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A B S T R A C T

Urban transport infrastructure is under increasing pressure as more and
more people want to live in cities and surrounding metropolitan areas.
This development leads to increasing congestion, which deteriorates the
level of service of networks and results in externalities. Targeted traf�c
management is an important component in counteracting these effects
and meeting the mobility challenges in urban areas. Since transportation
networks are complex systems, machine learning has gained importance in
transportation research. This dissertation aims to solve traf�c engineering
problems by exploring the potential of machine learning in the �eld of
traf�c management. Approaches for challenges at three levels in a network
are proposed: at an intersection, a perimeter/corridor, and at a large-scale
network level.

The �rst part of this thesis focuses on signal phase timing prediction at
an isolated urban intersection. A framework is developed for multi-modal
intersection systems to predict the duration of the next signal phase of a
fully actuated signal control system. Based on an empirical data set from
the city of Zurich 1, physically informed feature engineering is performed
to evaluate state-of-the-art machine learning techniques (linear regression,
random forest, long short-term memory neural network). We �nd that
applying machine learning with feature engineering based on traf�c �ow
theory is a promising tool for predicting signal phase timings when the
traf�c signal control system is proprietary.

The second part focuses on inferring traf�c conditions in an urban area
with novel sensor technologies. Measurements of traf�c �ow and travel
times are obtained from various sensors and compared to a ground truth
data set. In this �rst part of the study, we �nd that thermal cameras and
a license plate algorithm can accurately determine traf�c �ow. However,
the analysis of travel time measurements shows that the WiFi module of
the thermal cameras and Google distance matrix data cannot accurately
replicate the current traf�c conditions in the area. Moreover, we propose a
simple but ef�cient linear regression model that performs data fusion of
moving sensors (a vehicle �eet fraction of 5%), static loop detectors, and
traf�c signal data. We �nd that (a) 5% of ground truth is insuf�cient to

1 The data set is publicly available via https://doi.org/ 10.3929/ethz-b- 000556642
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represent travel time for a given route, and (b) data fusion with a simple
linear model can signi�cantly reduce travel time prediction error.

Finally, the third part of this thesis presents a novel approach to traf�c
management with dynamic congestion pricing. We focus on developing a
dynamic pricing system for multi-regional urban networks with machine
learning. For this purpose, the optimal routing decisions of the system
are derived �rst by solving a linearized optimization problem. Based on
the optimal solution and the user's route choice, neural network models
that capture the user's travel behavior are trained. Consequently, these
models can be used to determine the dynamic price functions. We show
that a linear solution of the model's system optimum is accurate and can
be computed in real-time. We also �nd that applying the dynamic price
functions signi�cantly reduces the total time spent and the total distance
traveled.

The research presented in this thesis has applications for research and
practice. First, sophisticated feature engineering and the application of
machine learning improve (a) prediction of signal phase timings, (b) traf�c
state estimation, and (c) traf�c conditions by applying dynamic pricing
based on users' (optimal) travel behavior. Second, although data availability
continues to increase, appropriate data processing and the ability to deal
with aggregation and scarcity are of great importance depending on the
network's level of detail. Third, the study results show that data-driven
traf�c management enables models to capture complex and highly non-
linear traf�c dynamics, which is of great importance to provide ef�cient
and sustainable solutions in the future.
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Z U S A M M E N FA S S U N G

Die städtische Verkehrsinfrastruktur steht unter zunehmendem Druck, da
immer mehr Menschen in Städten und den umliegenden Ballungsräumen
leben wollen. Diese Entwicklung führt zu einer zunehmenden Überlastung,
die das Leistungsniveau der Transportnetzwerke verschlechtert und zu ex-
ternen Effekten führt. Ein zielgerichtetes Verkehrsmanagement ist ein wich-
tiger Baustein, um diesen Effekten entgegenzuwirken und den Mobilitäts-
herausforderungen in städtischen Gebieten zu begegnen. Da Verkehrsnetze
komplexe Systeme sind, hat maschinelles Lernen in der Verkehrsforschung
an Bedeutung gewonnen. Diese Dissertation zielt darauf ab, verkehrstech-
nische Probleme zu lösen, indem das Potenzial des maschinellen Lernens
im Bereich des Verkehrsmanagements erforscht wird. Es werden Ansätze
für Herausforderungen auf drei Ebenen in einem urbanen Transportnetz-
werk vorgeschlagen: an einem Knoten, in einem Perimeter/Korridor und
in zusammenhängenden Stadtregionen.

Der erste Teil dieser Arbeit befasst sich mit der Vorhersage von Signal-
zeiten an einer isolierten städtischen Kreuzung. Es wird ein Framework
für multimodale Kreuzungssysteme entwickelt, um die Dauer der nächste
Signalphase einer vollständig aktuierten Signalsteuerung vorherzusagen.
Basierend auf einem empirischen Datensatz der Stadt Zürich2, wird ein
Feature Engineering mittels der Verkehrs�usstheorie durchgeführt, um
modernste maschinelle Lerntechniken (lineare Regression, Random Fo-
rest, neuronales Netzwerk mit Long short-term memory) zu evaluieren.
Wir stellen fest, dass die Anwendung von maschinellem Lernen mit Fea-
ture Engineering auf der Grundlage der Verkehrs�usstheorie ein vielver-
sprechendes Werkzeug für die Vorhersage von Signalzeiten ist, wenn das
Lichtsignalsteuerungssystem proprietär ist.

Der zweite Teil konzentriert sich auf die Ableitung des Verkehrszustands
in einem städtischen Gebiet mit neuartigen Sensortechnologien. Messda-
ten des Verkehrs�usses und der Reisezeiten werden von verschiedenen
Sensoren ermittelt und mit einem Basisdatensatz verglichen. In diesem
ersten Teil der Studie stellen wir fest, dass Wärmebildkameras und ein
Nummernschildalgorithmus den Verkehrs�uss genau bestimmen können.
Die Analyse der Reisezeitmessungen zeigt jedoch, dass das WiFi-Modul der

2 Der Datensatz ist über https://doi.org/ 10.3929/ethz-b- 000556642öffentlich zugänglich
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Wärmebildkameras und Google-Distanzmatrixdaten die aktuelle Verkehrs-
situation in dem Gebiet nicht akkurat wiedergeben können. Darüber hinaus
schlagen wir ein einfaches, aber ef�zientes lineares Regressionsmodell vor,
das eine Datenfusion von beweglichen Sensoren (ein Fahrzeug�ottenan-
teil von 5%), statischen Schleifendetektordaten und von Lichtsignaldaten
durchführt. Wir stellen fest, dass (a) 5% der Grundwahrheit nicht ausrei-
chen, um die Reisezeit für eine bestimmte Strecke zu ermitteln und (b)
die Datenfusion mit einem einfachen linearen Modell den Fehler bei der
Reisezeitvorhersage erheblich reduzieren kann.

Final wird im dritten Teil der Arbeit ein neuartiger Ansatz für das Ver-
kehrsmanagement mit dynamischer Preisgestaltung für Staus vorgestellt.
Wir konzentrieren uns auf die Entwicklung eines dynamischen Beprei-
sungssystem für multiregionale städtische Netze mit maschinellem Lernen.
Dafür werden vorerst die optimalen Routenentscheidungen des Systems
durch die Lösung eines linearisierten Optimierungsproblems abgeleitet.
Auf der Grundlage der optimalen Lösung und der tatsächlichen Routen-
wahl werden Modelle trainiert, die das Reiseverhalten der BenutzerInnen
erfassen und es ermöglichen dynamischen Preisfunktionen abzuleiten. Wir
zeigen, dass eine lineare Lösung des Systemoptimums akkurat ist und
in Echtzeit berechnet werden kann. Wir stellen außerdem fest, dass die
Anwendung der dynamischen Preisfunktionen den gesamten Zeitaufwand
und die zurückgelegte Strecke aller BenutzerInnen erheblich reduziert.

Die in dieser Arbeit vorgestellten Untersuchungen haben Auswirkungen
auf Forschung und Praxis. Erstens verbessern ein ausgeklügeltes Feature-
Engineering und die Anwendung von maschinellem Lernen (a) die Vorher-
sage von Signalzeiten, (b) die Schätzung des Verkehrszustands und (c) die
dynamische Preisgestaltung auf der Grundlage des (optimalen) Reisever-
haltens der NutzerInnen. Zweitens, obwohl die Datenverfügbarkeit weiter
zunimmt, sind eine angemessene Datenverarbeitung und die Fähigkeit,
mit Aggregation und Knappheit umzugehen, je nach Detaillierungsgrad
des Netzes von großer Bedeutung. Drittens zeigen die Ergebnisse der Stu-
die, dass ein datengesteuertes Verkehrsmanagement robuste und ef�ziente
Lösungen ermöglicht.
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1
I N T R O D U C T I O N

Tell me and I forget. Teach me and I remember. Involve
me and I learn.

— Benjamin Franklin

1.1 background and context

In recent decades, rural depopulation increased, and more people moved
to urban areas. In 2020, around 56% of the world's population had their
center of life in cities around the world. In addition, forecasts show that
these 4.4 billion people will approximately double by the year 2050(The
World Bank, 2020). More people in urban areas living together in limited
space also corresponds with rising demand for housing, basic services
infrastructure, healthcare, job opportunities, and mobility. Especially the
challenge of providing functional and ef�cient transportation systems puts
signi�cant pressure on today's available infrastructure. In addition, not all
transportation modes in cities are sustainable.

A review of the modal shares (the percentage of people using a particular
transport mode) in several cities shows that the most sustainable options
(walking, cycling, public transportation) are not always the most chosen.
For example, Vienna, Austria, is considered one of the most livable cities
worldwide in well-established rankings. Looking at the modal share of
Vienna between the years 2014to 2019, the statistics reveal that, on aver-
age, 38% of all trips were covered by public transportation, followed by
27% walking and 7% cycling. Although this indicates a high acceptance
of sustainable transport, 28% of all trips were covered by personal motor-
ized vehicles (Heller, 2021). A similar picture can be drawn for Zurich,
Switzerland, also known for its high share of public transportation. The
modal share shows that 25% of all trips are covered by cars (41% public
transportation, 26% walking, and 8% cycling) (Dorbritz, 2020).

Although personal motorized vehicles do not show the highest share in
these two examples, the major problem is that this transport mode is the
most inef�cient option in urban areas. Several external effects are caused by
car traf�c, such as high space consumption (while in use and when parked),

1
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air pollution, noise, accidents, and congestion that the users do not have to
accommodate (Hansen,2018).

Without neglecting the importance of the other effects, congestion is of
particular interest as its mitigation is one way to reduce external effects,
secure an acceptable performance of transportation networks, and ensure
the quality of living. Considering that urban areas will continue to grow in
the near future, one obvious solution for the problem at hand is to assign
more space to personal motorized transportation. However, it has been
shown in research and practice that adding additional lanes does not lead
to a long-term reduction of congestion (Ewing et al., 2018; Weis & Axhausen,
2009). In addition, space is limited in urban areas, so increasing circulation
areas for private vehicles is not a sustainable solution.

A more productive way to tackle congestion problems is to design and
implement traf�c management strategies. Various technologies have been
proposed in the last decades that (a) operate on different scales in the
transportation network (intersection-, perimeter/corridor-, and city-level)
and (b) utilize different types of data, dependent on the operation scale.
For example, traf�c operators might aim to optimize a traf�c signal control
system on a main arterial or look for solutions to manage incoming traf�c
into a city region. Both examples differ regarding the scale and data re-
quirements. Especially what data can be acquired and utilized for modeling
depends on the type and availability of sensors in the urban area.

Throughout decades, traf�c data's availability, type, resolution, and ac-
curacy evolved due to the increasing permeation of technology. Whereas
Greenshields's observations on the relationship between traf�c �ow and
traf�c density in the 1930s were based on a16mm simplex movie camera
and manual processing of a limited amount of samples (Greenshields et al.,
1935), today, a more extensive pool of sensors (e.g., loop detectors, thermal
cameras, or data from vehicles directly) and processing methods is avail-
able (Antoniou et al., 2011b). As a result, more sophisticated methods have
been proposed to explore, capture and manage complex traf�c dynamics.
The growing availability of extensive data from multiple sensors and traf�c
control systems (e.g., traf�c signal control) in urban areas allows for the
application of machine learning techniques and drives the development of
complex management approaches (Modi et al., 2022).

Therefore, the next subsections �rst introduce related works of traf�c
management systems and typical data sources used. Afterward, we shed
light on recent applications of machine learning to such systems, and the
most commonly utilized techniques are discussed.
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1.1.1 Related work on traf�c management systems

Transportation systems are modeled as a demand-supply system (Cascetta,
2013). Thereby, the traf�c demand is the aggregated outcome of individual
user decisions such as (a) if a trip is taken or not, (b) the departure time
of that trip, (c) the choice of transport mode, and (c) the user's route
choice (Papageorgiou et al.,2007). Consequently, the given traf�c demand
results from all the individual user decisions and should be served by the
supply side of a transportation network, i.e., the available infrastructure
and its corresponding capacity. If traf�c demand exceeds the capacity of a
network, we experience congestion.

Traf�c management offers a broad spectrum of tools to tackle conges-
tion problems on the demand side. Traf�c demand management aims to
in�uence the user's choice of transport mode (e.g., public transportation,
ride-sharing, or ride-pooling) or to provide incentives to shift users' de-
parture times. The implications of demand management strategies are
discussed in works such as (Gärling & Schuitema, 2007) or (Tian et al.,
2022). On the other hand, traf�c management focusing on supply takes the
traf�c demand as an exogenously given quantity. Methods aim for solutions
to mitigate congestion and maintain traf�c at a level so that oversaturated
conditions are avoided. Again, a broad spectrum of methodologies has
been proposed, where approaches operate at different scales. Here, we
investigate methods at the intersection, perimeter/corridor, and large-scale
network level.

First, looking at an intersection in an urban setting, different signal control
strategies are one of the most prominent forms of traf�c management. Apart
from well-known �xed-time traf�c signal control systems (the system is
not responsive to traf�c demand or priority for any transport mode), fully-
actuated and adaptive systems are getting more attention in research and
practice. Methodologies such as Zheng and Recker,2013or Lämmer and
Helbing, 2008have shown that optimization-based systems can serve traf�c
more ef�cient and can react �exibly to demand changes and prioritization
of public transportation. The most commonly used sensor technology at
intersections to support these signal control systems are Eulerian sensors
such as loop detectors, radars, and infrared cameras (Antoniou et al., 2011a).
The sensor data is usually utilized with high resolution in time and space
(e.g., a time resolution of 1sec for every intersection approach). As fully-
actuated or adaptive signal controllers impose variability in traf�c lights'
green-, red-, and cycle times, the utilization of these quantities becomes
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challenging as the controller is proprietary. To provide an approach for
deriving signal phase timings without having knowledge of the deployed
control algorithm, the forecasting of traf�c signal phase duration becomes
important. However, the non-linear relationship between vehicle detections
and traf�c signals is not straightforward to model and provides a challenge
for the prediction/estimation of these quantities. So far, the literature has
mainly focused on semi-actuated signal control systems when predicting
signal phase timings (see, Protschky et al.,2014b; Ibrahim et al., 2019; Zhu
et al., 2013).

Apart from serving traf�c ef�ciently at individual intersections in urban
transportation networks, methods focusing on corridors or perimeters 1

are another important branch of urban traf�c management. The tools at
this scale require information on the current traf�c state in the area under
investigation. The common traf�c �ow variables �ow, density, and space-
mean speed are utilized to describe the traf�c state in an urban perimeter. In
addition, variations of these quantities such as the travel time or the travel
delay are frequently used to determine the level of service in a network
(see, e.g., Menelaou et al.,2019; Lee et al.,2009). One challenge that these
approaches have to deal with is the scarcity and variety of sensors in urban
areas. Consequently, there is a set of sensor data available that differs in
terms of the (a) accuracy, (b) noise level, (c) set of quantities that can be
derived from a particular sensor, (d) density of sensors in a study area, and
(e) data resolution in space (and also time). In the literature, various sensor
types have been explored, ranging from Eulerian sensors to Lagrangian
sensors such as GPS, �oating car data, or data from Connected Automated
Vehicles (CAV). Also, the given data is not only explored stand-alone.
Data fusion techniques allow to combine different data using each of their
strengths to enhance traf�c variable estimates (Rostami Shahrbabaki et al.,
2018; Cipriani et al., 2012).

Finally, traf�c management strategies are also applied to city regions
or even a set of regions. These approaches usually investigate aggregated
traf�c �ow quantities for corresponding regions. The aggregation of data
helps to describe a city region's traf�c state as the aforementioned scarcity
and variety of data increases with the size of the area under investigation.
Hence in large-scale urban networks, quantities such as traf�c �ow or traf-
�c density cannot be determined on all individual links in the network.
Consequently, aggregated approaches are needed, such as the Macroscopic

1 Here, a perimeter is de�ned as an urban area with multiple street segments and/or intersec-
tions. One should not mistake such a perimeter with one that research speci�es when applying
perimeter control, which in most cases is a large-scale urban region.
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Fundamental Diagram (MFD), which represents the fundamental relation-
ship between aggregated traf�c �ow and traf�c density (Geroliminis &
Daganzo, 2008b). The concept of MFD is incorporated into macroscopic
traf�c models (e.g., aggregated region models implemented in Ramezani et
al., 2015; Sirmatel et al., 2021a) and applied to numerous traf�c control and
management methodologies. Perimeter control is one of these approaches
that got much attention in the last decade. The method signi�cantly reduces
user delay in a protected region by controlling traf�c lights at the region
border (Keyvan-Ekbatani et al., 2012; Geroliminis et al., 2013; Kouvelas
et al., 2017a; Yildirimoglu et al., 2018; Sirmatel & Geroliminis, 2021). An
additional approach that has gained much attention but is also known
for its limited popularity in practice is congestion pricing. Several prac-
tical implementations, such as in Gothenburg, Sweden, London, United
Kingdom, or Singapore, have shown that the method is bene�cial and
congestion is reduced (Eliasson,2017). Nevertheless, the pricing schemes
remain rather simple in practice. Either a �xed price is used (that might be
frequently revised, e.g., in Singapore), or pricing is based on the daily traf�c
demand (peak hours are priced higher than off-peak hours). Consequently,
the pricing is not dynamic and also not coupled to the traf�c state in the
transportation network. Therefore, works such as Zheng and Geroliminis,
2020; Gu et al., 2019; Chen et al., 2021focused on dynamic pricing by utiliz-
ing optimization, surrogate modeling, and a simple proportional-integral
controller.

1.1.2 Machine learning in traf�c management and challenges

Machine learning represents learning patterns from raw data so that control,
prediction, or classi�cation tasks can be performed (Bengio et al., 2017).
The �eld of machine learning contains an extensive number of different
models for tackling various problems. Primarily, we have to differentiate
supervised, semi-supervised, and unsupervised learning problems. Super-
vised learning is based on a data set with labeled data. Consequently, the
input and the output are known in the data set. Semi-supervised learning
constitutes tasks where only partially labeled data is available, i.e., not all
outputs are available to learn patterns. Finally, unsupervised learning tasks
handle data sets without the presence of labels. Furthermore, the type of
data allows for a second differentiation of machine learning tasks. Here,
the literature distinguishes between classi�cation, regression, and cluster-
ing problems (Campesato, 2020). The simplest form of a transportation
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classi�cation problem, where the labels are represented as categories, is,
e.g., to identify a car or a bike on a given image. This binary classi�cation
problem is tackled by a data set that contains two labels, e.g., the label 0
for a car and the label 1 for a bike. The categories a classi�cation model is
trained on are not limited to a binary representation - data sets can contain
multiple categories (see works such as Gupte et al., 2002; Boukerche et al.,
2017). Second, regression problems are learning tasks where the label is
represented by continuous values. For example, the prediction of traf�c �ow
or travel times in the next hour is achieved by learning the traf�c dynamics
from input data and corresponding labels (e.g., Smith and Demetsky, 1994;
Xu and Jiang, 2020; Kwon et al., 2000). Finally, when a data set does not
contain labels, one of the most prominent methods is clustering e.g., �nding
clusters of macroscopic traf�c patterns (Ambühl et al., 2021).

Commonly used examples of such machine learning models are linear
regression (LR), logistic regression, random forest (RF), support vector
machine (SVM), gradient boosting methods, and arti�cial neural networks 2.
Over time, several different types of neural networks have been proposed,
such as Multi-Layer Perceptrons (MLP), Convolutional Neural Networks
(CNN), Recurrent Neural Networks (RNN), and Long Short Term Memory
(LSTM) neural networks. In addition, recent research combines different
architectures to compose model ensembles that outperform stand-alone
architectures. Note that this list is not exhaustive and that new approaches
are constantly being developed or re�ned to replace older methods. Also,
one should not neglect other sub-�elds, such as reinforcement learning,
that also gained recent attention in transportation.

Again, we analyze the three introduced scales in transportation net-
works regrading the application of machine learning techniques. Although
optimization-based approaches for signal control systems have shown per-
formance improvements compared to �xed-time control strategies, machine
learning techniques are more frequently used. Models and methods such
as neural networks or fuzzy logic have been utilized to design traf�c signal
control systems, which have been shown to outperform traditional sys-
tems (Araghi et al., 2015). In addition, studies implementing reinforcement
learning techniques have shown promising performance in ef�ciently serv-
ing traf�c at an intersection (Mannion et al., 2016). Apart from the design
of traf�c signal controllers, the prediction of relevant control quantities
becomes more important. As adaptive and actuated signal control systems

2 Note that the family of arti�cial neural networks belongs to the �eld of deep learning, that
constitutes a sub-�eld of machine learning (LeCun et al., 2015; Bengio et al., 2017)
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introduce non-constant traf�c signal timings. However, knowledge of the
cycle, red, or green time is essential for motion planning or speed advisor
systems. Therefore, a robust and accurate prediction of these quantities
become more important. Although a growing number of studies deploy ma-
chine learning models for such tasks (e.g., Islam et al., 2022), the prediction
of signal phase timings for fully-actuated systems with machine learning
has not been analyzed in detail. Chapter 2 tackles this problem by designing
a framework for signal phase prediction with supervised machine learning
techniques.

Also, when managing traf�c in urban perimeters/corridors, machine
learning techniques have been utilized to (a) estimate or predict traf�c
variables such as �ow, speed, or travel times directly, or (b) perform data
fusion to estimate the traf�c state or corresponding variables. For exam-
ple, Yao et al., 2017perform short-term predictions of speed in an urban
corridor with SVM models. The performance of these models is assessed
against GPS data from taxis. Another study from Polson and Sokolov, 2017
predicts the traf�c �ow at different locations of an urban corridor. The
work adopts deep neural networks in combination with an attention model
allowing to identify input importance. Performance is assessed against loop
detector data from an open-source database. Finally, travel time predictions
are investigated in Qiu and Fan, 2021with four different types of machine
learning algorithms. The performance is assessed against measurement data
from deployed sensors in the network. However, a gap is identi�ed in the
literature when comparing model estimations or predictions of traf�c �ow
variables to ground-truth measurements of an urban area. Usually, studies
assess their results against other available sensor data without considering
the potentially given error of that comparison data set. We address this gap
with an experimental measurement campaign presented in Chapter 3.

Alongside the estimation of traf�c states, data fusion techniques are
frequently utilized to combine different data sources to enhance model
quality. Kashinath et al., 2021collect an extensive number of publications
that investigate data fusion with various types of sensors and also include
methodologies that apply machine learning. Kashinath et al., 2021 also
highlights the potential of data from CAVs that so far are not explored for
data fusion systems. In regard to this, we present a simple machine learning
approach fusing traditional sensor data with CAV data sampled from our
ground-truth data set in Chapter 3.

Finally, machine learning techniques also �nd their application to tackle
large-scale urban network problems. For example, Mohanty et al., 2020
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forecasts traf�c congestion with an LSTM neural network and derives
a neighborhood congestion score. Shukla et al., 2020utilizes a spatially-
induced LSTM to predict the current traf�c conditions, which are then
fed to a proposed algorithm for toll determination. Besides neural net-
works, reinforcement learning is also utilized to tackle optimal pricing with
promising results (Sato et al., 2021; Zhu & Ukkusuri, 2015; Mirzaei et al.,
2018).

