control method MPC uses a prediction model and an optimization algorithm to determine the optimal settings for the control measures. This
can lead to significant improvements with respect to the traffic network performance.
However, the required computational effort will remain an issue that strongly reduces
the possibilities of MPC controllers in practice. A solution for this problem can be
the development of faster control methods that approximate the results that can be
obtained with MPC-based controllers. For example, a possible method is to simulate
and optimize many different traffic scenarios with an MPC-based controller off-line,
approximate the nonlinear results with a large look-up table, and then develop a controller that compares the current scenario with the scenarios in the look-up table and
applies the control actions that the MPC controller has determined during the off-line
simulation. When the current situation is not available in the look-up table the controller interpolates between situations in the look-up table that are relatively close to
the current situation, see [73]. Another option is to develop rule-based controllers
that approximate the MPC-based controllers by formulating several rules that express
the relation between the current traffic situation and the optimal settings for the traffic
control measures.
Develop hierarchical control methods Controlling large traffic networks with one central
controller will lead to large computation times. The maximum allowed computation time limits the size of the network that can be controlled. This problem can
be overcome by applying hierarchical control, where small parts of the network are
optimized by low-level controllers that use detailed models, and where higher-level
controllers optimize the whole network using a model with a low level of detail, see
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[24, 127, 129]. In this way the processes that have an influence on the total network,
such as, e.g., the route choice, and changes in the demand, can be considered by
the higher-level controller, while the fast traffic flow processes, e.g., vehicle behavior
on the freeway, and queue length evolution at intersections, can be handled by the
low-level controllers. Challenging research questions within the area of hierarchical control are, e.g., the selection of the number of layers, the areas that should be
considered by each controller, the required communication, the coordination between
the controllers, and the influence that the higher-level controllers should have on the
lower-level controllers.

Include future control measures In the future, new control measures or new applications
of existing measures will become available. These new measures should be included
in the control methods. First of all, the use of traffic information as control measure
can be investigated. Initially, traffic information was provided to inform drivers about
the current traffic situation. Nowadays, the information starts to be used to influence
the drivers, by considering providing information as control measure, see Chapter 3
and [76, 81, 107].
Second, control methods including in-car systems can be developed. The technology
that is located in cars is developing rapidly. The in-car systems can be used for data
gathering, which allows for a more detailed estimation of the current traffic situation. Algorithms should be developed that can handle all the information that can be
obtained by in-car devices, and that combine all this information into an estimated
state of the network. Further, when the possibilities of the in-car systems are combined with road-side systems in one control approach, the performance of the road
network can be increased significantly. Therefore, controllers that can handle these
in-car devices as well as the road-side equipment are being developed, as in [9]. This
research can be extended to the development of intelligent vehicle highway systems,
in which the road-side equipment steers the in-car controllers in such a way that the
vehicles drive completely automated without intervention from the drivers. Technical problems in this area are the large number of devices that should be controlled,
the unknown effects of the control actions, the dependence of the controller on the
penetration rate of the in-car systems, and the required computational effort. Another
problem is the introduction of the system. The transition from the current situation
to a fully automated situation should go smoothly. This means that the automation
should be introduced in phases, and that the developed systems should be compatible with the current situation. Further, the social acceptance should be considered.
Drivers might not willingly surrender the authority over their car to an automated
system.

6.2.2

Model-related issues

The controllers developed in this thesis are based on models. The selected models determine
the possibilities of the controller, have a large influence on the controller performance, and
influence the required computation time. This has lead to the formulation of the following
model-related research topics.
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Develop model selection methods It is not trivial to decide which model should be used
for a specific application. The goal of the model should be selected first, and next the
effects that should be modeled must be determined. When a model is used within a
model-based traffic controller, the model must at least be able to describe the effects
of the traffic control measures. However, the level of detail in which these effects
should be modeled depends on many factors, including the required accuracy and the
available computation time. As a result, model selection nearly always includes a
trade-off between accuracy and required computational effort. For example, when a
controller uses a fast model the control time step can be smaller, which might make
up for the less accurate results due to the faster feedback loop which increases the
robustness with respect to measurement errors. On the other hand, a more detailed
model with a longer time step might yield more accurate predictions and thus can
result in better control actions. In many cases this dilemma will lead to the development of new models, or to the adaptation of existing models. Guidelines should
be determined that can help to select useful features for the model, and to make the
trade-off between the accuracy and the computation time.
Develop and use multi-class traffic models Traffic can be divided into different user
classes, like trucks and personal cars, business and leisure drivers, male and female,
etc. Each of these classes will react differently on the available traffic control measures, or can be controlled by special measures like dynamic truck lanes. When these
different reactions and special measures are taken into account via including a multiclass model into the controller, the controller performance can be further improved.
Issues that should be considered when designing multi-class controllers are the selection of efficient and accurate models, the possibly larger computation times of these
multi-class models, selecting which properties of the classes are important for the
control method, and the effect of using ‘binary’ control measures such as opening
and closing an HOV lane.
Develop and use multi-modal models Each transportation mode (car, train, lightrail, ship)
uses its own network but these networks do often intersect, at, e.g., railway passages,
bridges, or urban intersections. Opening a bridge for one ship during the peak hour
might cause disproportionally large delays for the road traffic, and delaying a train at a
railway passage might lead to a missed connection for many travelers. This illustrates
that the performance for all networks can be increased by coordinating the control
actions on the different networks. Therefore multi-modal models that are suitable
for the use within controllers should be developed. Issues that could be investigated
are the available control methods for the different modes, and the relation between
the costs for different modes. The different time scales at which the different modes
operate can also form a problem for the design. Moreover, the different actions of
the available control measures might require the use of integer nonlinear optimization
methods.
Investigate stochastic models Traffic flows are inherently stochastic. This means that the
controllers should find an optimal solution for the whole set of traffic situations that
might occur in the near future. Including stochastic models in the controllers can lead
to the development of robust traffic control methods that can handle the variations in
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the traffic situation. When stochastic models are investigated, one should take into
account the number of runs that should be performed to get statistically significant
results, and the required computational effort. It should also be considered that robust
controllers are in general conservative, and thus find less optimal solutions.

6.2.3

Policy-related issues

The use of traffic controllers is a policy decision. Politicians determine whether the controllers are used, and what the control objectives are. Further, the potential effect of controllers can be used when long-term policies are developed. This leads to the following
research topics.
Develop desired flow patterns With the controllers developed in this thesis it is possible
to approximate desired flows, which allows the introduction of optimal flow patterns
in the network. This means however that a method should be developed to determine
what the optimal flows are for different roads. The network, the main origins and destinations, and the surroundings of the network should be analyzed to define important
routes and corresponding demands. Then the locations at which low flows are desired
should be determined together with the routes that can handle larger flows. Based on
this information it should be possible to define the desired traffic assignment. This
desired assignment can be used in the formulation of the objectives of a controller,
for example to steer toward the desired flows. Another situation in which the desired
flows are of interest appears when maintenance works are performed. On the one
hand, the level of service should as high as possible during these works, while on the
other hand the decrease in capacity of the available roads and safety considerations
require lower flows. In this case, the order in which the works are performed and
the control actions that are taken should be optimized with respect to the difference
between the generated flows and the desired flows.
Investigate social and legal aspects of future control measures Future control methods
can only be used when they are accepted by the drivers, and when the control actions performed are legal. This is not automatically the case, as can be seen when
considering, e.g., information providing or in-car control systems. When using information providing on variable message signs, the attitude of the drivers toward the
presented information is important since reacting on the provided information is voluntary, and thus the drivers should consider the provided information to be correct,
otherwise they will ignore the messages. This also leads to an investigation of the
legal issues with respect to information providing. In principle, the presented travel
times should correspond to the real travel times, otherwise it is seen as false informing. However, when providing information and other control measures are combined
into one control method, the other control measures can be used to make the provided
information true. Is this considered as false informing or not?
When considering in-car systems, the acceptance of the drivers plays a large role. The
drivers should partly or completely surrender their car to the control system, which
limits the possibilities of the driver and might cause distrust with respect to the control
system. Also, the legal aspects of automated highway systems should be considered.
Who will be responsible for, e.g., incidents?
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Influence road layout and spatial scheduling The layout of the road network has a significant influence on the results that can be obtained with traffic control measures.
The number of lanes at urban intersections influences the possibilities of traffic signal
control, the number of on-ramps and off-ramps of a freeway influences the performance of variable speed limits, and the number of alternative routes determines the
effect of route choice control. Guidelines should be developed for improving the road
layout in such a way that the performances of traffic controllers can be increased, and
a method for simultaneously developing the road layout and control measures can
be designed. This will lead to an optimal road layout, which also offers a trade-off
between control possibilities and, e.g., road area, number of ramps, number of lanes,
and number of roads. On the long term, not only the road layout can be influenced,
but also the spatial scheduling can be adapted based on the expected traffic demands
and control possibilities. The traffic demand on the network largely depends on the
origins and destinations in the network. The traffic demand thus can be influenced by
changing important origins and destinations. Existing origins and destinations cannot
be changed within a short period, but via granting construction licenses the location
of buildings and houses can be influenced, e.g., by allowing companies at special
locations only, and residential buildings at others only. When a new residential or
business area is developed, the location of the main origins and destinations can be
selected beforehand. This can lead to the integrated design of the road network and
the location of the main origins and destinations, which can prevent a mismatch between road capacity and demand, and reduce the negative effects of the traffic on the
surroundings.
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Appendix A

Route guidance during
maintenance works
In this appendix we perform a simulation case study, in which we consider the road network
around the Dutch city of Eindhoven. During the years 2008 to 2013 maintenance works will
be performed on this network, combined with a reconfiguration of the freeway part of the
network. It can be expected that this will lead to large traffic problems. In this appendix we
propose a route guidance method to reduce these traffic problems by re-routing the traffic
flows. With this method, we will illustrate the possibilities of influencing the route choice
of drivers on purpose during construction works.
We first give a general overview of maintenance/reconstruction works and the traffic
management during such works. Next, we describe the network of Eindhoven and focus
on the expected traffic problems during the works. Then we make a detailed model of the
network, which is used as a basis for the case study. Then we design a basic system for
route guidance, which will reduce the travel time influencing the route choice of the drivers.
Finally, we present some simulation results. The work described in this appendix is based
on [69] and [70].

A.1 Maintenance works
Maintenance or reconstruction works are necessary to keep the road network safe and upto-date, but they always come with negative side-effects for the traffic operation during
the period that the works are performed. Lanes or complete roads have to be narrowed
or closed, the maximum speed has to be reduced, and the neighboring roads have to deal
with an increase in demand. All this leads to longer travel times and more delay for the
road users. In The Netherlands the deterioration of the traffic operation in a construction
zone has direct consequences for the traffic operation in a large part of the surrounding
network due to the large number of roads in a relatively small area. Currently, the difference
between available capacity and traffic demand is small, and much more inconvenience due
to maintenance works cannot be tolerated. However, many parts of the Dutch road network
need maintenance or reconfiguration to be able to cope with the current and future traffic
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demands. Therefore in The Netherlands the tendency is that more and more effort is put into
the investigation and analysis of the traffic operation during maintenance or reconstruction
projects, see, e.g., [52, 151, 171].
Also in the US the traffic operation during road maintenance works is a topic of current research. The US Department of Transportation, and especially the Federal Highway
Department, has developed a general optimization process to minimize the impact of reconstruction projects on the traffic operation, such as extra congestion and an increase in the
number of incidents [117]. Further, a strategy for finding an optimal maintenance plan is
described in [34], and the reaction of road users to dynamic route information at freeway
work zones is investigated in [74]. In [74] the estimated travel time to the end of work zone
was presented to the drivers. Showing these travel times actually resulted in the selection of
an alternative route by 7 to 10% of the road users.