Although efforts have been made in the direction of pricing with ma-
chine learning techniques in large-scale urban networks, there are limited
investigations so far on how machine learning can help to understand the
travel behavior in a transportation network. In addition, understanding
the network's optimal traf�c distribution can help utilize machine learning
models to in�uence users' route choices with pricing. The pro�tability of
such system designs is only partially explored in the literature and we �ll
this gap in Chapter 4.

1.2 research objectives and scope

Based on the identi�ed potential of machine learning for transportation
management, this thesis tackles three problems at (a) an intersection level
focusing on the prediction of signal phase timings, (b) a perimeter/corridor
level by assessing different sensor technologies and highlighting the poten-
tial of simple machine learning models for data fusion, and (c) a large-scale
level investigating dynamic pricing in a multi-region network.

In the following, the research objectives for the three research problems
are de�ned, and the thesis's scope is outlined.

1.2.1 Objectives

The thesis aims for the following research objectives (Obj.) according to the
investigated and de�ned scales, respectively:

Obj. 1 The prediction of signal phase timings for fully-actuated signal
control systems at an urban intersection
The development of an approach that predicts the next signal phase
by capturing the non-linear relationships between traf�c signal and
loop detector data. A framework should allow for the comparison of
state-of-the-art machine learning models that can be readily applied
to multi-modal intersection systems in�uenced by the priority of
public transportation.
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Obj. 2 The assessment and estimation of traf�c states in urban trans-
portation perimeters
A methodology that evaluates novel sensor technologies for cap-
turing the traf�c state in an urban test perimeter. To guarantee a
robust assessment, a measurement campaign should be performed
to obtain a ground-truth data set. Additionally, the capability to
apply a simple machine learning approach for data fusion of traf�c
signals, loop detectors, and moving sensor data should be explored
to enhance traf�c state estimation.

Obj. 3 The design of a dynamic congestion pricing method in large-scale
urban networks .
Development of a pricing scheme that determines tolls to traverse a
city region based on the system optimum. The dynamic congestion
pricing should be (a) prevailing to current traf�c conditions in a
city region and (b) based on the user's travel behavior learned by a
machine learning model.

1.2.2 Scope of this thesis

The scope of this thesis is de�ned by the three levels of network scale we
investigate, as follows:

Intersection level

• As the study aims to predict the signal phase timing of a given signal
control system, the goal is to obtain the next red-phase duration
with high accuracy. On the contrary, we do not claim to improve the
ef�ciency or robustness of the traf�c signal controller.

• The area under investigation in the presented work constitutes an
isolated intersection. Regardless of the fact that a traf�c signal control
system might be coordinated with other intersections nearby, we do
not investigate those signal phase timings. We treat the system as
proprietary, which underlines the effectiveness of our approach.

• We focus only on the duration of the red phase of a traf�c signal
(later denoted as the time-to-green). This is of particular interest as
a traf�c stream is not allowed to cross the intersection and needs to
stop and wait. Nevertheless, our approach can be adapted to predict
the duration of green- or cycle times.
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Perimeter/corridor level

• The traf�c state in a network is de�ned by the traf�c �ow variables,
�ow, density, and space-mean speed. Often, studies take variations of
these quantities to describe the traf�c state. We follow this approach by
investigating the traf�c �ow and the travel time and do not investigate
traf�c density or speeds.

• As we consider an urban perimeter as our study area, intersections
are included where traf�c is controlled by traf�c signal controls. Con-
sequently, we do not compute free-�ow travel times in this study; the
quantities are "regulated" by the corresponding control systems.

• The goal of this study is to show how fusing a sample of CAV data
(modeled by sampling from the determined ground-truth) and tra-
ditional data sources (loop detector and traf�c signal data) can help
to predict travel times in an urban perimeter. We do not aim for the
development of a new data fusion methodology.

Large-scale network level

• We apply our pricing methodology to perform traf�c management
on the supply side of the transportation network. Consequently, the
demand in this study is considered as given, and we do not utilize
congestion pricing as a form of traf�c demand management.

• The study does not differentiate between different modes of transport.
We investigate aggregated vehicle accumulation and show perfor-
mance assessments due to dynamic pricing for city regions.

• The traf�c demand pro�les considered in our study assume that users
have decided on their mode of transport beforehand. Therefore, we
do not investigate a potential shift of mode choice that might occur
due to the application of our congestion pricing scheme.

1.3 research contributions

This thesis's research contributions (C) are listed according to the objectives
introduced above.

Contributions to achieving Obj. 1:

C 1. 1 The framework design allows for predicting the next signal phase
of multi-modal fully-actuated signal control systems.
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C 1. 2 The prediction of the next red phase, modeled as a supervised
learning problem, captures the complex and non-linear relation
between a traf�c signal and LD detection data from an empirical
data set.

C 1. 3 The framework requires no prior knowledge about the implemented
traf�c signal control system. Hence, the method also provides accu-
rate predictions where the signal control algorithm is proprietary.

C 1. 4 A physics-informed feature engineering incorporates the concepts
of traf�c �ow theory. The approach enhances the quality of a given
prediction model and can be used for multi-model systems with
transit priority.

Contributions to achieving Obj. 2:

C 2. 1 The implementation of an experimental campaign with multiple
sensor data to assess the accuracy of the derived traf�c states for all
sensors.

C 2. 2 The measurement of traf�c �ows and travel times (representing the
traf�c state) in the perimeter to determine the ground-truth data
set.

C 2. 3 The estimation of travel time for speci�c origin-destinations by
fusing static LD and traf�c signal data with (emulated) CAV infor-
mation with machine learning.

Contributions to achieving Obj. 3:

C 3. 1 The formulation of an ef�cient and linear optimization problem to
�nd real-time solutions for the dynamic system optimum (i.e., the
optimal route guidance problem).

C 3. 2 The design of MLP network models allows a generic application
to learn the user's travel behavior (route choice) and predict the
generalized trip costs.

C 3. 3 The derivation of demand-speci�c pricing functions for optimal
tolling in a multi-region network.
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1.4 thesis outline

The thesis focuses on three speci�c traf�c management problems in urban
transportation networks. The corresponding research objectives in this
thesis can be distinguished by two dimensions: the level of network scale
of the area under investigation and the given scarcity of available data.
Figure 1.1 depicts the thesis outline and shows where the three publications
are manifested in the two-dimensional plane.

Chapter 2 investigates traf�c management at an intersection level with
high data availability. We present a framework that allows for the prediction
of signal phase timing. In particular, the work investigates predicting the
next signal phase of fully-actuated signal control systems. We utilize state-
of-the-art machine learning models such as LR, an RF, and an LSTM neural
network whose performance is assessed against a naive baseline model.

Chapter 3 provides a reliable approach for estimating the traf�c state
in urban test perimeters with multiple data sources. We focus on traf�c
�ows and travel times to capture the traf�c state. Consequently, we assess
sensor accuracy regarding the two quantities and propose a simple but
ef�cient model to predict travel times on urban arterials. We organized a
video measurement campaign in the test area to determine the traf�c state
(a) manually for ground-truth and (b) with an algorithm for license plate
recognition. Additionally, data from established thermal imaging cameras
and the Google Distance Matrix are acquired for an extensive assessment.
Finally, 5% of the ground-truth data simulating CAVs in the test area, traf�c
signal, and loop detector data serve as an input to our estimation model.
The method highlights the effectiveness of data fusion.

Chapter 4 investigates traf�c management in large-scale urban transporta-
tion networks. We propose a dynamic congestion pricing scheme that is
prevailing to regional traf�c conditions, applicable in real-time, and shows
the effect on users' route choices. Due to the high data scarcity in large-scale
networks, we utilize a macroscopic multi-region model and consider every
region homogeneous, allowing us to utilize aggregated traf�c �ow vari-
ables for the macroscopic fundamental diagram application. We compute
the macroscopic model's dynamic system optimum and dynamic route
choice by formulating a linear optimization problem and �nding an optimal
pricing methodology by training MLP neural network models.

Chapter 5 provides a summary of the included publications of this thesis
and Chapter 6 provides a conclusion and an outlook on promising future
research directions.
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Figure 1 .1: Thesis outline





2
S I G N A L P H A S E T I M I N G P R E D I C T I O N S AT U R B A N
I N T E R S E C T I O N S

The chapter is based on the following publications:

• Genser, A., Makridis, M., Yang, K., Ambühl, L., Menendez, M., and
Kouvelas, A. (2022). Time-to-Green predictions for fully-actuated
signal control systems with supervised learning, arXiv, Under review
for publication in IEEE Transactions on Intelligent Transportation Systems.

• Genser, A., Ambühl, L., Yang, K., Menendez, M., and Kouvelas, A.
(2020). Time-to-Green predictions: A framework to enhance SPaT
messages using machine learning, paper presented at theIEEE 23rd
International Conference on Intelligent Transportation Systems (ITSC).

2.1 introduction

Digitization has substantially transformed the transportation sector over
the past decade. The availability of several new data sources (e.g., sensor
and in-vehicle technologies) enables data-driven methods to be integrated
into established traf�c management systems. In addition, new develop-
ments such as vehicle-to-infrastructure (V 2I) communications open the
possibility for new methodologies that utilize infrastructure data for mo-
tion planning, speed advisory systems, or route choice (Claussmann et al.,
2020). Recent developments in traf�c signal control at urban intersections
(e.g., fully-actuated signal control (Zheng & Recker, 2013), self-steering
algorithms (Lämmer & Helbing, 2008) affect signal phasing and result in
different green, red, and cycle times. Therefore, it would bene�t speed
advisory systems if the duration of a future signal phase is known. Ideally,
fewer vehicles have to stop when crossing an intersection and uncertainty
for other transportation modes is reduced. Signal phasing and timing (SPaT)
messages provide the necessary information. Unfortunately, determining
the future phase duration of fully-actuated signal control systems is not
trivial reverse engineering as predictions depend on Loop Detector (LD)
detections that occur after the forecast is applied. Also, such systems typi-
cally involve complex optimization, which constitutes a barrier to applying

15
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SPaT messages in practice. Therefore, a sophisticated modeling approach
using traf�c signals and LD data for accurate predictions is still a subject of
research.

In this chapter, we propose a methodology to forecast the duration of the
following red phase (i.e., when a traf�c stream is not allowed to cross the
intersection and a stop is required). By providing an accurate prediction for
the next red-phase (denoted as the Time-to-Green (T2G) in this work) with
Machine Learning (ML) models, we can enhance SPaT messages. We utilize
empirical traf�c signal and LD data based on previous work (Genser et al.,
2020b), and compute domain-speci�c features for time series forecasting.
We �rst introduce a simple reference model: “no-change”, a dummy model
that utilizes the duration of the last occurring red phase to justify the use of
ML. Then, a selection of complex models found to be strong candidates for
various ML problems are compared against the dummy case. Finally, we
implement a LR, RF regressor, and a LSTM neural network. The proposed
framework allows for (a) the processing of empirical traf�c signal and LD
data, (b) extensive feature engineering, and (c) the assessment of supervised
machine learning models' phase predictions. A numerical experiment in
Zurich, Switzerland, is conducted to prove the concept. A data set from a
fully-actuated signal control system, consisting of historical LD and traf�c
signal data, is utilized. The area under investigation also includes a priority
for public transportation (i.e., signal priorities frequently change the control
behavior of the intersection), which further demonstrates the complexity of
the problem.

An accurate prediction of the T 2G can not only help the improvement
of speed-advisory systems but consequently also have an impact on the
homogeneity of traf�c �ow in multi-modal urban transportation networks.
We address the opening challenges for T2G predictions by providing the
following contributions:

1. The framework design allows for predicting the next signal phase of
multi-modal fully-actuated signal control systems. The work is based
on an empirical data set allowing for real-time applications.

2. The prediction of the next red phase, modeled as a supervised learning
problem, captures the complex and non-linear relation between a
traf�c signal and LD detection data.

3. The framework requires no prior knowledge about the implemented
traf�c signal control system. Hence, the method also provides accurate
predictions where the signal control algorithm is proprietary.
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4. A physics-informed feature engineering incorporates the concepts
of traf�c �ow theory. The approach enhances the quality of a given
prediction model and can be used for multi-model systems with
transit priority.

The remainder of this chapter is organized as follows: Section 2.2 provides
an overview of recent research on the prediction of signal phasing and
timing. Besides, due to the limited contributions in this area utilizing
ML techniques, we provide an overview of publications applying such
techniques to similar transportation problems. In Section 2.3 the time series
problem is de�ned. Section 2.4 describes the utilized data sources and the
feature engineering based on LD and traf�c signal data. Furthermore, the
framework de�nition and the theory of the selected models is introduced.
Finally, we introduce the performance metrics used to evaluate the T 2G
predictions. Section 2.5 shows the applicability of all models based on a
case study with a detailed presentation of prediction results and a �nal
performance evaluation. Finally, a discussion, conclusion, and proposal of
future work are given in Section 2.6 and Section 2.7.

2.2 related works

Recently, efforts were made to standardize SPaT messages (CAR2 CAR
Communication Consortium, 2020). Such messages contain the current
phase with a prediction for the corresponding phase duration for all sig-
nalized intersection approaches. Hence, SPaT information allows a more
ef�cient and environmentally friendly motion planning of human-driven
and/or autonomously operated individual or public transport vehicles.
Especially in urban areas, this would lead to more homogeneous traf�c
�ow, a smoother speed pro�le (i.e., the absence of speeding and heavy
breaking between traf�c lights) or an improvement in ride comfort (Genser
et al., 2022c). In this section, we �rst present methods for obtaining SPAT
estimations/predictions (Section 2.2.1) and continue with related works
that speci�cally focus on transportation problems with ML applications
(Section 2.2.2).

2.2.1 Prediction methods for SPaT information

Most of the existing methods to obtain SPaT information for semi-actuated
traf�c signal control systems are based on aggregated trajectory data. In
such methods, signal timings are unknown and can either be �xed or
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change slowly in time. They use estimation approaches based on �oating
car data (Fayazi et al., 2015; Fayazi & Vahidi, 2016; Wang & Jiang, 2012;
Juan Yu & Pei-zhong Lu, 2016) or travel time measurements collected
with wireless traf�c sensors (Ban et al., 2009). For example, Fayazi et al.,
2015and Fayazi and Vahidi, 2016employed a queue discharging model
to estimate the start of green signals based on aggregated low-frequency
bus and probe data. Juan Yu and Pei-zhong Lu, 2016formulated the SPaT
estimation problem into a general approximate greatest common divisor
problem, aiming to obtain the cycle lengths, green times, and the phase
schemes based on historical sparse taxi trajectories. Protschky et al.,2015
used a Bayesian learning approach to reconstruct the cycle length from
historical trajectory data for traf�c signals where the cycle length is �xed
within a certain period. These methods typically rely on the underlying
assumption that the cycle length is �xed, although some of them (e.g., Fayazi
and Vahidi, 2016; Protschky et al., 2015) are able to identify the occasional
changes in the traf�c signal timing plan. Moreover, these works are based
on aggregating historical vehicle trajectories, assuming that the historical
signal timings are unknown. They do not provide insights on how the
spatially-sparse LD data and the temporally-sparse public transport data
can be utilized to perform real-time SPaT prediction within each signal
cycle. Therefore, their applicability to real-life problems is limited.

Some other studies propose probabilistic methods (Protschky et al., 2014b;
Ibrahim et al., 2019; Zhu et al., 2013) and ML techniques (Protschky et al.,
2014a; Islam et al., 2022; Genser et al.,2020b) that can be used to predict the
SPaT information for actuated and adaptive traf�c signals. Compared to the
estimation problems above, here traf�c signal data (i.e., signal timings) are
available based on a historical data set. Protschky et al.,2014a employed a
Kalman Filter (KF) to estimate the probability of phase switches at each time
step using historical traf�c signal data. This work was further enhanced to
consider implementation factors such as latency and data losses (Protschky
et al., 2014b). Based on historical signal data, Ibrahim et al., 2019estimated
the conditional distribution of each signal phase given the real-time signal
phase measurements and predicted the phase duration as the conditional
expectation and the con�dence interval. These methods treat the SPaT in-
formation as a time series and are expected to yield satisfactory prediction
accuracy if the variance of the signal phase duration is small. However, in
cases where the signal phase duration changes drastically (i.e., with high
variance), these works may not yield the best results, as they cannot incor-
porate relevant vehicle detection information. Zhu et al., 2013took an initial
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step to establish the relationship between real-time vehicle information and
traf�c signal timings. Based on historical �oating car and bus trajectory
data, it �rst calculated the joint distribution of the driving speed and the
distance to the stop line, given a particular signal state (green or red). After-
ward, it predicted the phase duration using a maximum a posteriori (MAP)
estimation. This work only linked the signal state to the information of an
individual vehicle at a single time step. However, in reality, many detectors
can contribute to the signal timings in a complex signalized intersection
with multiple approaches and movements. Hence, learning the relationship
between the signal states and the information sent by multiple detectors is
crucial as shown in Islam et al., 2022. Finally, previous work from the au-
thors in Genser et al., 2020b shows a preliminary ML approach with traf�c
signal and LD data. Nevertheless, the non-aggregated raw data is utilized
for predicting the T 2G without extensive feature engineering. Also, the set
of ML models is tested on a small data set, leading to an overoptimistic
result for the LSTM neural networks.

2.2.2 Machine learning based methods for similar problems in transportation

Despite the lack of literature on ML-based SPaT prediction for actuated and
adaptive signals, ML-based methods have been widely applied to many
transportation research topics. Here, we present a short literature review
on ML applications on similar prediction problems. Interested readers can
refer to Wang et al., 2019; Zhang et al., 2011for comprehensive surveys.
Two important attributes characterize the SPaT prediction problem: First,
it is a prediction problem aiming to obtain a future traf�c signal state
using historical data. Due to the uncertainty of the future arrivals (thus the
actuation of the detectors), there is uncertainty in the future signal state.
Second, it aims to establish the relationship between the traf�c signal state
and detector information. Therefore, in this subsection, we mainly look at
two research problems, the short-term traf�c prediction that shares the �rst
attribute and the prediction of driver behaviors (e.g., acceleration rates, lane
change decisions) that shares the second.

Within the same family of problems, we can �nd the short-term predic-
tion of traf�c variables, including traf�c states (e.g., �ow, speed, occupancy),
demand (e.g., origin-destination matrix), and accident rates. Such problems
are typically formulated as a time-series prediction problem where future
variables are predicted from historical ones. Conventional parametric meth-
ods, such as Auto-Regressive Integrated Moving Average (ARIMA) and KF,
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can achieve good performance when the traf�c variations are regular. To
handle more general traf�c scenarios, many ML models have been adopted,
such as k-Nearest Neighbor (k-NN) (Chang et al., 2012), multivariate re-
gression (Sun et al.,2003; Clark, 2003; Genser et al.,2021), Support Vector
Regression (SVR) (Hong,2011; Castro-Neto et al., 2009; Jeong et al.,2013),
RF (Zhang & Haghani, 2015), arti�cial neural networks (ANN) (Vlahogianni
et al., 2005; Chan et al., 2012; Kumar et al., 2013a; Tang et al.,2017), and deep
learning methods (Lv et al., 2015; Huang et al., 2014; Yu et al., 2017; Qian
et al., 2008). It is non-trivial to compare the performance of the proposed
methods as these methods are developed and evaluated based on different
data sets with speci�c features. Nevertheless, results indicate that the deep
neural networks can outperform other ML methods with suf�cient training
data (Yu et al., 2017; Koesdwiady et al., 2016).

Another traf�c problem that shares some similarities with the SPaT
prediction problem is the prediction of driver behaviors. This problem links
the behaviors of the drivers (e.g., acceleration rates, lane change decisions)
with the current traf�c scenarios (e.g., position and speed of the considered
vehicle and the vehicles around it). In addition to the traditional analytical
car following and lane changing models (Panwai & Dia, 2005; Ciuffo et al.,
2012; Kesting et al., 2008), many works attempt to employ data driven
models to capture driver behaviors based on methods such as Hidden
Markov Models (Tran et al., 2015), support vector machines (SVM) (Kim IH
& S., 2017; Kumar et al., 2013b), Bayesian Filter (Kumar et al., 2013b), and
more. Deep learning methods have also attracted much attention within
the context of this research problem. For example, Gurghian et al., 2016
employed a deep Convolutional Neural Network (CNN) to perform lane
change prediction based on camera data; Olabiyi et al., 2017predicted the
actions of drivers using deep Recurrent Neural Network (RNN) based on
in-vehicle sensors; Wang et al.,2018modeled car-following behaviors by
deep RNN with a Gated Recurrent Unit (GRU) using the position and speed
information over multiple time steps. However, these methods typically rely
on high-resolution and demanding data sets (e.g., GPS data or in-vehicle
sensors).

This chapter focuses on machine learning methods that use traf�c signals
and data from loop detectors, the most common traf�c data source in cities
worldwide. Our work proposes the �rst framework to provide a robust
prediction of the next signal phase in a multi-modal and fully-actuated
control system with public transportation priority. Furthermore, our work
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captures complex non-linear relationships between a traf�c signal and
detector data by applying physics-informed feature engineering.

2.3 problem definit ion

Assume an intersection controlled by fully-actuated signal control with
installed traf�c lights and LDs. There are A traf�c lights and B LDs, and
historical states are available from all devices (i.e, a traf�c light operated
in a red or green phase; an LD occupied/not occupied). We denote every
traf�c light with the index i 2 S, where S = f 1, 2, 3, . . . ,Ag and every
LD with the index j 2 D, where D = f 1, 2, 3, . . . ,Bg. As fully-actuated
signal controls allow for non-constant red and green times, it is essential to
distinguish traf�c lights by the index i. Hereafter, we de�ne a signal cycle
as ci ,n. n denotes the index of a speci�c cycle c of a traf�c light i. Every ci ,n
starts with a red phase for i and ends when the following red phase starts.
Because we consider a fully-actuated control, our de�nition implies that
different signals i from the same intersection might have different cycles at
the same time.

The signal states of all traf�c lights and LDs during the corresponding
cycle ci ,n are then utilized to compute a feature set Xn. Aiming for the
prediction of the T 2G, denoted as Ŷi (ci ,n), the problem is formulated as
Ŷi (ci ,n) = f (Xn). The function f (Xn) denotes the relationship between the
set of input features Xn and the target Ŷi (ci ,n). Note that the T2G prediction
corresponds to the red time of the next cycle ci ,n+ 1.

2.4 methodology

2.4.1 T2G framework

In the following, we introduce a T 2G prediction framework that allows a
generic application to any intersection, providing traf�c signal and LD data.
The architecture is depicted in Figure 2.1. The blocks (1) and (3) denote a
supervised ML problem's processing and implementation steps.

The raw data (i.e., LD and signal data from the traf�c operator) functions
as an input to the data pre-processing in block ( 1). The input signals are
transformed into a structured format within this step, and unde�ned signal
states are eliminated. Consequently, the quantities in the processed data set
can be de�ned as follows: Let si (k, ci ,n) and dj (k, ci ,n) be the signal state of
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Figure 2 .1: T2G framework. The input data includes by LD and signal data from
the traf�c operator.

a traf�c signal i 2 S and an LD j 2 D at discrete time step k, respectively.
Consequently, si (k, ci ,n) is de�ned as follows:

si (k, ci ,n) =

(
0, if: i is red

1, else:i is green.
(2.1)

Note that in equation ( 2.1) only the red and green signal phases are consid-
ered. Other common signal indications such as the start and end of a green
phase (yellow and red-yellow, respectively (Riedel & Menendez, 2019)) are
considered as si (k, ci ,n) = 0. Analogously, we de�ne the state dj (k, ci ,n):

dj (k, ci ,n) =

(
0, if: j is not occupied

1, else:j is occupied
(2.2)

The �nal processed time series for all i and j are concatenated in the set
R = ff si (k, ci ,n)gA

i= 1, f dj (k, ci ,n)gB
j= 1gn which represents the non-aggregated

data set (Figure 2.1). R serves as an input to Block (2), where the data set is
aggregated and feature engineering is performed.