A.2 The network around Eindhoven
For the case study, we consider the network around Eindhoven. The city of Eindhoven is
located in the south of The Netherlands. The network around the city is selected since the
city attracts a large amount of traffic due to the presence of large company areas and a large
shopping center, and since routes for long-distance traffic toward Belgium and Germany
pass the city. This combination of local and long-distance traffic forms a challenge for
the road authorities, since the two types of traffic use the same road network, but have
different needs. Furthermore, the capacity of the road network is not enough to handle
the current demand, and thus a reconstruction is required to increase the capacity. During
this reconstruction the road capacity will be reduced even more. This will increase the
importance of traffic control measures, which should be used to keep the efficiency of the
road use at an acceptable level.
The selected network has several road administrators. The main road network containing the freeways is administered by the Dutch Ministry of Transport, Public Works and
Water Management, and the underlying network is administered by the provincial government, the city of Eindhoven, and the governments of the surrounding villages, depending on
the location of the different roads. These road administrators are responsible for the maintenance, traffic operation, and safety on the roads. There exists an organization that helps
the different parties with issues concerning the road administration. This organization is the
SRE (‘Samenwerkingsverband regio Eindhoven’, the cooperation association of the region
Eindhoven). The SRE initiates, stimulates, and coordinates the cooperation between the 21
communities that form the region of Eindhoven.
The current road network is shown in Figure A.1. For this case study we consider
origins/destinations T1, T2, and T3, junctions P and S, and on-ramps/off-ramps Q and R,
as marked in the figure. The main freeways in the network are the A58 located at the north
side of the city, the A2 connecting T2 and T3, and the A67 connecting T1 and T3, with
junctions at Batadorp (T2), De Hogt (P), and Leenderheide (S). Important on-ramps and
off-ramps are Veldhoven Zuid (U), Waalre (R), and the High Tech Campus (Q). Major local
roads are the ring road around the center of Eindhoven, the connections between this ring
road and the freeways, and the roads to the surrounding villages. We mainly consider the
southern part of the network during the case study. A simplified representation of this part
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Figure A.1: The network of Eindhoven.

of the network is presented in Figure A.2, which shows the origins/destinations T1, T2, and
T3, junctions P and S, and on/off-ramps Q, R, and U, and the connecting freeways.
There are three important routes in the network:
• T1 - T2, which is actually the connection from the A67 to the A2, for traffic traveling
from the south to the north of the Netherlands and vice versa.
• T1 - T3, the A67 from west to east and vice versa.
• T2 - T3, the A2 from north to south and vice versa.
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Figure A.2: Schematic representation of the part of the network that is considered during
the case study.

A.2.1

Paramics model of the network of Eindhoven

The network of Eindhoven, as shown in Figure A.1, will be modeled with a detailed microscopic model. The obtained model will be used as a basis for the case study. To create this
model the microscopic modeling and simulation tool Paramics [137] is used. Paramics is a
suite of software tools used to simulate the movement and behavior of individual vehicles
on urban and freeway road networks. It contains three models, a car-following model, a
lane-changing model, and a route choice model. Based on these models the individual vehicle movements and the interactions between the vehicles in the network are determined.
This results in a detailed simulation of the traffic flows on the whole network.
Before actually starting to construct the model, the number of roads that should be included in the model of the network of Eindhoven must be determined. We have decided to
model all freeways. The number of modeled urban roads is based on a trade-off between accuracy and complexity, since including more roads means increasing the complexity, which
increases the required computational effort. We have selected the major urban roads that
handle a large part of the local traffic, and the roads that are used as secondary route by the
long-distance traffic in case of incidents on the freeway. These are the roads N265, N69,
N270, and connections between Eindhoven and Veldhoven, Eersel, Waalre, and Best. Further, we model the network south-west of the freeways more thoroughly, since this part is
used for the simulation study. The final network as modeled in Paramics is shown in Figure
A.3.
Information about links, nodes, and geometric properties of the network of Eindhoven is
obtained form a static Omnitrans model [118, 146], owned by the SRE. The demand is also
derived from the demands of this Omnitrans model. In the Omnitrans model static demand
information is aggregated over four time periods: morning peak, evening peak, rest of the
day, and twenty-four hours. For each origin in the network, the mean demand during the
selected period is given. For the case study we consider the morning peak between 6:30
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Figure A.3: Network that is modeled with Paramics.

a.m. and 9:00 a.m., since during this period the demand is the highest, and thus many traffic
problems can be expected. Within Paramics, the demand on the network is represented with
a static Origin-Destination (OD) matrix, which contains mean values of the demand for
each origin-destination pair. The demands of the Omnitrans model are used to determine
the entries in this OD-matrix. To obtain a more dynamic demand, Paramics multiplies these
static demands with a demand profile, which is equal for all origins. The profile that we
have selected is based on flow measurements on the A67 freeway, and shown in Figure A.4.
The Paramics software offers three different methods to assign the traffic flows to the
network: all-or-nothing assignment, stochastic assignment, and dynamic feedback assignment. For the case study we select the dynamic feedback assignment, which assumes that
drivers will adapt their route choice based on the current traffic situation on the network.
The feedback time is set to 5 minutes, which is short enough to obtain accurate reactions on
changes in the traffic situation, and long enough to prevent fast switching. Factors that influence the route choice of the drivers are the travel time for a trip and the distance traveled,
where the travel time is selected to be twice as important as the traveled distance, since according to [18] travel time is one of the most important aspects influencing the route choice.
Two types of measurement data from the network of Eindhoven are available to validate
the results obtained with the model. The Dutch Ministry of Transport, Public Works, and
Water Management gathers measurements with loop detectors on the freeway, with a detec-
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Figure A.4: Demand profile during the morning peak. For each origin a static demand
is defined, which is multiplied with the factor that is specified in the demand
profile to obtain a dynamic demand.

tor at every stretch of 500 m. These detectors measure, among others, the average flows for
every minute. In the urban area manual counts are performed by the SRE on the ring road
around the center, and on the provincial road connecting T1 and U via Veldhoven. These
counts can be translated into average flows for these roads. The obtained average flows are
compared with the simulated flows of the Paramics model. The difference between the flows
was between 2.47% and 13.89%. This is not an excellent result, and before the model can
be used in practice, a more extensive calibration should be performed. However, the results
obtained with this study can be used to illustrate the possible effects of route guidance, but
the actual improvement will differ from the improvement that would have been obtained
with a more accurate model or in reality.

A.3 The network during the maintenance works
During the reconstruction works, the configuration of the network of Eindhoven will be
changed such that the current freeway configuration, with two lanes and a peak lane in each
direction of the freeways, will be reconfigured into a configuration with two times two lanes
in each direction. In this new configuration, the capacity of the freeways will be improved by
separating the long-distance and the local traffic. The currently existing two-lane freeways
will serve as long-distance freeways and the newly created two-lane freeways, parallel to
the existing freeways, will serve as freeways for local traffic. These new freeways will be
connected to the underlying network with many on-ramps and off-ramps, to facilitate traffic
entering and leaving the city. The three major junctions (T2, P, and S) will facilitate the
transition between the long-distance and the local freeways.
The case study focuses on the maintenance works around junction P. The link from T1
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Figure A.5: Part of the network that is considered during the case study.

to T2 will not be available for a period of three years, from 2009 to 2011. We propose a
dynamic route guidance strategy that can be used to reduce the delay that occurs due to this
closure.
Junction P, see Figure A.5, facilitates the traffic from T1 to T2 as well as from T1 to
T3. When the connection between T1 and T2 will be removed, the traffic on the route T1
→ T2 will have to select another route. The most logical alternative route follows the urban
road through Veldhoven. The capacity of this road however is not high enough to facilitate
the resulting large demands, and the queues that will appear in the residential areas around
this road will cause discomfort and extra pollution. For the case study, we assume that the
use of this road will be prevented by closing it for long-distance traffic. Then three different
routes remain available for the traffic from T1 to T2. For these routes, the drivers should
travel from T1 in the direction of T3, and then make a U-turn at exit Q, R, or S, and then
continue toward T2, as shown in Figure A.6.
Due to the layout of the network, a problem will appear when all drivers from T1 to T2
use exit Q to make their U-turn, see Figure A.7. The resulting traffic flows will lead to a
large flow from T1 to Q, which will have to cross the already existing large flow of drivers
that travel from T2 to T3. The available space for the weaving between the two traffic flows
is very limited, and thus the weaving will strongly influence the traffic flows and create
congestion. This congestion will spill back into the upstream directions, toward T1 and T2.
The other two exits that are available to make a U-turn do not have this negative effect.
Re-routing the traffic along these routes will reduce the delay that is experienced during
the maintenance works. However, the travel distance on these routes is longer, so a control
strategy has to be developed to incite drivers to use these routes.
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Figure A.6: Alternative routes that are available when the direct connection from T1 to T2
via P is under construction.
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Figure A.7: Road stretch between P and Q where the traffic from T1 to Q crosses the traffic
from T2 to T3.
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Figure A.8: Controlled freeway stretch with locations of the DRIPs, the ramp metering installation, and the loop detectors.

A.4 Proposed route guidance system
To incite drivers that travel from T1 to T2 to use exits R and S of the freeway to make their
U-turn, we propose a route guidance system that is a combination of two measures, offramp metering and providing information on dynamic route information panels (DRIPs).
The measures are located in the network as shown in Figure A.8. The first DRIP is located
at T1 before junction P, the second DRIP is located between exits Q and R, and the off-ramp
metering installation is located at exit Q.
A basic vehicle-actuated control method is used. With this control method, we will
show the possibilities of dynamic route guidance, and justify the development of advanced
route choice controllers, as done in Chapters 3 and 4. The main goal of the control strategy
is to reduce the congestion in the network. A large part of this congestion is caused by the
weaving behavior on the stretch P → Q. Improving the flow passing this stretch will reduce
the congestion significantly, and is thus a goal of the control methods.
We will now describe the control strategies that are used for the control measures that
have been selected. The methods are basic switched-control methods, which are used in
practice for, e.g., on-ramp metering installations [150].
The off-ramp metering installation uses measurements of the detection loop u1, located
between P and Q. The control strategy that is applied is shown in Figure A.9. If there is no
congestion, the off-ramp metering installation is off. When the measured speed vu1 at the
detector location drops below 30 km/h the ramp metering installation starts metering with
a fixed metering rate. This static metering rate is selected such that a queue appears at the
off-ramp, which will discourage drivers to make a U-turn at exit Q. When fewer vehicles
take the exit, the congestion due to the weaving will decrease, and finally the measured
speed will be above 60 km/h, and the off-ramp metering installation will be turned off.
For the DRIPs we consider two different control strategies. The first strategy uses only
DRIP 1. This strategy is presented in Figure A.10. The traffic is measured with detector u2
at exit Q and with detector u3 at exit R. If there is no congestion, the DRIP gives the advice
to take exit Q. If the speed at detector u2 drops below 30 km/h, the DRIP advises to take
exit R. If the speed at detector u3 also drops below 30 km/h, the advice switches to exit S.
If the speed at detector u3 becomes higher than 60 km/h, the advice is to take exit R, and
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Figure A.9: State diagram for the ramp metering installation.
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vu2 > 60 km/h