2.4.2 Feature engineering

We perform data aggregation and feature engineering based on R. We
aggregate the data by signal cycles. This approach is selected as (a) the
prediction target T 2G is an aggregated quantity by de�nition (a �oat value
representing the duration of the next red phase) and (b) aggregated quan-
tities are more easily accessible for traf�c operators or other authorities
compared to data streams with a resolution of, e.g., 1 sec. Note that this
approach differs from previous works in Genser et al., 2020b, 2020a, where
the non-aggregated data setR is utilized without any further feature en-
gineering. We �rst utilize the traf�c signal data si (k, ci ,n) to compute the
red r i (ci ,n) and green time gi (ci ,n) of a signal i operating in cycle ci ,n. Con-
sequently, the duration of the individual signal phases can be de�ned as
follows:
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Figure 2 .2: Feature computation of red and green time based on si (k, ci ,n).

r i (ci ,n) =
K

å
k= 1

�
1 � si (k, ci ,n)

�
, (2.3)

gi (ci ,n) =
K

å
k= 1

si (k, ci ,n), (2.4)

Note that K de�nes the discrete time step of the last sample of cycle ci ,n.
Figure 2.2 depicts an example of the introduced quantities. The black pulse
signals denote the raw traf�c signal data si (k, ci ,n). The computation of the
red and green time for signal i = 1 by utilizing equations ( 2.3) and (2.4)
give r1(c1,1) and g1(c1,1). The summation r1(c1,1) + g1(c1,1) results in the
duration of cycle c1,1. The derivation is performed for all traf�c signals
in S and serves as an input to forecast Yi (ci ,n). Note that in Figure 2.2
no prediction is shown for si (k, ci ,n) as the last signal phase shows a red
phase. Since we only predict the T2G, predictions of following green phases
are not considered. Nevertheless, the framework would allow for such an
application.

Per de�nition, every ci ,n starts with a red phase. To also utilize the
temporal component of the set R, we compute the day, hour, minute, and
second of a cycle's starting point as separate features denoted asD, H, M,
and S, respectively.

To enhance the prediction of the next red phase, data from LDs are of
great importance as the detections transmitted to the signal control system
are, in fact, key for determining future red- and green phases. Consequently,
we utilize all signals dj (k, ci ,n) 8j, k, i, n of detectors j and compute a set
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Figure 2 .3: Feature computation based on traf�c signal and detector data si (k, ci ,n)
and dj (k, ci ,n).

of features to infer the current traf�c state at the signalized intersection.
Figure 2.3 depicts an example of the utilized signals and visually supports
the feature engineering in the following. First, we compute the traf�c �ow
when traf�c signal i is red or green, respectively. To determine the traf�c
�ow based on LD data, we assume that one signal peak corresponds to
one detected vehicle. This is a reasonable assumption based on the time
intervals used. Hence, the arrows in Figure 2.3 indicate when vehicles pass
a given LD, which corresponds to dj (k, ci ,n) changing its state from 1 to
0. We denote these traf�c �ows during a red or green phase as qi ,R(ci ,n)
and qi ,G(ci ,n). The quantities represent the summation of signal changes
in the corresponding traf�c signal phase de�ned with Iverson brackets
(the function takes the value 1 if the statement is true and 0 otherwise) as
follows:

qi ,R(ci ,n) =
KR

å
kR= 2

Jdj (kR � 1,ci ,n) � dj (kR, ci ,n) = 1K, (2.5)

and

qi ,G(ci ,n) =
KG

å
kG= 2

Jdj (kG � 1,ci ,n) � dj (kG, ci ,n) = 1K, (2.6)

where KR = r i (ci ,n) and KG = gi (ci ,n), i.e., the duration of the red and green
phase, respectively.
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Next, we compute the occupancy of a detector j during a cycle ci ,n. For
that, we again utilize the corresponding signal dj (k, ci ,n) and compute the
summation of time steps the detector was occupied (indicated in Figure 2.3
by the blue areas). The summation is then normalized by the cycle length
of ci ,n which is computed by the summation of cycles' red and green time:

oj (ci ,n) =
å K

k= 1 dj (k, ci ,n)
r i (ci ,n) + gi (ci ,n)

(2.7)

The occupancy is de�ned within the interval [0, 1]; if a detector is not
occupied within a signal cycle, the occupancy is 0; if a detector is fully
occupied throughout a cycle, oj (ci ,n) = 1.

Further, we want to gain information about the last detection of an LD
in a signal cycle. This feature allows for inferring information about the
current traf�c demand at a signal. Especially for public transportation
vehicles, this feature can be utilized as a proxy to provide information
about the next arrival. For example, suppose a detector that only gives
detection information about a bus or tram has been activated in the last
cycle. In that case, the likelihood that no detections occur in the next cycle
might increase, and consequently, a longer red phase might be expected.
The orange areas highlight the last detection of a detector in Figure 2.3. We
compute the time duration from the last detection to the end of a cycle l j as
follows:

l j (ci ,n) =
�

r i (ci ,n) + gi (ci ,n)
�

� v(dj (k, ci ,n)) , (2.8)

where the function v(�) computes the time stamp of the last detection in
cycle ci ,n of detector j based on the signal dj (k, ci ,n).

As last feature inputs, we compute a queue and congestion indicator
denoted as QI i (ci ,n) and CIi (ci ,n), when traf�c light i is red or green, respec-
tively. The quantities' de�nition is based on a threshold of the time duration
of a single detector activation; i.e., if dj (k, ci ,n) shows an activation lasting
longer than a threshold parameter p in sec during a cycle ci ,n, dependent
on the operated signal phase, QI i (ci ,n) or CIi (ci ,n) is set to 1. Formally, this
can be denoted as:

QI i (ci ,n) = Ju(dj (k, ci ,n)) > p ^ si (k, ci ,n) = 0K, (2.9)

and
CIi (ci ,n) = Ju(dj (k, ci ,n)) > p ^ si (k, ci ,n) = 1K, (2.10)
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where function u determines the longest detection during a cycle and
computes the corresponding time duration in sec. The returned set of
values from u is then thresholded with p and conditional on the state
of si (k, ci ,n); if the long occupation represents a queue during red light
or congestion during a green light. We utilize the queue and congestion
indicators to determine if a single vehicle or multiple vehicles (with small
headway) occupy a detector longer than p. The latter does represent a
traf�c state where queues/congestion is likely. However, theoretically, the
occupation larger than p caused by a single vehicle can also be caused
by a random phenomenon (e.g., a taxi loading/unloading passengers).
Therefore, this does not necessarily represent the same traf�c state as the
occupation by multiple vehicles. Nevertheless, this behavior can lead to
queues/congestion, so we treat these two cases identically.

Finally, we can derive the target variable Yi (ci ,n). We predict the next T2G
based on an input sample from the current cycle. As the T 2G target value
in the data constitutes the red time of the next cycle r i (ci ,n+ 1), the target
feature is simply denoted as:

Yi (ci ,n) = r i (ci ,n+ 1) (2.11)

The data set combined in Xn contains the red times r i (ci ,n), green times
gi (ci ,n), traf�c �ow during a red and green phase qi ,R(ci ,n), qi ,G(ci ,n), the
LD occupancy oj (ci ,n), time since last detections during a cycle l j (ci ,n), and
the queue and congestion indicators QI i (ci ,n), CIi (ci ,n) for all traf�c lights i.
Finally, the T 2G values Yi (ci ,n), serving as targets for the regression problem,
are added to Xn and utilized to implement the supervised learning problem
with a set of machine learning models for tackling Ŷ(ci ,n) = f (Xn).

2.4.3 Naive baseline and linear model

The naive model is introduced as a �rst baseline model, where the prediction
of the next T2G is simply set to the last observed red time. Formally, this
can be denoted as follows:

Ŷi (ci ,n) = r i (ci ,n). (2.12)

Such a simple forecasting approach is utilized in various research domains
and also transportation (Tan et al., 2009; Smith et al., 2002) for performance
comparison of more robust forecasting models. As stated by McLaughlin,
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1983, naive models should not be treated as forecasting models but rather
as a benchmark to disqualify proposed prediction models that perform
worse on a problem than a naive model.

Secondly, we introduce the LR, which can be de�ned as follows:

Ŷi (ci ,n) = bi ,0 + bi ,1x1(ci ,n) + bi ,2x2(ci ,n) + ...

+ bi ,pxp(ci ,n) + Ei (ci ,n), 8o = 1, ..,T,
(2.13)

where Ŷi (ci ,n) is the T2G (response variable) for signal i and cycle ci ,n, bi ,0
represents the intercept term and bi ,1 to bi ,p are the regression coef�cients
for the p predictors x1(ci ,n) to xp(ci ,n) (i.e., the members of the LD and signal
feature set Xn described above), respectively. The error term is denoted by
Ei (ci ,n) and follows a Gaussian distribution (i.e., Ei (ci ,n) � N (0,sEi (ci ,n) );

T denotes the prediction horizon. The solution for Ŷi (ci ,n) is found by
applying the Ordinary Least Square (OLS) method. The �tted model can
be used to determine a prediction of the T 2G for a given traf�c signal by
obtaining the conditional expected value of the response. To obtain the
LR model, the implementation from scikit-learn(Pedregosa et al.,2011) is
utilized. Research that similarly introduces LR models within this context
can be found in e.g., Branston and van Zuylen, 1978.

2.4.4 Supervised learning model candidates

We introduce the RF, a supervised ensemble learning technique based
on decision trees on the work from Breiman, 2001. RFs are applied in
various research domains for classi�cation and regression tasks. In this
work, we utilize the RF implementation from scikit-learn(Pedregosa et al.,
2011) to predict the T 2G by solving a supervised regression problem. The
implemented procedure is described with the pseudo-code in Algorithm 1.
First, samples are randomly selected with replacements from the training
data set to create a bootstrap sample, which is a member of B; i.e., one
sample can be selected more than once. Next, for all bootstrap samples, a
decision tree is �t. This procedure results in a collection of decision trees
that are denoted as an RF. Before the average prediction error from all
decision trees is calculated, the Out-of-Bag (OOB) data set is collected.
None of the data samples belonging to the OOB are selected during the
computation of the randomized process in Step 2. Finally, the prediction
error on the OOB data is calculated for all trees and averaged.

For a detailed mathematical background on RF and corresponding theo-
rems and proofs, the interested reader is referred to Breiman, 2001.
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Algorithm 1 RF pseudo code
1: procedure doRandom Forest
2: B  Bootstrap samples from the

training data set randomly
3: T  Grow and �t a decision tree 8s 2 B,

where s is a bootstrap sample from B
4: O  Exclude out-of-bag data
5: C  Calculate the average prediction 8t 2 T ,

where t is a decision tree for one bootstrap sample
6: P  Calculate average prediction error using O

The last ML model incorporated into the T 2G framework is an LSTM
network, a particular type of RNN. To address the drawbacks of standard
memory-less RNNs (vanishing gradient or exploding), extensions regarding
the network architecture with a memory block were proposed by Hochreiter
and Schmidhuber, 1997. Along with other neural network designs, an
LSTM is constructed with an input, hidden, and output layer. In addition,
the hidden layer is designed with a memory block containing memory
cells. The state of these cells is in�uenced by memorizing the temporal
state and gating units that control the information �ow in one memory
cell. In addition, input and output gates are implemented to control the
input and output activation, respectively. When the information state of a
memory cell is outdated, a forget gate allows an automatic reset to forget
information that loses importance while evolving over time (Ma et al., 2015).
The model formulation is denoted with an input x = ( xi ,1, xi ,2, ...,xi ,K) and
the output y = ( yi ,1, yi ,2, ...yi ,K). yk is the predicted response, and K is the
prediction horizon. To compute the model response for the next time step,
the following equations are introduced. For simplicity, note that the index
for signal i and cycle ci ,n are omitted; also the variables introduced here
are internal model variables and should not be mistaken with the feature
variables above:

ik = sig
�

Wix xk + Wimmk� 1 + Wicck� 1 + bi

�
, (2.14)

fk = sig
�

W f xxk + W f mmk� 1 + W f cck� 1 + bf

�
, (2.15)

ck = fk � ck� 1 + ik � g
�

Wcxxk + Wcmmk� 1 + bc

�
, (2.16)

ok = sig
�

Woxxk + Wommk� 1 + Wocck + bo

�
, (2.17)
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mk = ok � h(ck), (2.18)

yk = Wymmk + by, (2.19)

where ik, fk, ck, ok and mk are the states of the input gate, forget gate, cell
state, output gate and memory gate, respectively. The variables W and b
denote the weight matrices and bias vectors, respectively, and are utilized to
connect input, hidden, and output layers. Note that sig(�) de�nes the logistic
function (i.e., sigmoid function); g(�) and h(�) denoted activation functions,
respectively, where commonly tanh is utilized (Ma et al., 2015). The work
in Hochreiter and Schmidhuber, 1997 introduces similar mathematical
descriptions of LSTM networks. The implementation in our framework is
performed with TensorFlow (Abadi et al., 2016) and Keras (Chollet et al.,
2015).

2.4.5 Hyperparameter tuning

Hyperparameter tuning (block ( 3) in Figure 2.1) is an essential step in a
machine learning pipeline to improve the model accuracy. Therefore, we
utilize two libraries to �nalize the RF and LSTM models in this work. To
train the hyperparameters of the RF models, we utilize the open-source
library Hyperopt (Bergstra et al., 2013). The framework allows de�ning a
hyperparameter search space. Then one of the implemented optimization
algorithms is utilized to sample values from the pre-speci�ed distributions
and evaluate the model for several trail runs. Every trail model is then
evaluated with the speci�ed loss function during k-fold cross-validation.
In this work, we choose to optimize the following hyperparameters of
the RF models: the number of estimators, max depth, min samples split,
and min weight fraction leaf. As an optimization algorithm, the adaptive
Tree-structured Parzen Estimator (TPE) is utilized (Bergstra et al., 2013).

For the hyperparameter tuning of the LSTM neural network models,
we utilize KerasTuner (O'Malley et al., 2019), built in the deep learning
API Keras. KerasTuner is an optimization framework for the tuning of
hyperparameters with state-of-the-art algorithms. The framework allows
to de�ne ranges for non-conditional and conditional hyperparameters,
from which values are sampled during a trial run. To �nd the best model
performance for all LSTM neural networks, we optimize the following
hyperparameters: number of units for the LSTM input and output layer,
number of hidden LSTM layers with the corresponding number of units,
dropout rate, and number of units for dense layer. Note that we �x the
activation function of the dense layer and utilize the Recti�ed Linear Unit
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(ReLU) function (LeCun et al., 2015). As an optimization algorithm, the
Hyperband Tuner proposed by Li et al., 2018is applied. Note that in both
tuning procedures the Mean Absolute Error (MAE) and Mean Squared
Error (MSE) are utilized as a loss function, and the models with the best
results are selected.

2.4.6 Performance metrics

We evaluate the models on the test data setXn,test with performance metrics
in block ( 4). First, the MAE and the Root Mean Square Error (RMSE) are
utilized. The performance metrics are introduced by equations ( 2.20) and
(2.21):

MAE =
1

Ktest

Ktest

å
k= 1

�
�
� Ŷi (ci ,n+ k) � Yi (ci ,n+ k)

�
�
� , (2.20)

RMSE =

vu
u
t 1

Ktest

Ktest

å
k= 1

�
�
� Ŷi (ci ,n+ k) � Yi (ci ,n+ k)

�
�
�
2
. (2.21)

Ŷi (ci ,n+ k) again represents the predicted T2G for a future cycle ci ,n+ k of
signal i. Yi (ci ,n+ k) is the T2G from the test data set. k is here utilized to
sum the errors over all samples from the test data set, i.e., Ktest. Besides the
evaluation concerning the MAE and RMSE, we introduce two additional
and strict error metrics. As we want to evaluate if the prediction meets the
requirements of practical applications (e.g., speed-advisory systems), we
introduce the Exact Hit (EH) and the Near-Misses (NM) ratio as follows:

EH =

 
Ktest

å
k= 1

r �
�
�Ŷi (ci ,n+ k) � Yi (ci ,n+ k)

�
�
� = 0

z

Ktest

!

� 100, (2.22)

NM =

 
Ktest

å
k= 1

r �
�
�Ŷi (ci ,n+ k) � Yi (ci ,n+ k)

�
�
� � 2

z

Ktest

!

� 100. (2.23)

An EH is de�ned when the prediction model forecasts the T 2G with an
error of 0 sec and an NM when the error is lower or equal to two sec. The
threshold value is chosen based on studies such as e.g., Brunner et al.,2022;
Makridis et al., 2020, that �nd the response time for action of CAVs is
ranging from one to two seconds (and higher under certain circumstances).
Consequently, predictions that are classi�ed as EH or NM can serve as an
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input to, e.g., motion planning algorithms without forcing a vehicle to stop
at an intersection. Note that the T2G values of the test data set are given as
integer values; therefore, we also round the prediction values to integers.

2.5 numerical experiments

The numerical experiment is based on a historical data set from an inter-
section in the city center of Zurich, Switzerland. The intersection depicted
in Figure 2.4 is regulated by a fully-actuated signal control system with
12 traf�c signals (indicated with circled numbers). Signals 1, 2, 4, 5, and 6
control vehicular traf�c streams. Traf�c signal 3 is implemented for cyclists
who can travel straight ahead and is co-regulated with signal 2. Signals 7 –
10 regulate pedestrian �ows. From north to south and vice versa, tram lines
are potentially prioritized by the signal control. Tram tracks are indicated
with dashed lines and overlap with car lanes southbound of the intersection.
The corresponding signals 11 and 12 are speci�cally implemented for trams.
These signals only operate in a green phase when a public transportation
vehicle arrives at the intersection. The case study does not focus on predict-
ing the T2G for these signals, i.e., only results for signal 1 – 10 are presented.
A discussion with numerical insights for signals 11 and 12 is then presented
in Section 2.6.

Figure 2.4 also depicts the �ve associated LDs (indicated as rectangles
with the corresponding numbering at the intersection approaches). Note
that no separate detector data is implemented for traf�c signals 1 and 3.
Hence, no information on arriving vehicles/cyclists is available.

The data set contains event-based data from every device installed at the
test site (i.e., LD and signal data). With a resolution of 1 sec, a telegram is
generated every time a device changes its state. A telegram contains the
timestamp, device id, and the new state. In other words, we know when an
LD is activated/not activated, or a signal operates in a red or green phase.
Besides, LD or signal failures can be detected.

A raw data set of 2 months of consecutive telegram data from January
and February 2019is available. Note that the time axis of the data set is
unevenly spaced as telegrams are only reported when an event occurs. In
the following analysis, we take data from all weekdays from 7:00 to 22:00
hours into account as public transportation operates on a regular schedule
within this time frame.
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Figure 2 .4: Test intersection in the city center of Zurich, Switzerland.

2.5.1 Data aggregation and descriptive analysis

First, we process the telegram data set for 2 months to eliminate telegrams
containing devices or values not de�ned for the case study intersection.
Also, the raw data set contains clock telegrams (the device state is reported
every full minute, regardless of a state change) that are not relevant for
this study. Finally, the data is processed to a tabular format, required for
machine learning purposes; i.e., we compute the data set R containing all
si (k, ci ,n) and dj (k, ci ,n).

Afterward, we proceed to aggregate the data set to cycles. As cycles
diverge for every traf�c signal i, we create a separate data set for every traf�c
signal. Every feature in such a data set is grouped by the corresponding
cycles of ci ,n. This approach allows determining the features of all remaining
traf�c signals and LDs during the cycles of i. Consequently, we determine
10 data sets with the proposed feature set: red time, green time, traf�c �ow
during red and green, occupancy, last detection of an LD, and the queue
and congestion indicator. These features are concatenated to the vectorXn

and serve as an input to the model training/testing procedure. Last, we
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Figure 2 .5: Distributions of red and green times for all signals 1–10. Additionally,
the distributions for red, green, and cycle time of signal 4 are shown
with corresponding standard deviation thresholds +SD/ 2 and -SD/ 2.

determine the T2G Yi (ci ,n) which serve as the target value for the regression
problem.

In Figure 2.5, feature distributions for the red and green times of all traf�c
signals are presented.

The violin plots present the red and green time feature distributions
for all considered traf�c signals. The data distributions highlight that the
signal control system is fully-actuated. For example, the red time of signal
4 (shown separately in Figure 2.5) operates with an average red time of
38.46 sec. Nevertheless, the minimum and maximum values in the data
set show red times of 29 sec and104sec, respectively. Note that signal 4's
red time distribution shows a long tail due to red times higher than 70
sec. Nevertheless, these samples are not outliers, as the maximum allowed
red time for this signal control strategy is �xed to 180 sec. Hence, the
prediction models must be capable of learning and predicting this behavior.
The threshold values +SD/ 2 (41.63 sec) and -SD/2 (35.30 sec) highlight
the range around the mean value of 38.46 sec.28207from 53031available
samples occur within the speci�ed range. Consequently, 24824samples of
signal 4's red time are outside +SD/ 2 or -SD/ 2 and not close to the mean
value. This underlines the full actuation of the system and that not just a
few samples show a high variance. Similar characteristics can be shown
for the green and cycle time distribution of signal 4. The range around the
mean green time of 12.01 sec are computed with 12.75 and 11.44 sec. From
53031samples, 24306samples are within, and 28725samples are outside
the range between +SD/ 2 and -SD/ 2. For the cycle time with a mean value
of 50.56 sec,33323samples are close to the mean and19708samples are
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outside the range. The descriptive analysis underlines that (a) the system
is fully-actuated and (b) a substantial amount of data is different from the
mean. Note that signal 4 is presented here as it regulates a traf�c stream
con�icting with public transportation (controlled by signal 12). Hence, for
both traf�c lights, the signalization is in�uenced by the arrival of trams.
Additionally, LD 3, upstream from signal 4, might be utilized for green time
extensions when high traf�c demand is present.

A complete compilation of the computed descriptive statistics of the data
sets for all traf�c signals is given in Table 2.1.

The red times of signals 1 – 10 all show maximum values greater or equal
than 79 sec. Contrary, the maximum values of green times are below 56 sec,
except for signal 9 (87 sec). The high green time of signal 9 occurs because
this pedestrian traf�c signal can remain green together with signals 11/ 12.

2.5.2 T2G prediction results

This section applies our set of models to the training and testing procedure.
We assess the model qualities by utilizing the processed data set and split it
into 70% train and 30% test data, respectively. First, the naive baseline model
is applied to the train data sets of traf�c lights i = [ 1, 10]. As discussed, the
naive baseline model is a benchmark to assess the ML models applied in
the following. As the model utilizes the last red time of a signal cycle, no
training or hyperparameter training procedure is performed.

For traf�c lights 1 – 10, the results of the naive baseline show MAE and
RMSE errors from 1.54/ 2.78 sec (i = 9) to 8.42/ 13.48 sec (i = 10). Also,
the EH ratio is below 37.16% for all traf�c lights except signals 5 and 9
(ratio of 46.42% and 54.68%, respectively). The NM ratios are below 60%,
except for traf�c signals 5 and 9, where 67.41% and 74.26% are computed,
respectively. See Table2.2 for all results. The highest NM ratio is computed
for traf�c light 9 which also shows the highest EH ratio of 54.68%. The
difference in performance can be explained by the variation of the T 2G
values: If the signal control assigns the identical red phase multiple times
throughout a certain time frame (such a system behavior can correspond
to a standard program; i.e., no high traf�c demand detected or arriving
public transportation), the naive model predicts an exact hit with an error
of 0.00 sec. Contrary, the absence of a standard control program or high
variations in the T 2G lead to an obvious worse performance of the naive
model. A subset of the prediction results ( 50 cycles) assessed with the
corresponding test data subset are depicted in Figure 2.6. Results show (a)
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ḡ i

[s
]

q̄ i
,R

[v
eh

]
q̄ i

,G
[v

eh
]
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Naive Baseline

i MAE [s] RMSE [s] EH [%] NM [%]

1 5.22 9.20 35.49 58.43

2 4.59 7.89 36.53 55.93

3 4.59 7.93 37.16 56.07

4 5.48 9.29 33.37 56.30

5 4.30 8.37 46.42 67.41

6 4.87 8.24 33.73 54.92

7 4.21 7.20 36.06 55.59

8 7.32 11.75 33.33 48.51

9 1.54 2.78 54.68 74.26

10 8.42 13.48 36.81 49.35

Table 2 .2: Model performance on the test data set with MAE , RMSE, EH, and
NM for the naive baseline model.

low variability of the T 2G for traf�c light 4 and (b) high variability in the
T2G for traf�c signal 6. Note that the prediction values of the T 2G derived
by utilizing the naive model constitute a shift by one cycle. The presented
time frames of prediction results are utilized throughout this section to
ensure comparability.