Figure A.10: State diagram for the DRIP when only 1 DRIP is active.

if the speed at detector u2 becomes higher than 60 km/h, the advice is to take exit U. With
this algorithm a queue appears at exit Q, and when this queue reaches the detector, traffic
is encouraged to take exit R. When the queue at this exit reaches the detector before exit R,
traffic is guided toward exit S.
The second control strategy for the DRIPs uses both DRIPs. The first DRIP switches
between two advises: ‘take exit Q’ and ‘take exit R or S’, see Figure A.11(a). Which
advice is selected depends on the measurements obtained with detector u2. The second
DRIP specifies this advice. When the first DRIP advises to take exit Q, the second DRIP
is off, see Figure A.11(b). If the first DRIP advises to take exit R or S, the second DRIP
advises to take exit R if the speed at detector location u3 is above 60 km/h, while it advises
to take exit S if this speed is below 30 km/h. The difference with the first control strategy is
that the delay between the moment that the choice between making a U-turn at exit R or at
junction S is made and the moment that the drivers have reached the selected exit is smaller
for the second strategy, which means that the controllers can more effectively react on the
measurements.
The values that are selected for the thresholds have a large impact on the performance
of the controllers. The values that are used for this case study are shown in the figures. The
value of the lower threshold is selected lower than the speed corresponding to the critical
density. This to prevent that the density will exceed the critical density, since when the
critical density is reached congestion will appear. The upper threshold is selected in such
a way that it is approximately equal to the speed at which free flow appears. To improve
the performance of the controllers the values for the thresholds should be optimized with
respect to the performance of the controllers. However, for the current case study we used
these initially selected values.
It might be expected that the strategy with 2 DRIPs will always perform better than the
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Figure A.11: State diagram for the DRIPs when both DRIPs are active.
strategy that uses only 1 DRIP. However, the purchase and maintenance costs of DRIPs are
high, and the costs of the second DRIP might not even out against the obtained improvements in the travel time. This makes it useful to consider both strategies, and to compare
them with respect to their costs and benefits.

A.5 Simulation study
With a simulation study we illustrate the effect of the route guidance system. For this study,
the control measures have been implemented in the Paramics model of Eindhoven by means
of agents, using the test bed for multi agent systems for dynamic traffic management, which
is described in [174]. We first describe the set-up of the simulation study, and then we
present the obtained simulation results.

A.5.1

Set-up of the simulation study

The designed control system has been tested for the traffic demand of the morning peak
between 07:00 a.m. and 09:00 a.m. During this period the demand from T1 to T2 is the
largest, and thus the congestion is the most severe. In the network there are already control
measures present, e.g., speed limits for incident detection, and traffic signals at local roads
near the exits. These control measures are implemented in the model, and perform their
control actions simultaneously with the newly developed dynamic route guidance strategy.
The percentage of the vehicles that comply to the route advice on the DRIPs should be
selected. In literature, values between 7% and 14% are presented [51, 74, 90]. Since we
expect that during maintenance works drivers are more willing to comply, we select a value
of 25% for our case study.
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We will perform three different simulations. During the first simulation no control will
be applied. During the second simulation the off-ramp metering installation is active, and
the first strategy for the DRIPS, with only DRIP 1, is applied. During the third simulation,
the off-ramp metering installation and both DRIPs are active, using the second strategy for
the DRIPs.
The performance of the control strategies will be evaluated with respect to different criteria. First of all, the outflow of the freeway stretch between P and Q will be considered. The
controller should increase this flow. Second, the delays experienced due to the maintenance
works on the stretches between P and S, S and P, and T1 and P are considered, since at these
stretches the most traffic problems appear. Third, the travel times on important routes in the
network will be considered. The controllers should decrease the travel time from T1 to T2
and T3, without increasing the travel times in other directions too much.

A.5.2

Simulation results

We will now describe the results of the three different simulations. First, we give an
overview of each simulation, and next we compare the results.
In the first simulation, where no control is applied, the expected congestion due to the
weaving behavior appears at the stretch P → S. The conflicting streams T1 → T2 and T2 →
T3 cause this congestion, which spills back for several kilometers into the freeway sections
upstream of the weaving section, blocking the traffic flow originating from T1 as well as the
traffic flow originating from T2.
The second simulation uses off-ramp metering and only one DRIP. At the start of this
simulation DRIP 1, located upstream of the junction gives the advice to take exit Q. When
the demand increases, the weaving behavior between the junction, and the first exit causes
the traffic to slow down, which announces upcoming congestion. When the speed at this
weaving section drops below the threshold of 30 km/h the off-ramp metering installation
is activated. At the off-ramp of exit Q, the flow leaving the freeway is metered such that a
traffic jam is created on the off-ramp. When this jam reaches the end of the off-ramp, but
does not block the slip-lane of the freeway, the DRIP notices the congestion on exit Q and
gives the advise to take exit R. When due to the extra traffic making use of exit R, this exit
becomes also fully loaded, the DRIP advises to take exit S. When an exit queue becomes
empty, the advice switches back to the previously displayed advice.
In the third simulation in general the same scenario as in the second simulation occurs,
the only difference being that vehicles that have already passed the first DRIP can be timely
informed to change their route. This means that for these vehicles the time between the
moment that the advise is given and the moment of the actual route choice is reduced. This
results in a decrease of the number vehicles entering the queue when the off-ramp of the
exits R is already full and therefore decreases the congestion.
The flows that are present in the network during the simulations are presented in Table
A.1. In the first column of the table the outflow of the weaving area between P and Q is
listed. The other columns present the flows using exits Q, R, and S. The first row gives the
results without control, while the second and third row present the results with control using
off-ramp metering and respectively one and two DRIPs. The goal of the control strategies
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No control
RM + 1 DRIP
RM + 2 DRIPs

P→Q
9221
9852
9703

Q
2177
2021
2047

R
1551
1646
1448

S
440
918
1036

Table A.1: Vehicle counts (number of vehicles per two hours) at different locations for the
no control case and the two control methods, where RM is the abbreviation for
ramp metering installation.
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Figure A.12: Delays per vehicle on the stretches P → S and S → P.

was to increase the outflow of the stretch P → Q, which both of them do. They reach this
by leading more traffic to the other exits, which indeed reduces the influence of the weaving
behavior and thus increases the outflow. The strategy with two DRIPs incites more drivers to
take exit S compared to the strategy with one DRIP, and thus obtains the best performance.
The flow at the stretch P → Q increases when the controllers are used. However, the
delay on the stretch P → S is not reduced, as shown in Figure A.12, where the first vertical
bar presents the delay for the simulation where no control is applied, the second bar shows
the situation where off-ramp metering and 1 DRIP are used, and the last bar gives the delay
for the simulation with off-ramp metering and two DRIPs. The delay at the stretch P →
S is equal or even higher in the situations where control is applied. This is due to the fact
that more drivers make a U-turn at exits R and S, and thus stay longer at the stretch P → S
increasing the delay. Also, the delay into the direction S → P is higher than without control.
This is due to the fact that the drivers that make a U-turn at intersections R and S also use
the stretch S → Q longer, causing a larger delay in this direction. This effect is the largest
for the controller with two DRIPs, since with this controller the largest number of drivers
takes exit S. This illustrates that for the stretch P → S itself the controllers are not able to
prevent the congestion. However, the controllers can reduce the spill-back of the traffic jam
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Figure A.13: Delays on the stretch T1 → P.

into the upstream direction by increasing the number of vehicles that passes the stretch P →
Q. This increases the outflow of the upstream stretches, and thus reduces the delay on these
stretches, as shown for the stretch T1 → P in Figure A.13.
The actions of the controllers influence the traffic flows in all directions. Figure A.14
shows the travel times for important routes in the network. The travel time on the route T1
→ T2 is the highest, since the drivers on this route have to make the U-turn. The presented
travel time is the weighted average over the different exits that are used for the U-turn. Other
routes that have high travel times are T1 → T3 and T2 → T3. The traffic flows on these
routes encounter the congestion that spills back from the stretch P → Q, which increases
the travel times on these routes. The first controller with 1 DRIP is not able to significantly
reduce the travel times on these routes, mostly due to the delay that is caused by the extra
vehicles that cause a queue on the stretch Q → R. The second controller with 2 DRIPs is
able to divert more vehicles from this queue toward exit S, which reduces the travel times on
these routes. The routes T3 → T1 and T3 → T2 overlap with the routes T1 → T2 only after
the U-turns. The travel time on route T3 → T2 is only influenced by the extra traffic that
uses the stretch S → P, and thus increases when the controllers are used. The traffic flow on
route T3 → T1 has to cross the traffic flow that originates from on-ramp Q traveling to T2.
This means that the travel time in the uncontrolled situation is high, and that the use of the
controllers can reduce the weaving behavior and decrease the travel time significantly. The
second controller slightly increases the travel time due to the fact that more vehicles use the
route.
In general, both control methods are able to improve the outflow of the freeway link
between P and Q, and thus reduce the delay on the route from T1 to T2. This however leads
to an increase in delay and travel times on other routes. Which routes experience the largest
delay depends on the use of one or two DRIPs.

A.6 Cost-benefit trade-off
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Figure A.14: Travel times on important routes in the network.

A.6 Cost-benefit trade-off
Installing DRIPs in the network is expensive. This means that before installing a DRIP, the
costs should be compared to the benefits of the DRIP.
The costs of a DRIP consist of purchase and installation costs, and maintenance costs.
The purchase and installation costs of a DRIP are around ¤ 290000, and the maintenance
of a DRIP costs ¤ 5000 each year according to the Dutch Ministry of Transport, Public
Works, and Water Management. Assuming that the DRIPs are used during the three years
that junction P will be closed, this results in a total cost of ¤ 305000 for the duration of
the reconstruction works at junction P (3 years). The loop detectors and the ramp metering
installation are already present in the current network, or should be used in the network after
the reconstruction. So to determine the costs of the control methods, only the costs of the
DRIPs should be considered. This means that the first control strategy, which uses only one
DRIP, costs ¤ 305000, and that the second control strategy with two DRIPs costs ¤ 610000.
The benefits of a traffic control method are expressed in the reduction of the delay that
they obtain. Each vehicle delay hour costs 20 Euro. The total delay in the uncontrolled
situation is 672 h per moring peak, which is 1.4663107 h for all morning peaks during the
considered period of three years, which amounts to 14.7 million euro. The total delay for
the situation where the first route guidance method with off-ramp metering and one DRIP
are used is 633 h per morning peak, which is 4.67 · 105 h, amounting to 13.8 million euro.
The daily delay for the second controller with off-ramp metering and two DRIPs is 527.4 h
per day, which costs in total 11.5 million euro for the considered period.
An overview of all costs and benefits is presented in Table A.2. The first column presents
the costs of the DRIPs, the second the costs of the vehicle delay hours. The third column
presents the benefits that are obtained with respect to the no control case. The last column
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no control
RM + 1 DRIP
RM + 2 DRIPs

equipment costs
0.305
0.610

delay costs
14.7
13.8
11.5

benefits
0.81
3.1

factor
2.7
5.1

Table A.2: Costs and benefits of the dynamic route guidance methods (m¤).
gives the ratio between the benefits and the costs. Normally, a measure is implemented by
the Dutch Ministry of Transport, Public Works, and Water Management when its benefits
are four times as much as that it costs. This means that the method with one DRIP provides
not enough benefits to justify the installation, while the method with two DRIPs does. But
note that in other countries other factors can be used, and that the possibilities to use the
DRIPs after the reconstruction period can have an impact on the choice to install one or two
DRIPs.