In particular, Figure 2.6 (a) shows time frames where the T2G stays con-
stant throughout multiple cycles. In these cases, the naive model performs
with high accuracy, whereas in Figure 2.6 (b), high variations with �uctua-
tions of the T2G between 37 sec and68 sec are present. In these cases, the
time lag of one cycle produces high error rates.

We now present the results of the LR models for all traf�c lights, respec-
tively, which serve as a supervised learning baseline in this study. Before
all models are trained, the Recursive Feature Elimination (RFE) method
is applied to the traf�c signal data sets. The method assigns a weight to
an input feature which functions as a proxy for feature importance. The
features with minor importance are then eliminated from the data set. In
our case, the feature space is reduced from70 features to 35 features. For
example, two traf�c signals that regulate non-con�icting pedestrian �ows
within the same signal stage show a high correlation, and RFE will eliminate
one of the features.
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(a)

(b)

Figure 2 .6: Prediction results of the naive baseline model. Results assessed on
the T2G test data set for (a) traf�c signal 4 and (b) traf�c signal 6.
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LR model Improvement over naive baseline

SG MAE
[s]

RMSE
[s]

EHs
[%]

NMs
[%]

DMAE
[%]

DRMSE
[%]

DEHs
[%]

DNMs
[%]

1 3.20 5.42 8.20 68.56 -38.70 -41.09 -27.29 10.13

2 2.56 4.68 32.24 72.42 -44.23 -40.68 -4.29 16.49

3 2.50 4.70 35.91 72.86 -45.53 -40.73 -1.25 16.79

4 3.21 5.42 8.69 68.24 -41.42 -41.66 -24.68 11.94

5 2.75 4.95 9.87 76.17 -36.05 -40.86 -36.55 8.76

6 2.63 4.77 33.87 70.55 -46.00 -42.11 0.14 15.63

7 2.59 4.60 24.96 70.93 -38.48 -36.11 -11.10 15.34

8 4.60 7.06 3.76 40.02 -37.16 -39.91 -29.57 -8.49

9 1.24 1.86 35.16 86.16 -19.48 -33.09 -19.52 11.90

10 4.94 7.68 4.31 36.81 -41.33 -43.03 -32.50 -12.54

Table 2 .3: Model performance on the test data set with MAE , RMSE, EH, and
NM for the LR model. Also, the improvements over the naive baseline
are presented with the given performance metrics. SG = Signal.

All LR models are derived by the application of the OLS method and
the prediction performance of the T 2G samples of the test data set are
assessed with the introduced performance metrics. The performance results
are compiled in Table 2.3 and prediction results for the same test data
subset are presented in Figure 2.7.

The LR models reduce the MAE and RMSE errors in all test cases. For
traf�c lights, 1 – 10, the MAE decreases to a range between1.24 and 3.20 sec.
Only for traf�c light 9 the improvement is lower with 19.48%. Nevertheless,
the MAE error of the naive model for this test case ( 1.24 sec) is already
low compared to the other test cases. However, the error metrics still show
high deviations from the test data set. The high variation of the T 2G due
to non-linear dependencies on the arrival of public transportation can
not be captured by the LR models. Also, the results of the EH- and NM-
ratio stresses the importance of this assessment: The EH-ratios decrease
signi�cantly for all traf�c signals, except traf�c signal 6. However, for that
signal no substantial improvements can be observed (an increase in EH-ratio
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(a)

(b)

Figure 2 .7: Prediction results of the LR model. Results assessed on the T2G test
data set for (a) traf�c signal 4 and (b) traf�c signal 6.

of 0.14%). For the NM-ratios, the ratios improve between 8.76% and 16.79%.
However, for traf�c signal 8 and 10, the performance in NMs decreases by
8.49% and 12.54%, respectively. Note that only evaluating the LR models by
the MAE would lead to an acceptable performance improvement compared
to the naive model. Nevertheless, the EH- and NM ratios draw a different
picture and stress the importance of these metrics.

Figure 2.7 (a) again shows the test data with lower variation in the
T2G test samples. The LR model for traf�c signal 4 can represent the
general trend of the time series but can not predict high peaks of the
T2G. In addition, the results underline the EH and NM ratios shown in
Table 2.3. For the time frames where the T2G remains constant, the LR
model overestimates the T2G consistently. Figure 2.7 (b) shows that the LR
model for traf�c signal 6 fails to reproduce the T 2G pattern and also to
predict high variations in the T 2G (cycle 20 to 30). Nevertheless, the MAE
and RMSE decrease for both cases (Table2.3).

As third candidates, RF models are implemented for predicting the T 2G.
Again, we utilize the data set after the application of the RFE to guarantee
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a fair performance assessment. RF models require the tuning of a set of
hyperparameters. In this work, we selected the following set of parameters
and corresponding distributions for parameter sampling: the number of
estimators, denoted as a uniformed distribution U(50, 200); max depth
denoted as U(3, 12); min samples split, denoted as U(2, 6); and min weight
fraction leaf as U(0, 0.5). The de�ned distributions specify the parameter
search space for the TPE algorithm. Ten trail runs are executed, and the
best model performance is obtained with the mean absolute error criterion.
Note that the tuning procedure is applied to every model separately to
maximize performance. A further increase of, e.g., the number of estimators
or max depth of trees improves the performance only slightly, whereas the
computational time to �t the model increases substantially.

Table 2.4 shows the performance of the prediction models on the test
data set for every traf�c signal at the intersection. The MAE, RMSE, EH
ratio, and NM ratio are again compared to the Naive model results from
Table 2.2. An assessment of the decision-tree-based method shows that
all MAE values decrease by 41.75% up to 61.16% for traf�c lights 1 – 10.
Note that this constitutes a reduction of MAE between 14.96% and 34.18%
compared to the LR models.

The two samples of RF predictions for 50 cycles of the test data set are
shown in Figure 2.8. The RF model in Figure 2.8 shows a good �t when
the signal control system is operating in its standard phase, and the time
series trend can be replicated for traf�c light 4 (overall MAE= 2.27 sec;
EH=59.71%; NM= 79.47%). Note that the LR model overestimates the T2G
within such time frames. Also, high variations up to a T 2G of 50 sec can
be predicted accurately. Nevertheless, higher peaks in the T2G samples
(Figure 2.8 (a) and (b)) can not be captured by any of the two models.
Potential reasons for this failure are detections of public transportation that
occur after the prediction time stamp of the next T 2G. More details are
discussed in Section2.6.

Last, LSTM neural network models are implemented to predict the T 2G.
Again the data set after the application of the RFE is utilized. The application
of the KerasTuner �nds the architectures of the LSTM models by sampling
the following parameters: the number of units for an LSTM layer, speci�ed
as U(8, 256); the number of hidden layers speci�ed as U(1, 2); the dropout
rate for regularization purposes speci�ed as U(0, 0.5); the number of units
for a dense layer connected after the LSTM layers, speci�ed as U(1, 50).
The activation function is �xed to ReLU. For the training of the models,
100 epochs are computed with early stopping criteria by monitoring the
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RF model Improvement over naive baseline

SG MAE
[s]

RMSE
[s]

EHs
[%]

NMs
[%]

DMAE
[%]

DRMSE
[%]

DEHs
[%]

DNMs
[%]

1 2.23 5.57 62.77 80.81 -57.38 -39.46 27.28 22.38

2 2.18 4.72 54.68 76.35 -52.57 -40.14 18.15 20.42

3 2.08 4.71 58.56 77.17 -54.64 -40.62 21.40 21.10

4 2.27 5.50 59.71 79.47 -58.59 -40.81 26.34 23.17

5 1.81 5.13 69.71 84.65 -57.91 -38.71 23.29 17.24

6 2.22 4.79 52.69 76.40 -54.41 -41.87 18.96 21.48

7 2.10 4.42 51.21 75.69 -50.02 -38.55 15.15 20.10

8 3.16 7.18 54.39 73.99 -56.83 -38.87 21.06 25.48

9 0.90 2.02 68.16 86.25 -41.75 -27.23 13.48 11.99

10 3.27 7.81 59.57 74.82 -61.16 -42.06 22.76 25.47

Table 2 .4: Model performance on the test data set with MAE , RMSE, EH, and
NM for the RF model. Also, the improvements over the naive baseline
are presented with the given performance metrics. SG = Signal.
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(a)

(b)

Figure 2 .8: Prediction results of the RF model. Results assessed on the T2G test
data set for (a) traf�c signal 4 and (b) traf�c signal 6.
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LSTM model Improvement over naive baseline

SG MAE
[s]

RMSE
[s]

EHs
[%]

NMs
[%]

DMAE
[%]

DRMSE
[%]

DEHs
[%]

DNMs
[%]

1 3.15 6.54 43.69 72.94 -39.66 -28.91 8.20 14.51

2 2.51 5.39 50.65 71.10 -45.32 -31.69 14.12 15.17

3 2.59 5.47 53.19 71.45 -43.57 -31.02 16.03 15.38

4 3.27 6.57 43.05 70.66 -40.33 -29.28 9.68 14.36

5 2.48 6.30 64.81 81.65 -42.33 -24.73 18.39 14.24

6 2.78 5.56 46.29 70.08 -42.92 -32.52 12.56 15.16

7 2.44 4.96 52.68 70.41 -42.04 -31.11 16.62 14.82

8 4.39 8.24 44.51 61.60 -40.03 -29.87 11.18 13.09

9 1.01 2.19 68.80 83.86 -34.42 -21.22 14.12 9.60

10 5.00 9.45 47.59 61.41 -40.62 -29.90 10.78 12.06

Table 2 .5: Model performance on the test data set with MAE , RMSE, EH, and NM
for the LSTM model. Also, the improvements over the naive baseline
are presented with the given performance metrics. SG = Signal.

validation loss with a patience p = 5 is speci�ed to prevent over�tting
to the training data set. The batch size is set to 64, the validation split to
20% of the training data set, and the MAE is utilized as a loss function.
The considered time lag for the LSTM models is chosen with 7 time steps,
determined with a sensitivity analysis.

In Table 2.5 the compilation of performance metrics for the LSTM models
are shown. Overall, a reduction in MAE and RMSE compared to the Naive
model can be achieved by deploying LSTM neural networks. Also, the
EH and NM ratios are increased signi�cantly and outperform the Naive
models: The EH-ratio for the naive model ranges from 33.33% to 54.68%,
whereas the LSTM models achieve performance metrics between 43.05%
and 68.80%. The LSTM models for traf�c lights 1 – 10 perform with an
MAE error below 5.00 sec, and the EH-/NM-ratios are above 43% and 61%,
respectively. The LSTM neural networks can not outperform the decision
tree ensembles concerning all considered performance metrics compared
with the RF results. For example, the MAE and RMSE errors when applying
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(a)

(b)

Figure 2 .9: Prediction results of the LSTM model. Results assessed on the T2G
test data set for (a) traf�c signal 4 and (b) traf�c signal 6.

the LSTM models for traf�c lights 1 – 10 are between 12.60% and 52.91%
higher. In addition, the EH and NM ratio decrease by - 2% up to -19%. Only
for the T2G predictions of traf�c lights 7 and 9, the EH ratio is improved by
1.47% and 0.64%, respectively. This behavior can be explained by the low
variability of the T 2G target values for these traf�c lights.

Figure 2.9 shows that the predicted T 2G series for traf�c lights 4 and 6
are converging towards the mean value of the corresponding T 2G. Hence,
an LSTM model that predicts the average T2G performs well on test data
sets with low variability of the target variable. The predictions in Figure 2.9
show in both cases that the LSTM models perform well in predicting the
T2G when no high variability of the T 2G is present. Nevertheless, none of
the higher variations are not captured with these models, although the RF
model predicted and approximated these samples with high accuracy.

Finally, we compare the results of all models in Figure 2.10. The subplots
show the MAE, RMSE, EH, and NM metrics for signals 1 – 10. The RF
models show the lowest error values with an MAE of 2.22 sec (standard
deviation: 0.66 sec), an EH-ratio of 59.14% (standard deviation: 6.27%),
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Figure 2 .10: Performance of all signals 1–10 with respect to MAE, RMSE, EH and
NM ratio.

and an NM-ratio of 78.56% (standard deviation: 4.17%). Note that the
aggregated RMSE metrics of the LR and RF models show no signi�cant
difference with 5.11 and 5.18 sec, respectively.

2.5.3 Feature importance of Random Forest models

One advantage of the best candidate in this study is that RFs allow for a
straightforward computation of the feature importance. One decision tree
in a random forest splits input values based on the condition of impurity.
When solving a regression problem, impurity is de�ned as the variance.
When training the model, the weighted impurity should be minimized. Each
feature's contribution allows for the calculation of the feature importance to
solve the initial problem de�nition Ŷi (ci ,n) = f (X); i.e., the approximation
of a function that maps the input feature vector to the T 2G target values.

We compute the feature importance for the 10 most relevant features
for the models of traf�c signals 4 and 6, respectively. Note that other
importance vectors can be computed analogously. Figure 2.11 shows the
10 most important features for the prediction of the T 2G of traf�c signals 4
and 6. In the case of signal 4, o1 is the most important, and r10 is the least
important feature of the presented subset (Figure 2.11 (a)). Figure 2.11 also
highlights the feature importance on the intersection. The traf�c stream in
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(a)

(b)

Figure 2 .11: Feature importance for RF model of (a) for traf�c signal 4 and (b)
traf�c signal 6.

blue shows the signal for which the T 2G prediction is computed. In red,
the relevant devices (LDs or traf�c signals) of con�icting traf�c streams are
shown, and green highlights the devices of the compatible traf�c streams.

For the both signals, the most important feature appears to be the oc-
cupancy of LD 1, i.e., o1 detecting arriving trams from the north of the
intersection area. This is expected as the T2G is highly dependent on the
priority of public transportation. Additionally, for both models, the occu-
pancy o5 for arriving vehicles and trams from the south is listed in the
10 most relevant features. For the T2G prediction of traf�c signal 4, the
second most important feature is the green phase's duration of signal 1, g1
(non-con�icting traf�c stream); for the T 2G of traf�c signal 6, it is the red
phase duration, r2. Finally, note that in both cases, the feature representing
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the hour of the day H is important and highlights that both models �nd
T2G patterns that depend on the time of the day.

Interestingly, all computed features introduced in Section 2.4 appear
at least once in one or the other feature importance subsets of the two
presented models. On the other hand, the congestion and queue indicator
QI i (ci ,n) and CIi (ci ,n) do not appear, and an analysis shows that the RFE
procedure already eliminated these features.

2.6 discussion

2.6.1 Metrics for model evaluation

A model for T 2G predictions has to meet strong accuracy requirements.
For example, motion planning algorithms of automated vehicles can utilize
such forecasts. Hence, a low accuracy prediction of the following green can
cause safety issues that are not acceptable in practice. Consequently, an
assessment based on standard metrics such as the MAE or RMSE can lead
to a good performance on average, but individual predictions might still
not meet the initial requirements. Therefore, in this study, we introduced
the EH and NM to evaluate models based on the forecast being identical to
the target, or an error smaller or equal to two seconds, respectively.

For example, the performance concerning the MAE for the LR models (Ta-
ble 2.3) shows errors that are close to the ones for the RF models (Table2.4).
Nevertheless, the EH and NM ratio in Table 2.4 signi�cantly improved
compared to the naive baseline. On the contrary, the performance ratios of
the LR models even decrease compared to the naive model. This highlights
the importance of EH and NM for this problem.

Although the hyperparameter tuning was carried out by assessing dif-
ferent loss functions, the MAE function showed the best performance
concerning all presented performance metrics. For example, utilizing the
mean squared error as a loss function did not improve the results. A more
extensive data set might help improve generalization and performance.
However, for the RF models, the loss function allows for the most accurate
results. In addition, RF models are easier to �t and allow for interpretation
of the model parameters (the feature importance analysis described in
Section 2.5.3).
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2.6.2 Vehicle detection after T2G prediction

As shown in Section 2.5.3 the LD data representing trams' detection is
of great importance for the RF models. However, results also show that
models sometimes fail to predict a T 2G peak (Figure 2.8 (b)). One potential
explanation for this behavior is detections of vehicles that occur after the
prediction of the T 2G. In other words, we predict the duration of the next
red phase, and afterward, the corresponding phase starts. If a tram arrives
at an intersection approach within this phase, the signal control system
might react according to prede�ned conditions. As a result, the red phase
can be shortened or extended (dependent on the traf�c relation), and the
T2G duration also changes. However, this information is only available in
the next cycle. Therefore, the presented prediction models potentially miss
high peaks of the T2G.

A more extensive data set or additional feature engineering could help
eliminate this limitation. Additionally, works such as Ibrahim et al., 2019
capture this system behavior as the predictions are updated consistently
during the red phase. Nevertheless, this leads to �uctuations in the T 2G that
are problematic for control systems (e.g., motion planning of automated
vehicles). Ibrahim et al., 2019also requires data aggregation per cycle length;
meaning knowledge of the cycle length must be present a priori which is
only possible for semi-actuated signal control systems.

2.6.3 Prediction of T2G for dedicated public transportation signals

As presented in Figure 2.4, traf�c signals 11 and 12 are dedicated to public
transportation vehicles. These traf�c lights only operate in a green phase
when a tram is detected and needs to pass the intersection. Hence, the
average red and green times differ signi�cantly from those of signals 1–10:
For signals 11 and 12, the average red/green time are 203.12 sec/13 sec, and
214.50 sec/17.65 sec, respectively. Also, the minimum and maximum values
range from 5 to 500sec,12 to 500sec for the red times, and 6 to 353sec,4 to
320sec for the green times. Note that the maximum allowed duration of 180
sec does not apply to these signals. Besides, the green times are signi�cantly
shorter, indicating that these traf�c lights are only utilized when public
transportation vehicles are detected. Consequently, a signi�cantly higher
variance of the quantities is given, which needs to be captured by the
applied prediction model. Also, the described limitation from Section 2.6.2
that vehicle detections after the T2G prediction, i.e., occurring within the
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Figure 2 .12: Prediction results of the RF model for traf�c signal 11 only utilized
by public transportation.

RF model

SG MAE [s] RMSE [s] EH [%] NM [%]

11 61.56 92.40 3.21 8.12

12 54.08 78.61 3.87 8.33

Table 2 .6: Model performance on the test data set with MAE , RMSE, EH, and
NM for the RF model on signal 11 and 12. SG = Signal.

red phase we predicted the duration for, has a substantial in�uence on
model performance. As signals 11 and 12 only operate in a green phase
when a vehicle is detected, it is evident that many detections occur during
a red phase.

In Figure 2.12 we shortly present the prediction results of the RF model
for 200cycles of traf�c signal 11.

The test data in black shows high �uctuations between 5 and 500seconds
that correspond to the min and max values found in the descriptive analysis.
The RF model captures the time series pattern with most prediction samples.
Nevertheless, the prediction errors are high compared to the values shown
for signals 1–10. Table 2.6 compiles the MAE, RMSE, EH, and NM ratio for
the RF models.

As expected, the performance metrics show a signi�cantly higher mag-
nitude with an MAE of 85.88 and 64.02 sec, respectively. This is because
the RF models can not capture the high T2G peaks that frequently occur
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for signals 11 and 12. Additionally, the EH and NM ratios underline the
modest performance with values below 2% for all metrics in Table 2.6.

A model design for designated traf�c lights that satis�es accuracy re-
quirements, additional information such as GPS signals that provide the
location of trams, or additional LDs that allow inferring location or speed
is needed.

2.6.4 Utilization of T2G predictions for speed-advisory systems

T2G predictions can serve as an input to motion planning algorithms
leading to a smoother speed pro�le and more homogeneous traf�c �ow as
vehicles do not need to stop at an intersection. Our proposed methodology
considers the complex relationship between traf�c signals and LD detections
to determine the T2G. Nevertheless, when motion planning algorithms
consider the predictions of the T 2G for determining, e.g., the speed pro�le
to cross an intersection, the timestamp of an LD detection will also change.
Consequently, the proposed models in this work that learned this temporal
relationship via a historical data set (of�ine learning) can not dynamically
adapt to the new system behavior. As a solution, the authors suggest
researching the directions of (a) online learning, which allows for learning
new data patterns as they are available, or (b) meta-learning allowing ML
models to learn from T 2G prediction outputs and adapt to the new system
behavior.

2.7 conclusion

This chapter proposes a framework for T 2G predictions at an urban intersec-
tion to enhance the quality of SPaT messages. The problem was constructed
as a time series forecast to predict the next signal phase of a fully-actuated
signal control system. The framework implementation is generic and can be
applied to any intersection that provides LD and signals data. An extensive
feature engineering methodology is proposed to enhance the model quality
by utilizing concepts from traf�c �ow theory. To assess the performance of
supervised learning algorithms, an LR, RF, and LSTM neural network are
implemented and assessed with a set of performance metrics.

In the presented numerical experiment, the methodology was tested on
an intersection in Zurich operated by a fully-actuated signal control and
public transport priority. A consecutive data set of two months (traf�c
signal and LD data) is processed, and prediction models are assessed on
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the accuracy when predicting the T 2G. Results show that RF models are
promising tools for predicting the next red phase and outperform naive
baseline, LR, and LSTM models with MAE between 0.90 and 3.27 sec.
Nevertheless, the RF models show limitations in predicting the T 2G of
traf�c lights designated for public transportation due to the high variance
of the target values and vehicle detections after prediction. Future work
will extend the present research with the possibility of updating T 2G
predictions throughout the next signal phase that can serve as an input to
various control systems. We will also look at the parameter tuning of the
models concerning computational time. This paves the way for real-time
applications. Another promising direction is to develop an algorithm that
can be quickly adapted to new environments (e.g., other intersections or
scenarios with different transit operations) within a few shots via meta-
learning (e.g., Gammelli et al., 2022).





3
T R A F F I C S TAT E A S S E S S M E N T A N D E S T I M AT I O N I N
U R B A N P E R I M E T E R S

The chapter is based on the following publications:

• Genser, A., Hautle, N., Makridis, M., and Kouvelas, A. ( 2021). An
experimental urban case study with various data sources and a model
for traf�c estimation, Sensors, 22(1), 144.

• Genser, A., Hautle, N., Makridis, M., and Kouvelas, A. ( 2022). An
experimental urban case study with various data sources and a model
for traf�c estimation, paper presented at the 101th Annual Meeting of
the Transportation Research Board.

3.1 introduction

An accurate derivation of fundamental traf�c state variables is key for
sophisticated traf�c management. Urban areas especially suffer from con-
gestion due to a higher population density, traf�c lights, and elevated
mobility demand. In addition, other variables, traf�c �ow information at
speci�c locations in the network, and travel times between an origin and a
destination are of great importance for traf�c operators. In particular, travel
times allow for the derivation of the network's current Level of Service (LoS)
and in�uence the network user's mode and route choice. Consequently,
accurate sensor technology is needed to detect vehicles when traveling
through a network with a low error rate so that traf�c variables satisfy
accuracy requirements (Kouvelas et al., 2018). However, urban areas are
sometimes sparsely equipped with sensors, which negatively affects ac-
curacy and increases the noise level of the results. In addition, a variety
of sensor technologies used in urban environments are only suitable for
deriving particular traf�c variables and also differ in data resolution. For
example, traditional sensor technologies such as LDs are still widely used
measurement devices due to reliability and �exibility in design (Bachmann
et al., 2013). Although LDs have been shown as a promising data source
for traf�c �ow, theoretical assumptions for a unique vehicle identi�cation

53
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are needed and re-identi�cation is not possible. In contrast, new technolo-
gies such as video/thermal cameras and Bluetooth/WiFi sensors not only
enable accurate derivation of traf�c �ow but also provide good results in
measuring travel time, since unique vehicle identi�cation based on MAC
address recognition is possible.

Although numerous studies have evaluated and estimated travel times
on freeways and urban areas, only few studies have compared emerging
sensor technologies to an empirical ground-truth measurement. In addition,
the question still remains on how traditional sensor data can help with
travel time estimation in terms of performance improvement. Therefore, this
work focuses on providing traf�c state representation regarding traf�c �ow
and travel time estimation within an urban network. We run a multi-sensor
campaign in Zurich, Switzerland, including video measurements from the
particular area and investigate the time series derivation of traf�c �ow
and travel times. Consequently, we compare the following data sources:
(a) thermal camera sensor data, where the cameras are equipped with a
WiFi interface, (b) processed video data with an Automated License Plate
Recognition (ALPR) algorithm, and (c) Google Distance Matrix data from
the particular area. For comparative results, the video data serves for the
exact determination of traf�c �ow and travel times, i.e., a ground-truth data
set. Besides the assessment of the different data sets, we propose a simple
yet ef�cient Multiple Linear Regression (MLR) model to estimate travel
times in a future environment with CAVs. We create a baseline scenario
with a random 5% sample of the ground-truth data that emulates data from
moving sensors (e.g., from CAVs). Finally, a model that fuses moving sensor
data with traditional LD and traf�c signal data is proposed. The estimation
results are compared to the baseline and ground-truth data.

The chapter includes the following contributions: (a) an experimental
campaign with multiple sensor data (thermal video, LD and traf�c signal,
and Google Distance Matrix); (b) sensor-based analysis for traf�c state
estimation in terms of traf�c �ow and travel times; (c) accuracy assessment
of the derived time series for all sensors; (d) travel time estimation for
speci�c origin-destinations by fusing static LD and traf�c signal data with
(emulated) CAV information and comparison to a baseline scenario.

The remainder of the chapter is as follows: The next section highlights
relevant previous works in the �eld of traf�c �ow/travel time assessment
and estimation. Following this, we introduce the data processing method-
ology and the utilized performance metrics. The travel time estimation
models with used performance metrics are introduced in the subsequent
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section. A description of the empirical experiment and the collected data
sets is given in the succeeding section. This includes a description of the
area, the performed video measurement, and a description of the other
sensor sources, i.e., thermal cameras, post-processed video data with ALPR,
Google Distance Matrix data, and derivation of the ground-truth data set.
Afterward, the results are presented and discussed, and the chapter closes
with a concluding section and an outline for future work.

3.2 related works

As a consequence of rising mobility demand, freeways and urban areas are
continuously suffering from traf�c congestion. This results in smaller net-
work throughput, lower average speeds on network links, and consequently,
higher travel times (Zheng, 2011). The traf�c management domain offers
several tools that in�uence route choice (Genser & Kouvelas, 2020) and
mode choice (e.g., congestion pricing (Genser & Kouvelas, 2022), or traf�c
demand (e.g., user's departure time) to tackle rising congestion problems.
Nevertheless, sophisticated traf�c management policies require reliable
input data, such as traf�c �ow and travel time estimates. Besides, travel
time estimation in urban networks is particularly challenging because of
the dynamic demand, low speeds, and signaling. Efforts toward accurately
predicting time-to-green (Genser et al., 2020b) can certainly help, but until
high penetration levels of CAVs (Chavoshi et al., 2021) are achieved, traf�c
signaling remains a challenge for accurate travel time estimation.

In particular, travel times can be measured directly by identifying a
vehicle at two speci�c points in space with a corresponding timestamp.
This is achieved with camera data and the application of ALPR algorithms
that allow matching license plates or probe vehicle data. In addition, novel
sensors with Bluetooth or WiFi interfaces can detect a unique MAC address
of devices such as, e.g., a mobile phone (Yildirimoglu & Geroliminis, 2013).
An evaluation of Bluetooth sensors as a potential ground-truth data source
was performed in Haghani et al., 2010. The study compares Bluetooth sensor
data collected on a freeway to vehicle probe data, and the penetration rate of
the Bluetooth system is approximated with LD data. Results underline that
Bluetooth sensors are a promising data source to measure accurate travel
times. Nevertheless, the quality of Bluetooth sensor data heavily depends
on the penetration in the system. Hence, the statement that the new sensors
can be utilized as ground-truth data is questionable with a low sample rate.
As Shari� et al., 2011shows, the penetration rate of Bluetooth systems can



56 traffic state assessment and estimation in urban perimeters

be low and hence only detect a fraction of vehicles of an observed network.
The study reports that the aggregated penetration rate of several observed
segments in Delaware and Maryland, USA, �uctuates around 4%. For the
derivation of the ground-truth data set, LDs and microwave sensors are
utilized; i.e., no actual empirical measurement of the traf�c �ow or travel
time was performed. The results are supported by another study in Turkey,
where a penetration rate of 5% was found (Erkan & Hastemoglu, 2016).
Another �eld test was conducted by Barceló et al., 2010on a freeway in
Barcelona, Spain. The work utilizes Bluetooth sensors to determine travel
times and then designs a Kalman �lter that allows the estimation of origin-
destination pairs on freeways. The authors extend their work to urban
networks with route choice in Barceló et al., 2011.

Alongside determining travel times for vehicles on freeways and urban
areas, the quantities are also of great interest for public transportation and
non-motorized transport modes, i.e., cyclists and pedestrians. Elliott and
Lumley, 2020develops a framework to estimate the travel times of buses
in Auckland, New Zealand. The framework allows calculating a network's
traf�c state, i.e., congested or not congested with positioning data. Two
models are combined, where the �rst model estimates travel times followed
by the traf�c state computed by the second model. Abedi et al., 2015shows
travel time estimation for pedestrians' and cyclists' travel times based on
Bluetooth- and WiFi-MAC addresses. Validation is performed with ground-
truth data.

Contrary, travel times can also be derived indirectly from traditional
sensor data. Loop detectors allow the direct determination of traf�c �ow
and an approximation of speed, which can then be used to calculate travel
times. A prediction of travel times based on LD data in California is pro-
posed by Yildirimoglu and Geroliminis, 2013. The processed data serves as
input to a prediction framework, including a bottleneck identi�cation algo-
rithm, traf�c regime clustering, a stochastic congestion map for clustered
data, and an algorithm for a congestion search algorithm. A more practical
approach to travel time estimation was followed by Shen, 2013with LD
data. The work addresses data gaps (spatially and temporally) by applying
an Exponential Moving Average (EMA) to improve the estimates. Addi-
tionally, Shen, 2013transforms the calculated Time-Mean-Speed (TMS) to
Space-Mean-Speed (SMS) by �tting a linear regression; the transformation
improves the estimates further. However, the authors do not provide details
about their models and only utilize simulated data from Aimsun (i.e., no
ground-truth data) to validate their approach. The study in Yeon et al., 2008
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utilizes LD data to calculate speed, traf�c volume, and the LD's occupancy.
The acquired data validates a developed freeway travel time estimation
model with discrete-time Markov chains. The model shows promising
results with travel time deviations lower than 3% from the LD data. Never-
theless, a comparison to an actual empirical ground-truth measurement is
not provided.

Besides the aforementioned works, research also focuses on the fusion of
different data sources to achieve accurate travel time estimates, e.g., LD and
probe vehicle data (Bhaskar et al., 2011) or drone data to derive naturalistic
vehicle trajectories (Bock et al.,2019). In addition, the travel time reliability
is highlighted by several kinds of research works as an essential measure to
evaluate not only empirical measurements but also estimated/predicted
outputs (see, Lyman and Bertini, 2008or Chen and Fan, 2019).

3.3 methodology for representing urban traffic states

This section presents the methodology to infer traf�c �ow and travel times
from the available data sets throughout this work. In addition, we introduce
performance metrics that are used to evaluate the derived time series.

Let us consider a four-leg intersection system depicted in Figure 3.1. Note
that one intersection approach located south is assumed to not provide any
sensors. Hence, this approach is not considered for deriving traf�c �ow
and travel times. For the remaining approaches, the fundamental quantities
traf�c �ow qs(t) of pre-de�ned points s in space and travel time t r (t) for
a pre-de�ned route r are de�ned. Figure 3.1 depicts all spots s and routes
r. Note again that for the approach from the south no elements of s and
r are available. Since no sensors are deployed on this road section, an in-
detail investigation is not possible. Consequently, six measurement spots
to derive a set of traf�c �ow F = f q1(t), q2(t), q3(t), q4(t), q5(t), q6(t)g
and a set of six routes R = f r1, r2, r3, r4, r5, r6g for derivation of the set
T = f t 1(t), t 2(t), t 3(t), t 4(t), t 5(t), t 6(t)g, denoting the travel times, are
presented throughout this work.

First, we derive traf�c �ow in (veh/h) from a given data source (e.g., LD,
traf�c signal or video data). Thus, we can de�ne qs(t) to derive a traf�c
�ow time series as follows:

qs(t) =
n
T

, (3.1)

where n represents the vehicle count, and T represents the measurement
interval, which is constant for all sensor sources. Since the derived �ow
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(a) (b)

Figure 3 .1: De�ned quantities for derivation of traf�c �ow and travel time:
(a) measurement spots to derive traf�c �ow qs(t) for all s =
f 1, 2, 3, 4, 5, 6g, (b) pre-de�ned routes r = f 1, 2, 3, 4, 5, 6g to derive
all travel times t r (t).

can show outliers or anomalies, a moving average of the data is derived as
follows:

q̄s(t) =
1

k + 1

0

å
i= � k

qs(t + i) , (3.2)

where q̄s(t) is the averaged traf�c �ow time series for s and k the window
size specifying the data taken into account for the moving average of every
sample of q̄s(t). Note that the de�ned window only considers historical
data; this de�nition helps for real-time applications, where no future values
are available. If the number of available samples is less than k no averaged
sample is computed.

To derive the travel times, we again take a given data set and derive the
quantity by applying equation 3.3. The time series of travel time t r (t) for a
route r is de�ned as follows:

t r (t) =
1
N

N

å
v= 1

tvout ,r � tvin ,r , (3.3)

where tvin ,r denotes the timestamp t of a vehicle v entering the system and
following a route r. tvout ,r denotes the timestamp v �nished route r, i.e,
exits the system. To create the travel time series, we average the number of
vehicles v denote as N that travel r at t. To remove outliers, the travel time
series are post-processed. Ast r (t) is dependent on the q̄s(t), we chose to
compute the weighted moving average, where q̄s(t) represents the weight,
i.e.,
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t̄ r (t) =
1

k + 1

0

å
i= � k

q̄s( i) � t r (t + i) . (3.4)

t̄ r (t) represents the weighted moving average of t r .
For the sensor-based assessment, we utilize two common performance

metrics to compare the data sources (for traf�c �ow and travel times,
respectively). First, the Pearson Correlation Coef�cient (PCC) is introduced
as follows:

r (a, b) =
E(a, b)
sasb

, (3.5)

where r (a, b) denotes the PCC between variablesa and b; E(a, b) the cross-
correlation between a and b; sa and sb the variance of the variables, re-
spectively. Thereby, a PCC of 1 indicates a perfect positive correlation, - 1
a perfect negative correlation, whereas a correlation coef�cient of 0 indi-
cates no correlation. The closer PCC to1, the higher the correlation of the
two variables (Benesty et al., 2009). Secondly, we use the Mean Absolute
Percentage Error (MAPE), de�ned as

MAPE =
1
n

n

å
i= 1

�
�
�
�
yi � ŷi

yi

�
�
�
� , (3.6)

where yi are the actual observations of the ground-truth, and ŷi is the
derived traf�c quantities of a data source under evaluation (Kim & Kim,
2016).

3.4 travel time estimation methodology

In order to evaluate the hypothesis for estimating the travel times of an
origin-destination pair in an urban area with multiple data sources, we
design an MLR model for estimation. The goal is to design a model that
can be utilized for estimation on all available routes. We want to show-
case the performance differences between the two models align with the
following assumptions, respectively: (a) utilization of moving sensor data
(e.g. CAVs) with a penetration rate of 5% (i.e. a 5% sample of accurate
real-time information is available) and (b) utilization of the 5% subset but
also extracted features from LD and traf�c signal data. The two models are
denoted as the baseline and �nal models in this work. The design process,
therefore, requires the processing of LD and signal data, and extracting rele-
vant features serving as model inputs (see Section3.4.1). We then introduce
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the basic de�nition of an MLR model, baseline model and �nal model in
Section 3.4.2 to 3.4.4, respectively.

3.4.1 Feature engineering

The �rst data set taken into account and serving as input to the MLR model
is a 5% sample available from emulated moving sensors (e.g., probe-vehicle
data, or—considering future transportation systems—CAVs that transmit,
e.g., location or speed, to a centralized processing unit). Note that in our
experimental campaign introduced in Section 3.5, these data are acquired
by sampling a random 5% subset from the empirical measurements. In
addition, LD and traf�c signal data from the intersections' signal controls
within the investigation area are processed. A total of 48 different LDs and
traf�c signals are considered to extract features and compile the following
complete list of predictors:

• S5: 5% random data sample from e.g., CAVs;

• h̄: Average headway [s] when a traf�c light is green;

• qI : Progressed �ow at an intersection [veh/h];

• ō: Average occupancy of LDs [%];

• p̄c: Average red/green phase count [-].

To perform the training and validation of the models, the data is split into
a training and test data set. A total of 70% of observations were used for
training and the last 30% for testing. For the different routes, between 76and
82 observations were available for the training, and 33 to 35 observations to
validate the estimation results (test data set).

3.4.2 Multiple Linear Regression model de�nition

An MLR model serves well to predict the response of a target variable; in our
case, the travel time of a sample s and a route r. By de�ning such a model,
a functional relationship is found that takes the explanatory variables as
input and allows the estimation of travel times. A mathematical formulation
of an MLR model can be introduced as follows:

ŷr,s = br,0 + br,1xs,1 + br,2xs,2 + . . .

+ br,pxs,p + Er,s, 8s 2 f 1, . . . ,Tg ,
(3.7)
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where ŷr,s is the response or target variable, i.e., the travel time estimate for
a route r and sample s. All variables denoted as b and the corresponding
subscript are regression coef�cients and determined during the training
procedure. The intercept of the MLR equation is denoted as br,0; br,1 to br,p

denote all the coef�cients for r and a number of p predictors. The predictors
are deterministic variables and represent the input features derived in
Section 3.4.1; In equation (3.7) the variables are de�ned as xs,1 to xs,p. The
error term is denoted by Er,s and follows a Gaussian distribution and T
denotes the estimation horizon. The de�nition of the model is based on
works such as Branston and van Zuylen, 1978. The solution for ŷr,s is found
by applying the OLS method.

3.4.3 Baseline model speci�cation

For evaluation, if data fusion with LD and traf�c signal data improves the
estimation model, a baseline model is speci�ed. Only with the 5% data
sample as a predictor an MLR is designed for all routes r as a baseline. This
allows us to compare the travel time estimates bt of all r and select a baseline
model for the area of investigation (the model providing the lowest error).
Consequently, we can rede�ne equation ( 3.7) with only one explanatory
variable and specify the baseline model as follows:

bt b
r,s = bb

r,0 + bb
r,1S5,s + Eb

r,s, 8s 2 f 1, . . . ,Tg , (3.8)

Note that the superscript 'b' in equation ( 3.8) indicates the speci�cation of
the baseline model.

3.4.4 Final model speci�cation

The �nal MLR model is determined by utilizing all the features presented
in Section 3.4.1. To determine the model with the best performance for all
the routes r, an iterative process of predictor forward selection is performed
to determine the lowest error (see the de�ned performance metrics in
Section 3.4.5). Consequently, we can rede�ne equation ( 3.8) and specify the
�nal model as follows:

log(bt f
r,s) = bf

r,0 + bf
r,1S5,s + bf

r,2 log( h̄s) + bf
r,3qI,s+

+ bf
r,4ōs + bf

r,5 log( p̄c,s) + Ef
r,s, 8s 2 f 1, . . . ,Tg ,

(3.9)

Note that equation ( 3.9) shows non-linear variable transformations by
utilizing the log(�) function. This methodological step is performed to
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change the regression relation and �nd the model with the best performance.
In addition, the response variable bt f

r,s, i.e., the travel time for a route is also
transformed with log(�). The superscript ' f' in equation ( 3.9) indicates the
speci�cation of the �nal data fusion model.

3.4.5 Performance metrics

Two performance metrics are utilized to evaluate the performance of the
baseline and �nal determined MLR model. The coef�cient of determination
(R2) expresses the percentage of the response variables' total variation that
is explainable by the predictor variables. However, higher values of the R2

measure can occur when more predictor variables are added to the model,
leading to a distorted comparison. To account for this problem, the adjusted
R2 (adjR2) is introduced. adjR2 uses a penalty term that is dependent on
the number of predictor variables ( p). Additionally, the MAPE is utilized
again as a measure to evaluate the travel time estimates of the model (i.e.,
the estimation compared to the test data set).

3.5 description of experimental campaign and data sources

As this study focuses on traf�c state estimation via traf�c �ow and travel
time derivation in an urban environment, a small area is selected that re�ects
the quantities variance but does not allow for complex traf�c movements,
e.g., a high number of possible routes. The particular area is located in
Zurich, Switzerland, in the northern part of the city. The experimental
campaign to compile data from multiple sensors and video data is described
in the following section; similarly, the various data sources utilized here for
quality assessment are also introduced.

3.5.1 Experimental campaign with video cameras

In Figure 3.2, the area under investigation is depicted in red. Additionally,
the road sections that are investigated with different data sources are high-
lighted in gray. The approach starting in the west named Binzmühlstrasse
is denoted as westbound (WB); the east approach called Hagenholzstrasse
as eastbound (EB); while the approach from the north named Thurgauer-
strasse is given as northbound (NB). The transportation network in the red
area primarily serves individual motorized transport and is regulated with
�ve traf�c control systems. A bus line operates on the west-east axis (WB to
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Figure 3 .2: Test area (in red), Zurich Switzerland. The highlighted network in
gray indicates the road segments where data is collected and pro-
cessed. The traf�c light symbols indicate the �ve implemented traf�c
control systems.

EB) and vice versa (EB to WB). Bicycle traf�c is managed with cycle paths
implemented on the road or with separate cycling infrastructure.

Although Zurich shows good coverage of various sensors over the whole
city, the area is selected for the following reasons: (a) the deployed sensors
are spatially close to each other. Thus, the complexity is adequately low,
considering the number of traf�c movements allowed and the number of
intersections. (b) the installed sensors allow the observation of three out of
four intersection approaches. (c) the area shows good coverage with loop
detector and signals control devices utilized for the feature extraction for
travel time estimation.

For carrying out the empirical experiment, a prior analysis of traf�c
data from TomTom International BV, 2021 was performed that proved
the existence of morning and evening peak hours. However, the evening
peak hour showed more severe congestion. Therefore, the measurement was
taken in the period between 4:00 pm and 6:00 pm, i.e., traf�c movements are
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(a) (b)

Figure 3 .3: Set-up for empirical measurements: (a) placement and distance from
the intersection center (in meters) of six cameras capturing traversing
traf�c (C 01–C06), (b) used camera set-up with HD camera and tripod.

�lmed for two hours on March 31, 2021. To determine the video data for all
traf�c �ows qs(t) and travel times t r (t), measurements with video cameras
were performed. Six HD cameras with tripods were placed according to
prior analysis of adequate measurement spots to cover all three traf�c axes
in the area. The high-quality cameras used have the following speci�cations:
two SONY HDR-PJ810 (video resolution 1920x 1080, 24 frames per sec),
three SONY AX53 4K, and one SONY AX43 4K (both types with a video
resolution of 3840x 2160, 30 frames per sec).

The cameras are observed by one person each to ensure a correct and pre-
cise measurement procedure. The spots C01–C06 are depicted in Figure 3.3a
and the camera set-up in Figure 3.3b. For the positioning of the cameras,
the following conditions were ensured: No in�uence of traf�c �ow or traf�c
behavior; no objects crossing the camera image such as pedestrians; a cam-
era angle that allows minimization of disturbances due to light re�ections,
for instance. A camera positioning that ensures that the conditions hold
allows the elimination of error sources in the automated video processing
carried out later in this work. The area under investigation has already
been equipped with thermal cameras. Hence, the placement C01–C06 was
chosen as close as possible to the installation spots of thermal cameras.
Note that we account for small distance deviations in Figures 3.3 and 3.4 in
the processing described later. This ensures maximal comparability of the
derived quantities.
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3.5.2 Data sources for sensor assessment

To develop a sensor-based analysis for traf�c state representation in terms
of traf�c �ow and travel time and provide an accuracy assessment, the
following data sources are introduced in this section: already established
thermal sensors in the area, processed video data with the application of an
ALPR algorithm (Silva & Jung, 2018), a compiled data set from the Google
Distance Matrix, and the manual inspection of the video data to derive the
true traf�c �ow and travel times.

Due to several disadvantages of visual cameras (e.g., privacy concerns,
lightning disturbances, visibility of objects, no observability of objects
during the night), recently, thermal cameras became more popular to ob-
serve traf�c. Such sensors function by capturing infrared radiation emitted
by objects (Gade & Moeslund, 2014). Although thermal cameras indicate
problems of distinguishing objects of the same temperature that lie close
together, the sensors outperform traditional sensors in road user classi�-
cation at night while performing similarly at day time and under varying
temperatures. Furthermore, it was shown that instantaneous speed was
determined more accurately by thermal cameras throughout all conditions
(Fu et al., 2017). Additionally, camera sensors (visual or thermal) have also
been combined with Bluetooth or WiFi sensors that allow capturing the
signals of mobile devices. When a mobile device is detected, a unique
MAC address can be identi�ed that enables vehicle identi�cation and re-
identi�cation (Ding et al., 2019). By matching the unique MACs occurring
at two or more sensor locations in a network, travel times and the average
speeds can be determined (Kwong et al., 2009).

The area under investigation is equipped with four overhead thermal
cameras as depicted in Figure 3.4, T1–T4. Note that the T2 and T3 capture
both directions of traf�c. The camera technology is capable of detecting
vehicles with user-de�ned virtual detection zones. Thus, the determination
of traf�c �ow for the set F is possible. Additionally, the camera detects WiFi
signals which allow the derivation of travel times T in the area. For the
export of the post-processed data, a commercial software system deployed
by the camera manufacturer is used. This should allow practical insights
into the data quality practitioners can expect when using such techniques
for traf�c management.

To show the capabilities of the empirical video data, we apply an ALPR
algorithm to post-process the recorded frames. ALPR is the automated
process of recognizing a License Plate (LP) and matching the correct let-
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(a) (b)

Figure 3 .4: Thermal camera set-up: (a) four mounted thermal cameras and dis-
tances from the intersection center (in meters) capturing traversing
traf�c (T 1–T4), (b) example of an overhead mounted thermal camera.

ters and numerical characters. Different research areas have proposed a
variety of open source and commercial solutions for ALPR (Bakhtan et al.,
2016). However, such algorithms are often tested under idealized conditions
(e.g.,no re�ections due to sunlight, an acute angle for capturing the LP).
Nevertheless, Silva and Jung, 2018 proposed an algorithm based on (a)
the open-source network YOLO (Redmon et al., 2016) for object detection,
(b) the detection of the LP with a novel proposed Warped Planar Object
Detection-Network (WPOD-NET), (c) the LP recti�cation with a CNN
model and (d) the matching to letters and numerical characters with optical
character recognition (OCR) by utilizing a modi�ed YOLO network. Silva
and Jung, 2018show that the proposed method outperforms academic and
commercial ALPR approaches with the processing of challenging test sam-
ples. We apply the novel algorithm from Silva and Jung, 2018to our video
data set and determine traf�c �ow and travel times. The algorithm applies
YOLO to detect objects as a �rst step. As we ensure that only vehicles are
detected, we can use the count as a proxy to determine traf�c �ow. The
count data is aggregated to show a �ow time series of vehicles per hour.
Travel times require a few more processing steps as we are the �rst to apply
this algorithm in Switzerland (i.e. �ltering different LP formats). When
an LP is identi�ed as correct by the �ltering procedure, the timestamp of
entering or exiting a route r is stored in the data set. Swiss LPs are different
compared to others like European LPs. The LP shows (from left to right)
the coat of arms of Switzerland, an abbreviation for the Canton (always two
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characters, e.g., ZH for Zurich), a number from 1 to 999999, and the coat of
arms of the Canton. Consequently, the processing has to ensure that OCR
recognizes a string with a correct canton abbreviation and a string that
represents a number in [1, 999999]. All other detected samples are ignored.
Note that the ALPR algorithm ignores symbols. Hence, no problems with
the coat of arms occur. Additionally, special LPs such as the military (starts
with an abbreviation "M") are ignored by the �ltering procedure (such LPs
only account for a small fraction of vehicles).