A.7 Conclusions
We have performed a case study on the network of Eindhoven, which will undergo a major
reconstruction in the coming years. The situation during this reconstruction has been used
to illustrate the potential benefits of dynamic route guidance. First, a microscopic model
of the network has been made using the modeling software Paramics. Then, a basic route
guidance method has been developed, which gives an indication of the effects that could be
reached with route guidance. Also, a cost-benefit trade-off is performed to compare different variants of the developed route guidance method. The obtained results are encouraging,
and form a basis for the development of advanced route choice controllers.
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Samenvatting
Motivatie
De capaciteit van het huidige wegennetwerk is niet groot genoeg om de verkeersvraag aan
te kunnen. Dit zorgt ervoor dat files op het wegennet een dagelijks terugkerend verschijnsel
zijn geworden. Hoewel het een illusie is dat het fileprobleem binnen een paar jaar volledig
opgelost kan worden, kan de huidige situatie wel verbeterd worden. Dit is noodzakelijk
omdat files nadelige gevolgen hebben voor weggebruikers, zoals langere en onbetrouwbare reistijden en hogere kosten. Ook hebben files een nadelige invloed op de omgeving en
de omwonenden: ze veroorzaken vervuiling en geluidsoverlast en zorgen voor onveilige
situaties in bijvoorbeeld woonwijken en winkelcentra. Het doel van het onderzoek dat beschreven is in dit proefschrift is het ontwikkelen van methodes om het verkeer te regelen
waarmee de situatie verbeterd kan worden voor zowel de weggebruikers als voor de omgeving.
Gecombineerde regeling van snelwegen en locale wegen
Doordat er steeds meer wegen komen op een klein oppervlak, wordt de invloed die de
verschillende soorten wegen op elkaar hebben steeds groter. Om het verkeer op plaatsen
waar snelwegen en lokale wegen sterk met elkaar verbonden zijn, effectief te kunnen blijven regelen, moeten de maatregelen op beide soorten wegen gekoppeld worden. Hiervoor
ontwikkelen we een model dat zowel het snelwegverkeer als het stadsverkeer kan beschrijven. Voor het snelwegverkeer gebruiken we met het bestaande model METANET. Voor het
stadsverkeer gebruiken we een wachtrijmodel ontwikkeld door Kashani en Saridis, uitgebreid met horizontale rijen, het blokkeren van kruispunten en een kleinere simulatietijdsstap.
De twee modellen worden met elkaar verbonden door het modelleren van toe- en afritten.
Het resultaat is een efficiënt model dat geschikt is voor gebruik in modelgebaseerde on-line
verkeersregelmethoden. We ontwikkelen een regelmethode gebaseerd op ‘model predictive
control’ (modelgebaseerd voorspellend regelen), waarbij een voorspelling gemaakt wordt
van de verkeersstromen, en aan de hand van deze voorspelling de beste instellingen voor de
maatregelen bepaald worden. Voor het maken van de voorspelling gebruiken we het hierboven beschreven model voor snelwegen en locale wegen.
Regelen van routekeuze
Verkeersmaatregelen beïnvloeden indirect de routekeuze van weggebruikers. Dit effect kan
gebruikt worden om de efficiëntie van de maatregelen te vergroten. Het routekeuze-proces
bestaat uit twee delen: de routekeuze binnen een dag en de routekeuze van dag tot dag.
De routekeuze binnen een dag beschrijft de keuzes die weggebruikers maken terwijl ze
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onderweg zijn, terwijl de dag tot dag routekeuze beschrijft hoe de voorkeur voor een route
verandert over verschillende dagen.
Eerst bekijken we de keuze binnen een dag, met als voorbeeld een toeritdoseringsinstallatie. Deze installatie zorgt voor een rij op de toerit die de reistijd via deze toerit langer
maakt. Als gevolg van deze langere reistijd zullen sommige weggebruikers een andere route
kiezen. We ontwikkelen twee verschillende modellen die dit effect beschrijven, en gebruikt
kunnen worden in de regeling van de toeritdoseringsinstallatie: een dynamisch toedelingsmodel en een routekeuzemodel gebaseerd op een look-up tabel. Op deze manier kan de
regelmethode voor de toeritdosering verbeterd worden.
De routekeuze van dag tot dag beschrijven we met behulp van het tweede model, gebaseerd op de look-up tabel. Hierbij worden de waardes in de tabel aangepast met behulp van ‘Bayesian learning’. Het model veronderstelt dat de routekeuze gebaseerd is op
een combinatie van de huidige voertuigdichtheid en de reistijden op eerdere dagen. Met
dit model bekijken we behalve toeritdosering ook de effecten van afritdosering en de resultaten die bereikt kunnen worden met het tonen van reistijdinformatie op dynamische
route-informatiepanelen. Hierbij nemen we aan dat als de reistijd op deze panelen duidelijk
verschilt van de reistijd die de weggebruikers verwachten, een deel van de weggebruikers
een andere route zal kiezen. We ontwikkelen een modelgebaseerde regelmethode die de
reistijdinformatie op dynamische route-informatiepanelen combineert met variabele snelheidslimieten, om zo de routekeuze van weggebruikers actief te kunnen beïnvloeden.
De routekeuzemodellen zoals hiervoor beschreven zijn rekenintensief. Daarom hebben we ook een eenvoudig routekeuzemodel ontwikkeld dat de routekeuze van dag tot dag
beschrijft. Op basis van dit model kunnen relatief snel schattingen van het routekeuzegedrag gemaakt worden, waardoor het model geschikt is om een eerste indruk te krijgen van
de verkeersverdeling, om gebruikt te worden in on-line optimalisatie-algoritmes of om als
startpunt te gebruiken voor complexere optimalisatie-algoritmes. In dit proefschrift gebruiken we het model in een regelmethode voor variabele snelheden en intensiteitsbeperkingen.
Het doel van deze methode is het beïnvloeden van de routekeuze zodat de prestatie van het
verkeersnetwerk verbeterd kan worden.
Het installeren van maatregelen in de praktijk
Voordat verkeersmaatregelen in de praktijk toegepast kunnen worden, moet aandacht besteed worden aan verschillende praktische zaken. We geven een kort overzicht van onderwerpen die van belang zijn, en onderzoeken specifiek de invloed van het bepalen van het
gemiddelde van de snelheidsmetingen. Hiervoor vergelijken we verschillende methoden
om het gemiddelde te bepalen, namelijk het tijdsgemiddelde, harmonisch gemiddelde, geometrisch gemiddelde, plaatsgemiddelde en het geschatte plaatsgemiddelde gebaseerd op