Google allows requesting of travel distance and travel time data via the
Google Distance Matrix API. The API returns data based on HTTPS request
information, including a start and end location (speci�ed as GPS points). For
full documentation and parameterization of the API, the interested reader
is referred to Google Developers, 2021. In this work, we �rst specify the set
of routes R with a start and endpoint as latitude and longitude coordinates.
In addition, the heading angle of traf�c is parameterized (i.e., for r1 the
angle, is equal to 90 degrees, indicating traf�c moving east). Finally, we
collect travel times of all routes for the transportation mode driving and the
traf�c model best_guess. As the Google Distance API only allows to request
data for the current timestamp or travel time predictions, historical data
can not be accessed. Therefore, we could not obtain the data set for the time
frame, we performed the empirical measurements with the video cameras.
Hence, we developed an algorithm that tracks travel times for all routes
every Wednesday for the identical time frame the empirical measurement
was performed. Consequently, we build up a data set with Google Distance
Matrix travel times of three Wednesdays. The developed algorithm sends
HTTPS-requests to the Google API, post-processes the response and adds a
new entry to the data set.In a situation where traf�c demand in the area is
similar every Wednesday from 4 pm–6 pm, we compare the average of the
collected travel times to the other data sources. Note that this data set only
allows the determination of travel times, and that is not further processed
with the methodology presented in the next section.

Finally, the video data were processed manually to compile the ground-
truth data set. The two hours of video material were inspected by hand, and
(a) vehicles were counted per minute, and (b) the time stamp a vehicle passes
a spot s of every intersection approach was determined. In every recorded
video, a virtual boundary was de�ned. When a vehicle is crossing such
a boundary, the timestamp of the corresponding video frame is collected.
Note that due to privacy regulations, the data set required the deletion
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(a) (b)

Figure 3 .5: Flow evaluation of ( a) q1(t) and (b) q2(t) at WB from the ground-truth
measurement, the ALPR, and the thermal camera T2; (c) shows the
matching rate of the ALPR algorithm for both derived �ows.

of all LPs after the data collection, i.e., we assigned a unique ID to every
vehicle in the system to determine qs(t), 8s and t r (t), 8r.

3.6 results

In this section, the sensor-based assessment of traf�c �ows and travel
times are shown in the �rst subsection. The second subsection presents the
estimation results of the proposed MLR models and compares performances
with the de�ned performance metrics.

3.6.1 Traf�c state representation and sensor-based assessment

The traf�c �ow results are derived by determining the vehicle counts from
(a) the installed thermal cameras (b) the detected vehicles from the ALPR
algorithm, and (c) the empirical measurement, i.e., the ground-truth data
set. Note that the Google Distance Matrix does not allow the derivation of
traf�c �ow. We derive all data sets and calculate the 10 min moving average
of all time series q1(t)–q6(t), i.e., the window size k = 10. Figure 3.5a and
Figure 3.5b present the derived �ow time series q1(t) and q2(t) for all data
sets.

In addition, Figure 3.6 denotes the matching rate of the ALPR algorithm
for q1(t) and q2(t), respectively. The matching rate is calculated by the
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Figure 3 .6: Matching rates of the ALPR algorithm for derived �ows q1(t) and
q2(t).

fraction of detected vehicles by ALPR and the actually vehicle count from
the ground-truth data set.

A comparison q1(t) and q2(t) of the ground-truth (in gray) and the data
from the thermal cameras (in blue) show a high correlation between the
time series. Only small deviations of the thermal cameras' detection are
noticeable. A quantitative analysis of the correlation coef�cient r and the
MAPE show a coef�cient result of 0.91 and an error rate of 4.83% for q1(t)
and r = 0.93, MAPE = 3.33% for q2(t) (Table 3.1). Further, the ALPR
results are depicted in orange. The ALPR algorithm shows a good �t for
q1(t) until the �ow drops around timestamp 17:00 signi�cantly. This can
also be seen in the matching rate of C1 that drops below 50%. After 17:30,
the performance increases again with a matching rate around 70% to 75%.
The average matching rate of C1 is 70%, r = 0.81, and MAPE = 15.54%
(Table 3.1).

For q2(t), the ALPR shows a lower performance compared to q1(t). Sev-
eral signi�cant deviations from the ground-truth data can be observed
throughout the investigated period. The matching rate of C 2 shows an aver-
age rate of 59%. Nevertheless, it is observed that the matching rate around
17:30 is below 10%. The error metrics show a performance of r = 0.61, and
MAPE = 12.64%. Figure 3.7 depicts the results for all data sources of q3(t)
and q4(t), respectively.

Again, a good �t of q3(t) 's ground-truth data and the thermal camera
data from T 3 can be observed (r = 0.94, MAPE = 3.86%). The ALPR results
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(a) (b)

Figure 3 .7: Flow evaluation ( a) q3(t) and (b) q4(t) at EB from the ground-truth
measurement, the ALPR, and the thermal camera T3; (c) shows the
matching rate of the ALPR algorithm for both derived �ows.

show signi�cant deviations from the ground-truth over time. Especially
around 16:20, a drop in the �ow is observed. In addition, from 16:45 until
17:30, deviations are observed and are supported by the matching rate
(Figure 3.8) dropping below 50%.

The average matching rate is calculated with 59%, r = 0.58, and MAPE =
17.20%. Figure 3.7b shows a high deviation from the ground-truth of the
data set derived from T 3. No correlation between the ground-truth and the
thermal camera data is determined, i.e., r = 0.00and MAPE = 92.45%. The
reason for the high deviation is that T 3 observes both traf�c directions with
one camera. Due to the high lane width (two lanes for individual transport
and two additional lanes for public transportation), T 3 cannot observe the
traf�c �ow in this direction. A re-positioning of the camera or installing a
second thermal camera could help improve the results. The ALPR shows
a correlation of r = 0.73and MAPE = 9.17%. The average matching rate
is calculated with 76%. The performance metrics are collected in Table3.1.
Figure 3.9 shows the results for q5(t) and q6(t).

The thermal cameras of T4 and T1 show good results for q5(t) and
q6(t). Note that two thermal cameras are installed due to a tram line
between the two traf�c lanes. For the �ow q5(t), the correlation r = 0.94
and MAPE = 3.86%; for q6(t), r = 0.99 and MAPE = 1.22%. The ALPR
algorithm shows deviations for both quantities. For q5(t), the average
matching rate is 70%, r = 0.58and MAPE = 17.20%. The results for q6(t)
show decreased ALPR algorithm performance over time. An inspection of
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Figure 3 .8: Matching rates of the ALPR algorithm for derived �ows q3(t) and
q4(t).

(a) (b)

Figure 3 .9: Flow evaluation (a) q5(t) and (b) q6(t) at NB from the ground-truth
measurement, the ALPR, and the thermal camera T4 and T1; (c)
shows the matching rate of the ALPR algorithm for both derived
�ows.
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Figure 3 .10: Matching rates of the ALPR algorithm for derived �ows q5(t) and
q6(t).

the ground-truth video material showed that this is caused by increasing
light re�ections over time. The average detection rate is equal to 57%,
r = 0.76and MAPE = 24.42%. Again, the quantitative results are collected
in Table 3.1.

The travel time results are derived by determining the timestamp when
a vehicle enters and exits the system. As data sources (a) the installed
thermal cameras, (b) the detected license plates from the ALPR algorithm
(c) tracked data from the Google Distance Matrix API, and (d) the empirical
measurement, i.e., the ground-truth data set are used. We derive all travel
time data sets and calculate the 10 min weighted moving average (the
window size k = 10) of the routes r1, r3, r4, and r5; consequently, t 1(t),
t 3(t), t 4(t), and t 5(t). Note that for r2 and r6, the ground-truth data set
showed low traf�c volume ( 7 and 19 vehicles for the measurement period,
respectively). Thus, data gaps occur, and a comparison of different data
sources would not lead to a representative result. Therefore, these two
routes are excluded from the analysis.

Figure 3.11a and 3.11b presents the derived travel time series t 1(t) and
t 3(t) for all data sets. The travel time results for t 4(t) and t 5(t) are depicted
in Figure 3.11c and Figure 3.11d.

The performance metrics are compiled in Table 3.2. One can note that
the quantity t 1(t) increases over time, peaks around 17:45, and decreases
again afterward. Results computed from the ALPR detections (orange time
series) replicate this trend with small deviations. The time series correlate
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(a) (b)

(c) (d)

Figure 3 .11: Travel time evaluation for (a) t 1(t), (b) t 3(t), (c) t 4(t) and (d) t 5(t)
with the ground-truth measurement, the ALPR, the set of thermal
cameras, and the Google Distance Matrix API data set.
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q1(t) q2(t) q3(t)

LP TC LP TC LP TC

r [-] 0.81 0.91 0.61 0.93 0.58 0.94

MAPE
[%]

15.54 4.83 12.64 3.33 17.20 3.86

q4(t) q5(t) q6(t)

LP TC LP TC LP TC

r [-] 0.73 0.00 0.58 0.94 0.76 0.99

MAPE
[%]

9.17 92.45 17.20 3.86 24.42 1.22

Table 3 .1: Correlation coef�cient r and MAPE of ALPR (abbreviation LP), thermal
camera data (abbreviation TC) and the 10 min MA ground-truth �ow
data.

with r = 0.99and an MAPE = 3.14%. Contrary results are shown by the
set of thermal cameras T2 and T3 that are utilized for travel time derivation
of t 1(t). The time series only shows small variations and does not capture
the trend of the ground-truth data ( r = 0.71, MAPE = 58.07%). Potential
reasons for the modest performance can be (a) a low penetration rate, i.e.,
a small number of WiFi devices are detected, or (b) the data is strongly
post-processed. The time series computed from the Google Distance Matrix
API shows a higher variance than the thermal camera data but also fails to
show the variation of the ground-truth data. Especially around 17:30, when
travel time continues to rise, the Google Data (green time series) does not
react to this system behavior. The correlation with the ground-truth results
in r = 0.27and the MAPE = 25.95%. The results show a similar trend for
the travel time results of t 3(t). The ALPR results replicate the ground-truth
data with some small over- and underestimations. Nevertheless, one can
note a data gap from 17:30 to 17:45, where no vehicles were detected. This
results in a correlation of r = 0.84 and MAPE = 8.04%. Again the time
series of the thermal camera data and the Google Distance Matrix API
under- and overestimate the travel time, respectively. Both methods do
not allow a reaction to a travel time change from, e.g., 180 sec to 250 sec
at 16:45, as the peak is not covered. Additionally, the Google data does
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t 1(t) t 3(t)

LP TC G LP TC G

r [-] 0.99 0.71 0.27 0.84 -0.11 NA

MAPE
[%]

3.14 58.07 25.95 8.04 18.36 50.64

t 4(t) t 5(t)

LP TC G LP TC G

r [-] 0.85 -0.13 NA 0.99 0.72 0.33

MAPE
[%]

7.51 26.76 73.38 2.73 20.60 45.49

Table 3 .2: Correlation coef�cient r and MAPE of ALPR (abbreviation LP), ther-
mal camera data (abbreviation TC), Google Distance Matrix API data
(abbreviation G) and the 10 min MA ground-truth �ow data. Note that
a correlation denoted as NA=not available means that the time series
standard deviation is zero.

not show any variance, i.e., the standard deviation is zero. This also does
not allow the determination of a correlation coef�cient. Hence, Table 3.2
denotes such observations with 'NA'. For the thermal camera data, the
computed performance metrics are r = � 0.11, MAPE = 18.36%, and for
the Google data r = NA, MAPE = 50.64%. For t 4(t), similar results as
for t 3(t) are derived. The ALPR algorithm allows the derivation of travel
times that show a good �t to the ground-truth ( r = 0.85, MAPE = 7.51%),
and the thermal camera data and Google data under- and overestimate the
travel time with performance metrics of r = � 0.13, MAPE = 26.76%and
r = NA , MAPE = 73.38%, respectively. For the travel times on r6, i.e., t 6(t),
the ALPR algorithm allows an accurate representation of the ground-truth
data with r = 0.99and MAPE = 2.73%. The thermal camera data shows
a correlation of r = 0.72 with an MAPE = 20.60%and the Google data
allows the computation of r = 0.33 and MAPE = 45.49%.
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Figure 3 .12: 10min WMA travel times estimates of the baseline model, estimation
model, compared to the 5% data sample and the ground-truth on r3.

3.6.2 Travel time estimation results

To show the performance of a travel time estimation procedure, we train
and apply the proposed MLR models. First, baseline models are trained
with the data sample of 5% available moving sensor data as the only
predictor for all routes R. After creating the baseline, the other features are
included in the model, and the �nal estimation model is derived. To show
the performance of the trained model, we utilize r3 as a test. Figure3.12
shows the comparison of the following time series: the actual ground-truth,
the 5% data sample without estimation, the travel time estimation of the
baseline, and the �nal model.

Results show that a 5% data sample is insuf�cient to represent the ground-
truth travel time t 3(t). This is supported by a high MAPE of 18.10%. The
trained baseline model shows an adjR2 of 0.40and over- and underestimates
the travel time in Figure 3.12. The predicted time series results in an MAPE
of 11.62%. Nevertheless, it can be shown that our model already improves
the estimation by 6.48%. Finally, we apply the model with all features
utilized as predictors. Although the model also indicates deviations from
the ground-truth data, the adjR2 equals 0.81, and the MAPE reduces further
to 10.92% (see Table3.3).
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r3 adjR2 [-] MAPE [%]

5% sample - 18.10

Base Model 0.40 11.62

Final Model 0.81 10.92

Table 3 .3: Adjusted R-square values of the model performance on the training
data. MAPE denotes the comparison of travel times estimates (baseline
model and estimation model), and 5% sample of r3.

3.7 discussion

3.7.1 Traf�c States–traf�c �ow

Traf�c states were determined in terms of traf�c �ow and travel times in this
work. Results compare �rst traf�c �ows estimated for all six measurement
spots by thermal cameras, ALPR, and the ground-truth computed based on
video measurements.

From thermal cameras, measurements of traf�c �ows with high accuracy
were determined. Only the time series of traf�c �ow q4 shows a higher
estimation error in comparison to the ground-truth. The reason is that at
this measurement spot, only one thermal camera is used to detect both
traf�c directions. Whereas this has worked with high accuracy for detecting
�ows q1 and q2, lane width for this intersection approach is wider due to
a dedicated tram track in the center of the road. Therefore, vehicles could
not be identi�ed with the expected high accuracy. Estimation on the other
traf�c direction q3 has shown low error values. This could have been caused
by the mounting of the thermal camera, which is placed more on the side
of the traf�c lane dedicated to q3.

The applied ALPR algorithm also shows promising results for traf�c
�ow. Nevertheless, some under- and overestimations could be identi�ed,
e.g., q1 (and the corresponding camera C1), the underestimation of traf�c
�ow corresponds to a drop in the matching rate below 45%. A manual
inspection of the video measurement shows that vehicles arrive at the
measurement spot in groups with short spacing. Consequently, a shorter
period is available for the camera to focus, resulting in a lower detection
rate of the ALPR algorithm. The detection rate for C 2 shows even lower
values around 17:30, where the matching rate drops below 10%. Similarly,
low matching rate is likely to be caused by vehicles arriving in groups.
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Additionally, the lane widens due to a bus stop, allowing for a vehicle
position with a higher variance from the center of the lane. Consequently,
situations occur where the vehicle's license plate is covered by the front
vehicle. In addition, for C 3 the same situations could be identi�ed when
analyzing the video material. This causes a continuous drop in the matching
rate from 16:20 to 17:10 (and therefore also deviations in traf�c �ow).
Additionally, there is signi�cant cycling traf�c on the bike lane, which can
cause a situation, where a cyclist traveling at a similar speed as a vehicle
blocks the sight to the vehicle's license plate.

3.7.2 Traf�c states–travel times

For the estimation of travel times, ALPR shows a good performance in
computed results. The variance of travel times shown in the ground-truth
is re�ected by utilizing the ALPR algorithm. Estimation errors that occur
correlate with a low matching rate caused by the factors already discussed
when deriving traf�c �ow. Note that travel time series for route r3 show a
data gap for 15 min at 17:30. This is caused by the low matching rate that
was already shown when determining q2 with camera C2. Although thermal
cameras can determine traf�c �ow with high accuracy, the derived travel
times show high error values. The variance of our experiment's travel times
is important for short-time traf�c management. Nevertheless, the thermal
camera and Google Distance Matrix data do not show the real-world data
trends.

Thermal cameras underestimate the travel times on all processed routes.
On the other hand, Google Distance matrix data overestimate all cases.
For thermal cameras, it is conjectured that penetration rate (i.e., number
of vehicles that are detected via WiFi signal divided by actual number of
vehicles) is low. This could be improved by additional thermal sensors
upstream from the measurement points. Thus, multiple measurements
could be used to infer vehicle detections and consequently increase the
penetration rate. Finally, Google Distance matrix data overestimates travel
times throughout the investigated period.

3.7.3 Travel time estimation models

We have proposed two MLR models: a baseline model with 5% moving
sensors (i.e., a random sample from ground-truth data in our case) as input
and a �nal model with the same 5% data sample and features extracted
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from LD and traf�c signal data. The 5% of data was chosen as an exemplary
low penetration rate to consider the dif�culty of monitoring traf�c in an
urban setting. In addition, the sample size emulates the transition period
from human-driven vehicles to CAVs. The results show that the 5% data
sample alone is not enough to represent the travel time of a given route
(highest determined error values). The baseline model enhances the esti-
mation, but performance could be further improved by fusing the data of
extracted features (�nal MLR model). Although more sophisticated model-
ing approaches can be found in the literature for such estimation tasks, an
MLR model provides a good performance baseline and also demonstrates
that a methodological framework could improve travel time estimations for
future mobility systems.

3.8 conclusion

The chapter presents insights on arterial roads traf�c state representation
in terms of traf�c �ows and travel times in an urban transportation net-
work. More speci�cally, the work investigates a sensor-based assessment
and takes into account (a) data from thermal cameras, (b) post-processed
video data with an ALPR algorithm, and (c) travel times from the Google
Distance Matrix API. All post-processed data sources are then compared
to the empirical ground-truth measurements conducted in a particular
urban area in Zurich, Switzerland. The traf�c measurements with video
cameras allow the compilation of a data set with true traf�c �ow of six
detection spots and travel times of six routes during two hours (afternoon
peak). In addition, we propose a simple yet ef�cient MLR model that fuses
information from several sources. The �rst version of MLR model, namely
“baseline”, estimates travel times and traf�c �ows using the information of
a small vehicle �eet percentage (i.e., 5%). The �nal MLR model fuses the
above information with static LD and traf�c signal data. For assessment
purposes an experimental campaign with video measurements within a
restricted area in Zurich, Switzerland has been organized, while additional
data sources (thermal camera, LD, and signaling data) were made available
to the authors by the city of Zurich.

Results show that for the derivation of traf�c �ow, the thermal camera
performs best with an MAPE below 5% for all detection spots. The ALPR
algorithm shows error values between 9% and 25%, which are due to de-
creasing detection rates of the procedure caused by, e.g., light re�ections.
For the derivation of travel times, the ALPR outperforms all other sensor
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technologies with an MAPE below 8% for all routes. However, the perfor-
mance of data from thermal cameras and the Google Distance Matrix API
is modest, with error values between 18% and 58%. Finally, we showcase
the performance of the proposed MLR model for travel time estimation.
The model architecture gets several extracted features from LD and traf�c
signal data, and a 5% data sample from moving sensor data (e.g., CAV) as
an input. We compare the model performance with (a) the 5% data sample
alone, (b) a baseline model that only sees the5% data sample for training,
and (c) the actual ground-truth data. Results show that a data sample such
as5% of the ground-truth data is not enough to represent the travel time for
a speci�c route. With the MLR baseline model, the MAPE can be reduced
from 18.10% to 11.62%; with the �nal model, the error reduces further to
10.92%.



4
D Y N A M I C C O N G E S T I O N P R I C I N G I N L A R G E - S C A L E
U R B A N N E T W O R K S

The chapter is based on the following publications:

• Genser, A., and Kouvelas, A. (2022). Dynamic optimal congestion pric-
ing in multi-region urban networks by application of a Multi-Layer-
Neural network, Transportation Research Part C: Emerging Technologies,
134, 103485.

• Genser, A., and Kouvelas, A. (2020). Optimum route guidance in
multi-region networks: a linear approach, paper presented at the 99th
Annual Meeting of the Transportation Research Board: New Mobility and
Transportation Technology Takeaways.

4.1 introduction

The fact that more and more people live in cities puts signi�cant pressure
on the mobility services of urban areas. One major challenge of today's
transportation systems is the mitigation of congestion. Therefore, within
the traf�c management domain various technologies to tackle rising traf�c
demand have been proposed in the last decades. Diverse methodologies can
be found in the literature such as several effective microscopic approaches;
e.g., optimal traf�c light control and macroscopic methods, where Perimeter
Control (PC) is well recognized. PC allows a signi�cant reduction of user
delay in a protected region by controlling traf�c lights at the region bor-
der (Keyvan-Ekbatani et al., 2012; Geroliminis et al., 2013; Kouvelas et al.,
2017a; Yildirimoglu et al., 2018; Sirmatel & Geroliminis, 2021). Nevertheless,
methods, such as PC, do not consider external effects when focusing on car
traf�c. Air pollution, noise, accidents, congestion, and space occupation are
examples of costs the road users do not have to accommodate for. Hence
this results, in adverse effects on the performance of a traf�c system, the
environment, and the economy (Hansen, 2018).

Pigou, 1920showed early on in his extensive work on external costs that
congestion pricing (often also denoted as road pricing) is a promising tool.

81
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Practical evaluations of �eld implementations in, e.g., London, Stockholm,
and Singapore underline the effectiveness (Eliasson,2017). The impact of
rising traf�c demand is mitigated, internalization of external effects and a
reduction in performance metrics such as travel times, vehicle kilometers
traveled, or travel delays is achieved.

Although there is a broad agreement on the ef�ciency of congestion
pricing, the design of the pricing scheme itself is still tackled by several
research domains. As already reviewed by Lindsey and Verhoef, 2000the
fundamental work from Vickrey, 1963 was one of the �rst that shows
the potential of congestion pricing to in�uence the travel behavior (i.e.,
the route and mode choice). Also, the work claims the need to set prices
re�ecting the current traf�c state in a network; i.e., if a city experiences
congestion, tolls need to react dynamically with a speci�c magnitude. Note
that prices and tolls are used as synonyms in this work. In recent years,
several theoretical (microscopic and macroscopic) studies have shown that
extending a transportation system with a dynamic pricing scheme can
further improve performance (e.g., Zheng et al., 2012; Kachroo et al., 2017;
Zheng et al., 2016; Gu et al., 2018; Yang et al., 2019).

However, the implementation of congestion pricing on a link-level has
been found as not practical. High investments to upgrade the infrastructure
and regulation issues (e.g., the infrastructure operator needs to provide an
alternative non-tolled route) are faced in practice. One of the �rst works
that try to overcome this challenge by tackling congestion pricing at the
macroscopic level was published by Zheng et al., 2012. The work utilizes
the MFD to derive an optimal cordon-based pricing scheme. Zheng and
Geroliminis, 2020, Gu and Saberi, 2021, and Chen et al., 2021follow this
approach and show the advantages of an aggregated method on network-
level.