de variatie van de instantaan gemeten snelheden van voertuigen in een segment en op de
variantie van de snelheden van voertuigen op het moment dat ze het meetpunt passeren. Elk
van deze methoden is toegepast in een snelheidsregeling op de snelweg, om de prestaties
van de regelaar te kunnen vergelijken.
Conclusies
Het verkeersnetwerk kan efficiënter benut worden als geavanceerde regelmethodes worden
gebruikt. Deze methodes kunnen bestaande en nieuwe maatregelen gebruiken om de kosten
voor de weggebruikers te verlagen en om de routekeuze van weggebruikers te beïnvloe-
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den, waardoor files en wachtrijen verminderd of verplaatst kunnen worden. Dit leidt tot
economische winst door de lagere reistijden, verbetert de leefbaarheid door het reduceren
van vervuiling en geluidsoverlast, en verbetert de veiligheid door het realiseren van lagere
voertuig-intensiteiten in woonwijken en stadscentra.
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Summary
Motivation
The growth of our road infrastructure cannot keep up with the growing mobility of people,
and the corresponding increase in traffic demand. This results in daily congestion on the
freeways. It is an illusion that the problem of congestion can be solved completely within
a few years, but it is possible to improve the current situation. This is necessary since the
congestion on the roads has disadvantages for the drivers, including long travel times and
high economic costs. It has also disadvantages for the surroundings of the roads, where
the increased traffic load results in e.g., pollution, noise, and unsafety in residential areas.
The goal of this thesis is to develop model-based traffic control methods that improve the
situation for the drivers as well as for the environment.
Mixed urban and freeway control
Due to the growing density of the road networks, freeways and urban networks become
tightly coupled. This requires that the control on the two types of roads should also be
coupled. Therefore we develop a mixed urban-freeway model that combines a macroscopic
freeway model with an urban queue length model. For the macroscopic model we use the
traffic flow model METANET. The urban queue length model is based on a model developed
by Kashani and Saridis, extended with horizontal queues, blocking effects, and a shorter
time step. The two models are coupled via the modeling of on-ramps and off-ramps. The
obtained macroscopic model can simulate traffic flows efficiently, and thus is suitable for the
use in a model-based control setting. We develop such a model-based control method that
uses model predictive control, with the mixed urban-freeway model as prediction model.
Route choice control
Control measures can also be used to influence route choice. Route choice is a complicated
process that can be divided into two main processes with a different time scale. The withinday route choice focuses on the choices that drivers make during their trip, while the dayto-day route choice describes the change in route choice from one day to the next.
We first discuss the effect of ramp metering on within-day route choice. By installing
a ramp metering installation at an on-ramp, the density – and thus the travel time – on the
freeway as well as on the on-ramp itself is changed, which influences the route choice.
We develop two different methods to include route choice in model-based controllers: a
dynamic traffic assignment model, and a model based on a look-up table determined via
Bayesian learning. Second, we investigate day-to-day route choice using the Bayesian
learning model. We assume that drivers base their route choice on a combination of the
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density and the corresponding travel times experienced on previous days. With the model
based on Bayesian learning, in addition to the on-ramp metering, we also briefly explore the
effects that can be obtained with the use of off-ramp metering. Another measure that can
be used to influence the route choice is displaying travel time information on dynamic route
information panels. Displaying travel times with a large enough difference can encourage
drivers to change their route choice. We model the drivers’ reaction on the route information, and develop a controller that actively influences the route choice of the drivers using
information on dynamic route information panels in combination with variable speed limits.
Since route choice models as described above in general require large computational efforts, we also formulate a simplified route choice model for day-to-day route choice that can
be used to obtain fast predictions of the route choice behavior, and that is suitable to obtain
a first impression of the traffic assignment, for use in on-line optimization algorithms, or
as initial value for more complex optimization algorithms. We use this model in a modelbased control setting where the objective of the controller is to influence the route choice,
and investigate in particular speed limit control and outflow control.
Practical control issues
To apply model based controllers in practice, several practical issues have to be considered.
We present a short overview of interesting issues, and next we explicitly investigate the effect of averaging method that is used for the speed measurements. We compare the time
mean speed, harmonic mean speed, geometric mean speed, time average space mean speed,
and the estimated space mean speed based on instantaneous speed variance and based on
local speed variance. All averaging methods are applied in a freeway speed limit control
method, to investigate the influence of the averaging method on the controller performance.
Conclusions
The current traffic infrastructure can be used more effectively when advanced control
algorithms are used. Existing traffic control measures can be used to decrease the costs for
the drivers, and to relocate the traffic flows via influencing the route choice. This results in
economical benefits due to shorter travel times, environmental benefits due to the reduction
of pollution and noise, and safety benefits due to the lower flows in urban areas.
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