Besides the comprehensive �ndings of these studies, they lack an analyti-
cal and formulation of a real-time system optimum. This is of great interest,
as the optimal quantities can be utilized to derive optimal pricing functions.
In the present work, we focus on a multi-region network model based
on Sirmatel and Geroliminis, 2018to �nd the optimal macroscopic pricing
scheme with the application of supervised machine learning. The de�ned
urban regions are considered homogeneous with different characteristics
(i.e., size, capacity, average trip length) in the heterogeneous traf�c network.
A well-de�ned MFD characterizes every region. The determination of Dy-
namic System Optimum (DSO) is solved by reformulating the nonlinear
model into a linear program and applying several approximations based
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on the work by Genser and Kouvelas, 2020with a Linear Rolling Horizon
Optimization (LRHO); i.e., the optimal route choice is determined. Imple-
mentation of the Dynamic Route Choice (DRC) is based on the utilization
of Djikstra algorithm to �nd the shortest paths and a multinomial Logit
(MNL) model to determine the user's route choices. To determine the opti-
mal time-varying pricing functions, we train deep neural networks (more
speci�cally, a Multi-Layer-Neural (MLN) network) models that capture the
complex user's route choice behavior and predict the generalized trip costs
for every region.

The application of the proposed framework, including the pre-trained
pricing prediction models, allows us to highlight the following contribu-
tions: (a) the formulation of an ef�cient and linear program to �nd real-time
solutions for the nonlinear optimal route guidance problem (i.e., the DSO);
(b) the design of MLN network models that allow a generic application to
learn the user's route choice behavior and predict their generalized trip
costs; (c) the derivation of demand-speci�c pricing functions for optimal
tolling in a multi-region network.

The remainder of this chapter is organized as follows: Section 4.2 points
the reader to related work on the derivation of user and system equilib-
rium and optimal pricing. Section 4.3 introduces the utilized macroscopic
simulation model. Section 4.4 elaborates on the applied methodology. First,
the derivation of DSO with all steps to linearize the problem is introduced.
The chapter continues with the DRC by applying Djikstra algorithm and
MNL. The optimal toll derivation with a MLN network model is presented
at the end of Section 4.4. The methodology is applied to a case study in
Zurich, Switzerland, with results for DSO, DRC, and the optimal pricing
functions (Section 4.5). The chapter closes with a conclusion and future
work in Section 4.6.

4.2 related works

The general idea of congestion pricing was picked up already decades
ago by Pigou, 1920followed by works such as Knight, 1924; Vickrey, 1963.
Since then, optimal pricing problems have been tackled for microscopic and
macroscopic traf�c models. Generally, the literature differentiates between
two types of pricing problems: First-best pricing is de�ned by pricing every
link in a network ef�ciently. Thus, network modeling on the microscopic
level is essential and information of every link must be available in real-time.
Works such as Beckmann et al.,1956suggest deriving tolls for �rst-best
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pricing with the concept of marginal social cost pricing. Consequently,
the tolls represent an equivalent of the negative externalities caused to
other users in the transportation network. Differently, Bergendorff et al.,
1997and Hearn and Ramana, 1998show that toll vectors exist for �xed
demand scenarios and de�ne the �rst-best toll set based on the concepts of
user equilibrium and system optimum. Finally, Yildirim and Hearn, 2005
extend the proposed solutions from Bergendorff et al., 1997and Hearn and
Ramana,1998for demand uncertainties with a General Variable Demand
(GVD) model. Although the application of tolls derived by solving the
�rst-best pricing problem guarantees the operation at the system optimum,
the practicality has been critically discussed. Lindsey and Verhoef, 2000
argues that even with electronic tolls (users do not have to stop at a toll
which causes travel delays), the investment and operational costs are high.
Several countries' regulations force the infrastructure operator to provide
an alternative non-tolled route. Furthermore, it is unlikely that a toll system
is implemented in the whole network at once, which is a constraint for
�rst-best pricing.

Therefore, recent research focuses on the second-best pricing problem,
where only a subset of the links is utilized for pricing. Considering a small
toy network, represented as a graph, Meng et al., 2012and Chung et al.,
2012are formulating optimization problems to derive optimal tolls with
a bi-level cellular particle swarm optimization and (considering demand
uncertainties) a mixed-integer problem, respectively. Both works focus on
determining prices by utilizing the total distance traveled on priced arcs in
a network. Furthermore, an optimal speed-based pricing design using the
average travel speed has been proposed by Liu et al.,2013. Finally, a joint
model incorporating the travel distance and time denoted as Joint Distance
and Time Toll (JDTT) was introduced by Liu et al., 2014. Methodologies of
the aforementioned papers are operating at the link level, which remains
challenging when one considers a city center corridor with a high number
of links (holds for the �rst and second-best toll problem).

Besides, sophisticated modeling incorporates a dynamic traf�c assign-
ment, making the computation of dynamic traf�c equilibria (i.e., DRC and
DSO) relatively expensive. Nevertheless, this is an essential procedure to
evaluate the applied dynamic pricing scheme. van Essen et al., 2016col-
lects a literature review on the role of travel information and stresses the
importance to push a system from the user equilibrium (i.e., people are
behaving sel�shly in their route choice and try to maximize their bene�t) to
a more ef�cient system optimum (i.e., a part of the network users need to
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act in a non-sel�sh way by choosing an alternative route which might result
in, e.g., a longer travel time). The interested reader is referred to works such
as Amirgholy and Gao, 2017or Zhong et al., 2020for a detailed derivation
of macroscopic traf�c model's DSO. One way to direct a transportation
network towards the system optimum is by in�uencing the user's route
choice with travel information. Different systems have been utilized in the
past to provide users with information about the current toll to enter a
protected region (e.g., a website or mobile app that provides the current
price or information systems on the highway displaying the current toll one
would need to pay) (Siuhi & Mwakalonge, 2016). With the advancement
of vehicle technology, toll data can even be provided in real time to the
user. Consequently, congestion pricing can not only be utilized as a general
solution for reducing car traf�c demand (i.e., the user's mode choice or
departure time is in�uenced) or the internalization of external effects. The
user's route choice can be affected, leading to a better distribution of traf�c
in the network and, consequently, better system performance.

Accounting for given limitations of microscopic modeling of congestion
pricing, other works have recently focused on a macroscopic approach
using multi-region models and MFD (see e.g. Nourinejad and Ramezani,
2020; Li et al., 2021). To the authors' best knowledge, one of the �rst works
considering MFD to obtain optimal pricing was published by Zheng et al.,
2012. Utilizing an agent-based simulator, the concept of MFD, and a propor-
tional controller, dynamic cordon-based pricing is shown as an ef�cient tool
to save travel times and ease congestion in the cordon. Simoni et al.,2015
design an area-based pricing scheme with the concept of marginal costs.
The derived pricing methodology is applied to the simulator MATSim. Nev-
ertheless, the proposed method does not include a feedback strategy. Gu
et al., 2018investigate several pricing methodologies with Simulation-Based
Optimization (SBO) and feedback control. The work combines a micro-
scopic simulator with a Proportional-Integral (PI) control utilizing the MFD.
This approach allows maintaining a protected region at the critical vehicle
accumulation (corresponding to the maximum vehicle �ow) and calculating
prices based on the link-based distance and time traveled. Nevertheless, the
iterative approach introduces a heavy dependency on a simulator to derive
the MFD and the link-based prices; moreover, no comparison to traf�c
equilibria is performed. The authors extend their work with SBO in Gu and
Saberi,2019by also considering departure time rescheduling. Chen et al.,
2018propose another SBO approach to �nd an optimal pricing scheme and
improve travel time reliability. Also, research tackles the problem with the
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development of surrogate models, i.e., to �nd approximate functions for
complex systems and consequently derive tolls with an SBO framework
utilized to �nd a surrogate model and solve an optimization problem that
minimizes the network-wide average travel time (Chen et al., 2014). An
extension of the aforementioned approach applied such a framework to a
segmented toll road in Maryland considering two objectives; the minimiza-
tion of average travel time and the maximization of toll revenue (He et al.,
2017). Also, Gu et al., 2019determine a surrogate model to �rst �nd the
optimal tolls for protecting a network region from entering the congested
regime. Secondly, also the minimization of the congestion distribution's
heterogeneity is considered. Zheng and Geroliminis, 2020propose another
area-based pricing system by considering heterogeneous user groups; i.e.,
the user groups are characterized with different Value of Times (VOT).
Then, by applying a network aggregated two-region model and the con-
cept of MFD, the work derives fair tolls. Also, with MFD, Chen et al.,
2021propose another PI control to optimize tolls by utilizing MATsim as
a simulator. Besides, the Cumulative Prospect Theory (CPT) is applied to
(a) reduce the peak-hour demand with tolling and (b) model the level of
service experienced by network users.

As the derivation of pricing for large-scale urban networks requires
the consideration of complex relationships (e.g., network structure, traf�c
�ow theory, route choice, etc.), several recently published works tackle the
problem with machine learning models. E.g., Mohanty et al., 2020forecast
traf�c congestion within a region by applying an LSTM neural network and
derive a neighborhood congestion score. The work shows that the LSTM
model is useful for the optimal pricing problem. Shukla et al., 2020also
utilizes a spatially-induced LSTM to predict the current traf�c conditions.
The output of their LSTM model and road network-related parameters are
then fed to a proposed algorithm that allows the determination of tolls.
Apart from neural networks also reinforcement learning has gained rising
attention to tackle optimal pricing with promising results; the interested
reader is referred to works such as Sato et al., 2021; Zhu and Ukkusuri,
2015; Mirzaei et al., 2018.

4.3 macroscopic multi -region modeling

In this chapter, the traf�c network is modeled as a multi-region network par-
titioned into homogeneous regions. The notation of used variables denotes
Table 4.1. The homogeneous regions are de�ned by R = f 1, 2, . . . ,Kg, where
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Notation Unit Description

t [s] Continuous simulation time step

T [s] Simulation time

R - Set of regions

I - Origin region and element of R

J - Destination region and element of R

N I - Set of all neighboring regions of I

H - Stop-over region and element of N I

K - Total number of regions

N I I , N I J [veh] Vehicle accumulation from origin I to I or J,
respectively

N I , NH [veh] Aggregated vehicle accumulation for region I
and H

G(�) [veh/s] Out�ow MFD of a region I

L̄I [m] Average trip length in region I

QI I , QI J [veh/s] Traf�c demand from I to I or J, respectively

M I I [veh/s] Internal �ow from region I to I

M IHJ [veh/s] Transfer �ow from origin I over H to destination
J

qIHJ - Route choice variable (DRC) from region I to J
via H 2 N I

n - Polynomial degree for MFD design

a, b, c - Polynomial coef�cients for MFD design
eM IHJ [veh/s] Transfer �ow preventing a region from over�ow

CIHJ(�) [veh/s] Capacity function

tr , t f , tc [s] Demand parameters for rising, falling, const.
magnitude time.

Qt [veh/s] Demand magnitude for QI I and QI J

Table 4 .1: Notation for the multi-region model. The time component t is omitted
for the reader's convenience.
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K is the total number of regions. Every region from R is modeled with a
well-de�ned MFD, represented by the function G(N I (t)) . N I (t) denotes the
aggregated vehicle accumulation of a region I at time t. Consequently, the
dynamic equations can be de�ned in continuous time as follows:

dNI I (t)
dt

= QI I (t) � M I I (t) + å
H2N I

M HII (t), (4.1)

dNI J(t)
dt

= QI J(t) � å
H2N I

M IHJ(t) + å
H2N I ;H6= J

M HIJ(t), (4.2)

where indices I 2 R, H 2 N I and J 2 R represent the origin, stop-over,
and destination region, respectively. Variables N I I (t) and N I J(t) denote
vehicle accumulations of region I that have �nal destination region I and
J, respectively. N I is a set containing all neighboring regions of I . Internal
demand within one region is de�ned by QI I (t); moreover, demands with
origin I and destination J are denoted by QI J(t). Note that QI I (t) and
QI J(t) are exogenous signals. Intra- and inter-regional �ows are computed
by functions M I I (t) and M IHJ(t) representing internal �ows in a region
and transfer �ows from region I to H (with �nal destination J), respectively,
de�ned as follows:

M I I (t) =
N I I (t)
N I (t)

G(N I (t)) , (4.3)

M IHJ(t) = qIHJ(t)
N I J(t)
N I (t)

G(N I (t)) . (4.4)

Variables qIHJ(t) represent the route choices at time t; for their computation,
an implementation of Dijkstra shortest path algorithm in combination with
an MNL model is utilized for the computation of DRC. To �nd the optimal
route guidance (i.e., DSO splitting rates), a linear optimization problem is
solved (see Section4.4.1 for derivations).

The sequence of regions a user can traverse in the proposed model is not
arbitrary. If the indices IHJ are parametrized with I = J (e.g., IHJ = 131),
paths are restricted. This assumption does not allow for unrealistic path
choices and improves the quality of the model. An example of a four-
region model and the allowed possibilities to move from an origin (o) to
a destination (d) are shown in Figure 4.1. The black route here represents
the user's choice traversing from I = 3 via H = 1 to the destination
J = 4. Hence, this represents one potential solution of the Dynamic User
Equilibrium (DUE), although it might be more bene�cial for the whole four-
region system that the user travels a path where the splitting rates q324 or
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Figure 4 .1: Four-region model with potential routes from origin I = 3 to destina-
tion J = 4.

q344 apply. Note that the utilized model in this work does not have memory
of traversed regions in the past; i.e., if more stop-over regions should be
considered an extension such as proposed in Sirmatel and Geroliminis, 2018
should be incorporated.

Note also that the transfer �ows need to be restricted by equation ( 4.5).
The minimum among incoming transfer �ow or maximum region capacity
is considered, preventing a region from accepting incoming �ows that
exceed capacity (over�ow, eM IHJ(t)). The latter is modeled with function
CIHJ(NH (t)) denoted as a step function: If the accumulation NH is smaller
than a certain fraction of the jam accumulation, CIHJ(NH (t)) equals to
the maximum boundary capacity. Otherwise, if NH is higher and not
satisfying the previous condition, CIHJ(NH (t)) decreases with increasing
NH . The reader is referred to Sirmatel and Geroliminis, 2018for the detailed
de�nition of function CIHJ(�).

eM IHJ(t) = min
�

CIHJ(NH (t)) , qIHJ(t)
N I J(t)
N I (t)

G(N I (t))
�

. (4.5)

Elements of set R are considered as homogeneous and can, therefore, be
characterized by a well-de�ned MFD. Previous works are using mathemati-
cal relationships to model an MFD represented as a polynomial of degree
n (e.g., in Geroliminis and Daganzo, 2008a). Furthermore, other approxi-
mations, such as an exponential function or a novel method by Ambühl
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et al., 2018proposing to estimate the MFD from measurement data, are
applied. However, several methods suffer from function parameters that
lack physical meaning and might introduce problems with optimization
procedures. Hence, the current work models function G(�) with a polyno-
mial of degree n = 3. With commonly utilized mathematical procedures
a polynomial is easy to �t and is simpler to handle when linearizing an
optimization problem (concavity and continuity). G(�) is de�ned as follows:

G(N I ) =
�

aN3
I (t) + bN2

I (t) + cNI (t)
�

/ L̄I . (4.6)

Function G(�) is the estimated out�ow (veh/s) with respect to N I ; the
coef�cients a, b, c are derived by �tting the polynomial to e.g., derived
measurement data from loop detectors. The variable L̄I denotes the av-
erage trip length. Note that this work does not consider heterogeneous
distribution of congestion, which can lead to the effect of MFD hysteresis.
The interested reader is refereed to Ramezani et al.,2015for an approach
to ensure homogeneity when utilizing aggregated models. Gu et al., 2019
should be consulted for a minimization of heterogeneity by applying an
SBO approach. Finally, the works in Haddad and Zheng, 2020; Haddad and
Mirkin, 2021study the performance of such models for control purposes
under state and input delays.

To model a realistic demand-supply system, the simulation plant receives
demand patterns as trapezoids. A trapezoid is de�ned as an euclidean
geometry shape by specifying the rising time tr (sec), falling time t f (sec),
time that the demand remains at constant magnitude tc (sec), and demand
magnitude Qt in (veh/sec). Figure 4.2 shows a graphical representation of
the parameter de�nition. Often these parameters are found by generating
random numbers that satisfy the given application requirements. In the cur-
rent work, an optimization procedure from Kosmatopoulos and Kouvelas,
2009; Kouvelas et al., 2011is utilized to �nd appropriate parameters tr , t f ,
tc, and Qt , producing a desired simulation scenario (e.g., two congested and
two uncongested regions). By setting a target accumulation per region on
the MFD curves, different scenarios for testing the optimal route guidance
determination and pricing methodology can be generated ef�ciently for a
simulation time of T (Genser & Kouveals, 2019).

The next section of this work presents the utilization of the simulation
model and all required methodology parts to derive the proposed dynamic
congestion pricing method.
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Figure 4 .2: Representation of demand patterns as trapezoids for QI J.

4.4 methodology

Utilizing the simulation model from Section 4.3 we introduce the methodol-
ogy that allows us to compute (a) the traf�c equilibria and (b) predict the
generalized costs, and (c) utilize this quantities to derive optimal pricing
for the multi-region network. Figure 4.3 depicts a block diagram with all
the core components that are introduced in this section. We utilize the
multi-region simulation plant from Section 4.3 in a discretized form to
simulate traf�c scenarios for a given exogenous demand pro�le. To com-
pute the equilibria, i.e., DSO and DRC, a linear formulation of an optimal
route guidance optimization problem is used for the DSO. For the DRC
the Dijstrka algorithm (to compute the shortest path) and an MNL (to
model the travel behavior) are utilized. Finally, we feed the outputs from
the equilibria derivation to the pricing computation. Within this procedure,
pre-trained MLN networks are utilized to derive the optimal generalized
costs. Consequently, the methodology allows deriving the optimal price
for a user-speci�ed control horizon. Note that Table 4.2 and 4.3 denote the
used nomenclature for the presented methodology.

In more detail, the �rst block (Figure 4.3, top) represents the discretized
multi-region model to simulate the vehicle accumulation trajectories N I (k),
N I I (k), and N I J(k), 8k, for a given exogenous demand scenario QI I (k),
QI J(k), 8k. Note that k is the discrete-time step, and for k = 1, i.e., the
beginning of the simulation, an initial route choice is determined with the
free-�ow speed and the average trip length of region I for all qIHJ(k = 1).



92 dynamic congestion pricing in large -scale urban networks

Notation Unit Description

k [s] Discrete simulation time step / Iteration
counter

Tc, Nc [s] Control horizon and Control cycle

N �
I [veh] Optimal aggregated vehicle accumulation

(DSO) for region I

M IH [veh/s] Transfer �ow (DRC) from origin I to H

M �
IH [veh/s] Optimal transfer �ow (DSO) from origin I over

H

q�
IHJ - Optimal route choice variable from region I to

J via H 2 N I

N I ,crit - Critical vehicle accumulation of region I

N I ,jam - Jam vehicle accumulation of region I

n�
c,I , nc,I - Fraction of N I and N I ,crit in region I (DSO,

DRC)

VOT [CHF/h] Value of Time parameter

aI I , aI J - Fraction of vehicle accumulation as LRHO
model parameters

l - Index of piece-wise af�ne (PWA) function for
MFD

L - Total number of PWA functions

Gl
I (�) [veh/s] PWA MFD function

f I I , f IH ,

fHI , f IHJ [veh/s] LRHO decision variables for internal and trans-
fer �ows

Np - Prediction horizon

kp [s] Discrete prediction time step of LRHO

qL
IHJ - Route choice signal applied in the last control

cycle to the plant

Table 4 .2: Notation for the equilibria and pricing methodology.
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Notation Unit Description

t I , t H , t IH [s] Average travel time in region I , H, and I via H

TIH [s] Travel time matrix

cIH , bcIH [CHF] Generalized and predicted costs traversing re-
gion I via H

bCIH , CIH [CHF] Generalized cost matrix (DSO, DRC)

UH,IJ - Utility function from I to J and alternatives H

eH - Error term of unobserved determinations

m - MNL scaling parameter

bpIH [CHF] Optimal price traversing region I via H
bPIH [CHF] Optimal price matrix

f (�) - MLN model

i, j - Neuron with index i or j

ai , aj - Activation or output of neuron i and j, respec-
tively

wi j - Weight of connection from neuron j to i

bi - Bias of neuron i

h(�) - Activation function of neuron i

X, W - Vectors concatenating input features, weights
and bias

J(�), L(�) - Cost and loss function

h - Learning rate

TSI [veh � h] Time spent in region I

TTS [veh � h] Total Time spent in the network

TTD [veh � km] Total traveled distance in the network

MAE [CHF] Mean absolute error

N [veh] Vehicles served

Table 4 .3: Notation for the equilibria and pricing methodology (continued).
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Figure 4 .3: Block diagram of the optimal congestion pricing methodology.

This is reasonable, as atk = 1, the network is empty. Additionally, an
initial price matrix bPIH (k = 1) denotes a user-de�ned starting price for
traversing from I via H. As this work considers dynamic congestion pricing,
bPIH (k = 1) can be set to zero and will react accordingly due to the system
feedback as time evolves.

The outputs N I (k), N I I (k), N I J(k), and qIHJ(k) are used to determine the
DSO and the DRC, respectively. The equilibria constitute two important
system states for de�ning the potential improvement the pricing methodol-
ogy can add. As an output, the system states k + Tc are determined, which
allows the computation of the splitting rates qIHJ(k + Tc), q�

IHJ(k + Tc), the
transfer �ows M IH (k + Tc), M �

IH (k + Tc) and the accumulations N I (k + Tc),
N �

I (k + Tc) for the DRC and DSO, respectively. Note that Tc denotes the
control horizon and all optimal quantities, i.e., computed with DSO, are
de�ned with an asterisk. Further, the block for equilibria derivation uses
VOT(k) as an input. The VOT is utilized here to calculate generalized
costs of a trip through the multi-region network. Consequently, it serves
as a parameter for the determination of DSO and DRC splitting rates. The
complete derivation of (a) the linear optimization problem formulation for
DSO and the computation of DRC with Dijstrka and MNL is introduced in
Section 4.4.1.

Finally, the block for the pricing computation utilizes the route choice
signals q�

IHJ(k + Tc) and qIHJ(k + Tc), and transfer �ows M �
IH (k + Tc) and

M IH (k + Tc) from DSO and DRC, respectively. Also, the fractions of accu-
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mulations and critical accumulation ( N I ,crit ) of a region I serve as an input
and represent the region's congestion level; the variable is denoted as nc,I
and n�

c,I . Note that all quantities are utilized as inputs to a pre-trained set
of MLN network models, which allow the derivation of prices for horizon
k + Tc and every combination of origins I and neighboring regions H. The
determined prices are collected in a pricing matrix bPIH (k + Tc), which is
then applied to the simulation plant for the speci�ed control horizon. The
magnitude of every pricing matrix element re�ects the required economic
incentive to in�uence a travel option from I to J over H for time horizon
k + Tc towards the system optimal choice. The way we specify our machine
learning models to derive the optimal generalized costs and calculate the
optimal prices are introduced in detail in Section 4.4.2.

4.4.1 Equilibria derivation

How users in a transportation network decide on their travel route is as-
sumed to follow well-de�ned principles. The Wardrop principles proposed
in Wardrop, 1952describe the two states as the user equilibrium and the
system optimum. As equilibria are not constant throughout time, to capture
the traf�c dynamics and the resulting varying route choice, the states are
commonly denoted as DUE and DSO. The DUE constitutes that if users
in a network are departing at the same time and experiencing a minimal
and equal travel time, the system operates in a DUE state (Yildirimoglu
& Geroliminis, 2014; Ran et al., 1996). In other words, every user tries to
maximize their own utility and tries to get from origin to destination as
fast as possible. Also, this means that the travel time or the resulting travel
costs are minimized, and no user can �nd a better minimal solution by
adjusting the route choice. The derivation and analysis of the DUE have
been extensively studied in works such as, e.g., Huang et al., 2020or Guo
and Ban, 2020. Nevertheless, it has been shown that operating in the DUE
does not lead to an overall maximization of system performance. Contrary
to the DUE, the DSO shows a substantial improvement in network per-
formance but also introduces for a subset of users longer routes to reach
their destination. Thus, we introduce the derivation of both equilibria as
fundamental work for the pricing models.

Derivation of DSO
At �rst, the linear derivation of DSO is introduced. The problem aims

for deriving the optimal splitting rates q�
IHJ(k + Tc) for a given Tc that
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consequently allow the derivation of the optimal internal �ows M �
I I (k + Tc),

optimal transfer �ows to neighboring regions M �
IH (k + Tc), and �nally the

optimal accumulation trajectories N �
I I (k + Tc), N �

I J(k + Tc), and N �
I (k + Tc).

Here the computation of the DSO is achieved by the maximization of traf�c
�ows. Although other works aim for, e.g., the minimization of total time
spent, it has been proved in Hall, 2012 that the maximization and mini-
mization problem are equivalent; the more throughput in the network, the
faster vehicles can exit the network and consequently the lower the total
time spent. The multi-region model from Section 4.3 is formulated with
several nonlinearities (e.g. formulation of MFD function G(�), fraction of
accumulations N I J(t)/ N I (t), etc.). Hence, a Nonlinear Model Predictive
Control (NMPC) is applied in several other studies focusing on optimal
control (Sirmatel & Geroliminis, 2018; Tajalli & Hajbabaie, 2018; Hajiahmadi
et al., 2013). This work formulates the problem as a linear model to allow the
application of an LRHO; implying the utilization of a linear model. There-
fore, the nonlinearities are removed by applying several approximations
based on Genser and Kouvelas,2020and Kouvelas et al., 2017a, 2017b.

First, the model parameters aI I (k) and aI J(k) are introduced, which are
updated every time a predicted solution is applied to the simulation plant;
i.e., the parameters remain constant over the prediction horizon and are
updated when rolling the prediction horizon. aI I (k) and aI J(k) are de�ned
as follows:

aI I (k) =
N I I (k)
N I (k)

, 8I 2 R (4.7)

and

aI J(k) =
N I J(k)
N I (k)

. 8I , J 2 R (4.8)

Secondly, MFD functions GI (�) are approximated with a number of
piece-wise af�ne (PWA) functions; l = f 1, 2, . . . ,Lg denotes the index of
PWA function and L the total number of functions, chosen for an accurate
approximation of the MFD's upper envelope. In the following, each piece-
wise linear MFD function is indicated by Gl

I (�). Thirdly, we introduce new
decision variables:

f I I (k) = qI I I (k)Gl
I (N I (k))aI I (k), 8I 2 R (4.9)

and

f IH (k) = Gl
I (N I (k)) å

J2R
qIHJ(k)aI J(k), 8I , J 2 R, H 2 N I (4.10)
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where f I I (k) and f IH (k) de�ne decision variables for internal and transfer
�ows, respectively. The right sides of equations ( 4.9) and (4.10) show the
remaining nonlinearities by the product of qI I I (k) and qIHJ(k), respectively.
The introduction of f I I (k) and f IH (k) allows to complete the linearization
of the problem. As in Kouvelas et al., 2017b the methodology was applied
to �nd the optimal perimeter control, a transformation from f I I (k) and
f IH (k) to the original control variables is used.

Nevertheless, variables f I I (k) and f IH (k) only consider internal �ows
and transfer �ows to a neighboring region H; i.e., the information about
the �nal destination J is not available. In our approach to determine the
optimal splitting rates q�

I I I (k) and q�
IHJ(k) this information is necessary to

ensure that the summation of �ow proportions on every possible path from
I to J is correct, as well as for the transformation to the original decision
variables. Therefore, we introduce one additional decision variable f IHJ(k)
that is constrained by

å
J2R

f IHJ(k) = f IH (k), 8I 2 R, H 2 N I (4.11)

to ensure that splitting rates can be constrained correctly and calculation
of the original decision signals q�

I I I (k) and q�
IHJ(k)1 can be obtained. Note

that for q�
I I I (k) the result does not in�uence optimal route choices, as the

splitting rate corresponds to users traveling from origin I , over I , to �nal
destination I ; hence,qI I I (k) = 1 should hold 8k. Nevertheless, the decision
signals are included in the algorithm and the results serve for validation
purposes.

Also, two operational constraints are introduced to prevent the optimiza-
tion results, i.e., the route choice signals, from oscillating. We utilize the
difference between the route choice signal at k � 1 and the determined

solution at k, i.e.,
�
�
�q�

IHJ(k) � q�
IHJ(k � 1)

�
�
� � s, 8I , J 2 R, H 2 N I , where the

left-hand side of the equation represents the absolute difference between the
optimal route choice signals in time and s denotes a user-de�ned parameter
to constraint the magnitude deviation. Consequently, we can reformulate
for our decision variables and apply the following constraints for the �rst
step kp of the LRHO problem:

1 Note that from the set of all neighboring regions N I , for region I , always one q variable is
excluded when doing the optimization and is strictly de�ned as 1 minus the summation of
all remaining q's. This way, we make sure that this hard constraint about available routing
options is never violated (not explicitly formulated in LRHO).
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f IHJ(kp) �
�

qL
IHJ + s

�
aI J(kp)Gl

I (N I (kp)) , 8I , J 2 R, H 2 N I (4.12)

and

f IHJ(kp) �
�

qL
IHJ � s

�
aI J(kp)Gl

I (N I (kp)) , 8I , J 2 R, H 2 N I (4.13)

where qL
IHJ denotes the route choice signal applied in the last control cycle

to the simulation plant.
An LRHO procedure is introduced and utilized to solve for optimal

splitting rates q�
IHJ(k) for a prediction horizon of Np:

max
f I I (k), f IH (k)

Tc �
kp+ Np� 1

å
k= kp

å
I2R

h
f I I (k) + f IH (k)

i
(4.14)

s.t.

N I (k + 1) = N I (k) + Tc

�
QI (k) � f I I (k)� (4.15)

å
H2N I

f IH (k) + å
H2N I

fHI (k)
�

(4.16)

equations (4.11), (4.12), (4.13)

0 � f I I (k) � aI I (kp)Gl
I (N I (k)) (4.17)

0 � f IHJ(k) (4.18)

å
J2R

f IHJ(k) � aI J(kp)Gl
I (N I (k)) (4.19)

0 � N I (k) � N I ,jam (4.20)

k = kp, kp + 1, . . . ,kp + Np � 1 (4.21)

8I , J 2 R, H 2 N I

For every solution computed with the LRHO, a calculation of the optimal
splitting rates q�

IHJ(k) can be performed by utilizing the variables f IHJ(k),
aI J(k), and Gl

I (N I (k)) . Analogically, splitting rates for internal �ows (as
stated above the result has to beqI I I (k) = 1) can be evaluated with f I I (k),
aI I (k), and Gl

I (N I (k)) . Note that all constraints in equations ( 4.14)–(4.21)
are linear, and consequently, the problem can be solved with low computa-
tional power as a linear program. The results are utilized in Section 4.4.2 as
an input to the MLN network allowing for the derivation of the optimal
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generalized costs and the optimal pricing functions.

Derivation of DRC
Whereas the network's throughput is maximized to compute the DSO, the
DUE is de�ned by each user in the network, minimizing her/his travel
costs (i.e., travel time). In this work, the DUE is approximated by �nding
the shortest paths from origin I to a destination region J with Djikstra
algorithm and applying an MNL model. Consequently, we denote the
equilibrium approximation as DRC with full driver adaption (i.e., the
network user can reconsider the chosen travel path at every time step k).
Nevertheless, works such as Ashfaq et al., 2021have shown that such an
approach with 100% driver adaption can cause deviations of traf�c �ows
from DUE. Consequently, this drift is important to consider and this work
therefore denotes the utilized network state as DRC. Modeling the inputs
for these algorithms requires the costs of a trip in the network. Therefore,
we �rst calculate the travel time of a trip from a region I to a neighbor H
by utilizing the signals from the macroscopic model. The travel time t IH (k)
can be de�ned as follows:

t IH (k) =
L̄I � N I (k)

GI (N I (k)) � L̄I| {z }
t I (k)

+
L̄H � NH (k)

GH (NH (k)) � L̄H| {z }
t H (k)

, 8I 2 R, H 2 N I (4.22)

where t I (k) and t H (k) are approximated by the fraction of average trip
lengths L̄I , L̄H and the corresponding estimated speeds (e.g., for t I (k)
by utilizing the out�ow GI (N I (k)) , average trip length L̄I , and vehicle
accumulation of a region N I ). Note that all elements for t IH (k) of a given
network with arbitrary topology can be compiled in a travel time matrix
TIH (k).

To transform the elements of TIH (k) into generalized costs that users
experience when traveling through the network, we utilize the VOT. Hence,
the generalized cost matrix CIH (k) can be de�ned by simply multiplying

CIH (k) = TIH (k)VOT(k), 8I 2 R, H 2 N I (4.23)

where VOT (k) is the VOT for trips from I to H in the network. Generalized
costsCIH (k) are then utilized to calculate the shortest paths with Djikstra
algorithm (represent minimum users costs or maximum user utility) which
are used as input alternatives for the MNL. The simulation model allows
three path possibilities from I to J and therefore, three alternatives over
neighboring region H are allowed; UH,IJ(k) de�nes the utility function for
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individuals going from I to J via an alternative H. Essentially, UH,IJ(k) is
modeled with a deterministic term, which is the corresponding element for a
pair ( I , H ) from the generalized cost matrix CIH (k); i.e.,UH,IJ(k) = cIH (k) +
eH , where cIH (k) 2 CIH (k) and eH denotes an error term containing all
unobserved determinations of the utility function (not further considered
in this work); mdenotes a scaling parameter. Finally, the MNL is de�ned as
follows:

qIHJ(k) =
exp(mcIH (k))

å H2N exp(mcIH (k))
, 8I , J 2 R, H 2 N I . (4.24)

The MNL de�nition is motivated by Ben-Akiva and Bierlaire, 1999 and
allows the derivation of the DRC splitting rates, which represent an approx-
imation of the DUE. Finally, the sets of equilibrium quantities are derived
and serve as input to the pricing models introduced in Section 4.4.2.

4.4.2 Optimal pricing with Multi-Layer-Perceptron networks

This work utilizes the macroscopic multi-region model to derive optimal
pricing for every region boundary in the network. Contrary to other works
(e.g., Gu et al.,2018focusing on a PI controller scheme utilizing MFD to
allow for maintaining a protected region at the critical vehicle accumulation;
corresponding to maximum vehicular �ow), here, we utilize the concept
of machine learning and design MLN networks to predict the unknown
optimal generalized cost matrix bCIH (k). Thus, this methodology allows the
optimal price computation for every region boundary at any time step by
learning how traf�c propagates through the network; i.e., the user's route
choice. The derived matrix bCIH (k) contains the cost elements for every
border that a users should experience to lead the network to an optimal
state (i.e., the DSO).

In Section 4.4 we have derived the splitting rates of the DRC and the DSO,
respectively. As shown in equation ( 4.24), elements of the generalized cost
matrix CIH (k) are utilized to compute the splitting rates qIHJ(k). However,
for �nding q�

IHJ(k), the LRHO procedure is applied, and thus, the optimal
generalized costs are unknown. Also, the relationship from equation ( 4.24)
shows that recovering a generalized cost matrix (the quantity is part of the
utility function) by knowing q�

IHJ(k) does not give a unique solution. This is
because if one aims to calculate the utility from equation ( 4.24), the solution
is dependent on the summation in the denominator; i.e., the equation can
only be solved up to a constant when traveling from I to J over a neighbor
region H. Moreover, calculating the optimal generalized costs is an even
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more complex task when dealing with empirical data sets. The route choice
behavior might not strictly follow the mathematical de�nition of an MNL
model. Thus, a methodology is needed that models the reverse relationship
between route choice and the generalized costs.

For decades neural networks are applied in the transportation domain
for different purposes, e.g., traf�c �ow prediction, traf�c signal control, or
license plate recognition. As a systematic review by Wang et al., 2019shows,
the different types of neural networks can be assigned to several different
applications in transportation. For example, CNNs are widely used for
visual recognition, such as vehicle detection or license plate recognition.
Otherwise, Deep Neural Networks (DNN) or RNNs are utilized to master
time series prediction or classi�cation tasks. For more details the interested
reader is referred to e.g., Wang et al., 2019or Nguyen et al., 2018.

In this work, we design a speci�c type of DNN, a feed-forward MLN
network. An MLN model consists of one input layer, one hidden layer,
and one output layer in its simplest form. The layers are composed of
neurons taking one/multiple inputs and computing one/multiple outputs.
The connections between neurons are modi�ed by weights that scale the
computations throughout the network. More precious, let f (�) be an MLN
model that aims to approximate the functional relationship between the
user's route choice behavior and the generalized costs needed for dynamic
pricing. Further, let X be a vector that concatenates all the input features
depicted in Figure 4.4 and W a vector that combines all weights wi j of
connections from a neuron j to neuron i, and the bias bi . Consequently, the
MNL model calculates an element of the generalized cost matrix with bcIH =
f (X,W). Considering now the output of the ith neuron, this relationship
can be expressed as follows:

ai = h

 

å
j

wi j aj + bi

!

, 8i , j (4.25)

where h(�) represents the activation function, ai and aj the activation or
output of the ith and jth neuron, respectively. Note that in our work for h(�)
ReLU is utilized, which is most commonly used in the past (LeCun et al.,
2015). To train our neural network, we have a data set containing the input
features M IH , qIHJ, and nc,I and corresponding outputs cIH . Considering
one random sample of our training data set with a size of T, we concatenate
all elements of the input features M IH , qIHJ, and nc,I to X and apply the
current weights wi j and bias bi combined in W to f (X,W) and derive bcIH
(namely the forward propagation). To assess the error of f (�) and adjust



102 dynamic congestion pricing in large -scale urban networks

the wi j accordingly, the well-known backward propagation algorithm is
applied. Therefore, a cost function J(W) is denoted as the average loss of
all samples in the training set, i.e.,

J(W) =
1
T

T

å
k= 1

L (bcIH (k), cIH (k)) . (4.26)

L(�) denotes the loss function where we utilize the MAE de�ned in Sec-
tion 4.4.3. The training procedure of an MLN model aims for the minimiza-
tion of J(W) with (stochastic) gradient decent and allows to iterative update
the weight parameters as follows:

wi j ,k+ 1 = wi j ,k � ht r L (bcIH (k), cIH (k)) , (4.27)

where ht denotes the learning rate. Note that the learning rate is adap-
tive and stochastic gradient decent is employed as we utilize the Adam
optimizer. The described procedure is continued for a speci�ed number
of epochs aiming to converge to a desired minimum; i.e., the loss and
consequently also the error of the generalized cost prediction decreases.
Note that the mathematical formulations are based on An, 1996and for
more details on the backpropagation algorithm the interested reader is
refereed to Rumelhart et al., 1986.

MNL architecture
As depicted in Figure 4.4, we train a set of MLN networks to derive a unique
pricing model for every region border in the network. Thus, every model
takes as input features all elements of the splitting rate vector q�

IHJ 8I , H, J,
transfer �ow vector M �

IH 8I , H, and the vector containing n�
c,I 8I . The output

of every model is bcIH , which is an element of the optimal generalized cost
matrix bCIH , i.e., bcIH 2 bCIH . Note that every model is trained only on
one target variable. The architecture of the MLN network could also be
changed so that one model provides generalized costs for all region borders.
Nevertheless, there is no clear theoretical answer for a speci�c task upfront
when a single or multiple output model provides the best performance. In
practice, the chosen modeling approach will heavily depend on, e.g., the
size of the network, the level of noise of the input variables, or the number
of implemented region border tolls. Figure 4.4 sketches the architecture
of the models. The sequential and fully-connected model is constructed
with two dense layers with 50 neurons, each. In both hidden layers, the
activation function ReLU is utilized, bias terms are initialized with zeros,
and the Glorot uniform initializer is used for the weight matrix. As with one
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Figure 4 .4: Neural network design for generalized cost estimation bcIH 8I , H.

model a single bcIH is computed, the corresponding dimension of the dense
output layer is speci�ed. As an optimizer, the well-known Adam algorithm
is applied, and as a loss function, the MAE (de�ned in Section 4.4.3) is
used.

Data sets
The training of pricing models requires (a) a DRC data set where the
generalized costs are known to tackle a regression problem with the back-
propagation procedure and (b) the split of the data set into training data
(70% of the data set), a validation data (20% of the training data set) and
test data (30% of the data set). A pricing model sees the training data for
tuning the weight parameters wi j with the backpropagation algorithm. On
the contrary, the test data set is strictly not utilized during the training
procedure; the 30% of data is only used to evaluate the �nal model. The
validation data set is considered to provide an unbiased performance eval-
uation during training and hyperparameter tuning. Note that the utilized
machine learning library determines the validation data automatically by
specifying a validation split parameter. We utilize a data set representing
the DRC simulation scenario, where all the required model inputs are avail-
able (qIHJ 8I , H, J, M IH 8I , H, nc,I 8I ) for proof of concept. Additionally, a
more extensive data set is created by running 200simulations with various
exogenous demand patterns. Consequently, the training and test data set
replicates more traf�c demand scenarios and also route choice behavior.
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This demonstrates the granularity and robustness of the methodology. To
prevent the models from learning demand-speci�c patterns (e.g., low de-
mand or low vehicle accumulation at the beginning/end of the simulation),
the data is randomly shuf�ed (a) before the split into training and test data
and (b) during the training process. Also, the pre-processing ensures the
scaling by applying a MinMaxScaler procedure, which is important as the
splitting rates have a different variable range than e.g., the generalized costs.

Hyperparameter tuning
Hyperparameter tuning is a crucial step when designing a neural network.
Therefore, we tune the batch size and the number of epochs for model
training. Besides, we investigate the learning rate of the stochastic gradient
descent optimization algorithm. For a decrease of training time and an
increase in model performance, an exponential decay function with an
initial learning rate, a decay step, and a decay rate is utilized.

Price function derivation

After predicting every element of bCIH (k + Tc) for the control horizon Tc,
the �nal pricing matrix for every option from a region I to H (i.e., every
region border) can be calculated by applying the following relationship:

bPIH (k + Tc) = CIH (k + Tc) � bCIH (k + Tc). 8I 2 R, H 2 N I (4.28)

Thus, every element of the pricing matrix bPIH (k + Tc) contains the price
bpIH (k + Tc) for all implemented tolls in the multi-region-network and is
applied for the future time steps of the simulation (Figure 4.3).

4.4.3 Performance metrics

To evaluate the performance gain when pushing a system from the DRC
to DSO and to calculate measures for the effectiveness of our pricing
methodology, we utilize a set of performance metrics. First, we de�ne the
Time Spent (TS) in (veh�h) for a region I as follows:

TSI =
T

å
k= 1

N I (k). (4.29)

Further we de�ne the Total TS (TTS) to also evaluate the performance of
the whole multi-region network. TTS in (veh �h) is de�ned by



4.5 numerical experiment and results 105

TTS =
T

å
k= 1

å
I2R

N I (k) = å
I2R

TSI . (4.30)

Another aggregated performance metric often used for macroscopic models
is the Total Traveled Distance (TTD). The metric is computed by utilizing
the average trip length L̄I , the internal �ows M I I (k) of a region I and the
transfer �ows M IHJ(k) that leave region I via a neighbor region H to a
destination region J. Note that J 6= I must hold. The following equation
de�nes TTD:

TTD =
T

å
k= 1

å
I2R

L̄I

�
M I I (k) + å

H2N I

å
J2N I ;J6= I

M IHJ(k)
�

. (4.31)

The consistency of all the simulations, the optimization procedure, and
the pricing methodology is evaluated by the number of vehicles served,
which must be consistent throughout all simulation scenarios. The number
of vehicles served is computed with the following equation:

N =
T

å
k= 1

å
I2R

N I (k). (4.32)

Finally, to verify the learning process of the MLN networks and detect
over�tting of models, we utilize the MAE (also denoted as loss) de�ned as
follows:

MAE =
1
T

T

å
k= 1

�
�
�bcIH (k) � cIH (k)

�
�
� , (4.33)

where bcIH represents the predicted generalized cost and cIH the generalized
costs from the test data set. k is here utilized to sum the errors over T.
The next section will utilize all the performance metrics to evaluate the
numerical experiments from a case study in Zurich, Switzerland.

4.5 numerical experiment and results

4.5.1 Simulation set-up and scenario design

This section presents a numerical experiment, where modeling is based
on an example of the city of Zurich. The region design is derived from
analyzing the main traf�c arterials of Zurich and geographical reference of
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(a) (b)

Figure 4 .5: Regions design for the city of Zurich and multi-region-network model;
(a) every region is stated with an ID ( R1 – R4), area A, and number
of available LDs nDT ; (b) region R1 is modeled as the city center (in-
dicated by the double lines); R2, R3, and R4 represent the boundaries
to the city center.

available LDs. The city center (denoted as R1) corresponds to an area of 1.5
km2 and has 113LDs available. Consequently, parameters for MFD design
are assumed with realistic values as follows: Jam accumulation N1,jam =
5000 veh, average trip length L̄1 = 500 m, and a network length L1,n of
30 lane kilometers. R2, R3, and R4 denote the neighboring regions of the
city center and are designed with an area of 5.0 km2 each. The number
of detectors for regions R2, R3, and R4 are 182, 277, and 135, respectively.
MFDs for the border regions is designed with N2,jam = N3,jam = N4,jam =
8000veh, L̄2 = L̄3 = L̄4 = 2000m and a road length L2,n = L3,n = L4,n
of 48 lane kilometers, respectively. Hence, the entire network is designed
for a storage capacity of 29000vehicles. The region design is depicted in
Figure 4.5a and Table 4.4 shows the introduced region parameters.

Considering parameters design, we are proposing a four region network
(Figure 4.5b), where region R1 represents the city center. The derived inputs
to determine MFDs for R1 – R4 are listed in Table 4.5. The maximum
out�ows qout are considered as4.50 veh/s and 6.00 veh/s for the city center
R1 and the border regions R2, R3 and R4, respectively. Jam density k is
derived by N I ,jam/ LI ,n and assigned equal to 0.16 veh/m for all regions.

Note that parameters a, b, and c correspond to the parameters of the
polynomial MFD representation and do not have a physical meaning. Fig-
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Parameter Variable Unit
City center

R1

Border R2 –
R4

Area A [km 2] 1.50 5.00

Number of LDs nDT [-] 113 182, 277, 135

Jam accumulation N I ,jam [veh] 5000 8000

Average trip length L̄I [m] 500 2000

Network length LI ,n [m] 30.000 48.000

Table 4 .4: Parameters for the design of the city center (R1) and the border regions
(R2 – R4)

Parameter Unit City center R1 Border regions R2 – R4

qout [veh/s] 4.50 6.00

k [veh/m] 0.16 0.16

a [-] 2.10 �10� 10 7.72 �10� 11

b [-] -2.25 �10� 6 -1.25 �10� 6

c [-] 6.06 �10� 3 5.13 �10� 3

Table 4 .5: Parameters for the MFD design of the city center ( R1) and the border
regions (R2 – R4)
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Figure 4 .6: The MFDs are designed according to assumptions related to the City
of Zurich (region size, partitioning, etc.) and one can note that R2,
R3 and R4 are modeled as larger regions with higher capacity. The
dashed lines are representing the linear �t of each MFD, respectively.

ure 4.6 depicts the designed MFDs with the parameters from Table 4.5.
Also, the af�ne approximations for the city center and border regions are
shown, respectively. These functions Gl

1(N1) and Gl
2,3,4(N2,3,4) are utilized

for the DSO calculation later. The approximation granularity for each MFD
is speci�ed by the number of lines l = 20, considering the computational
effort and minimization of the approximation error.

As a relevant peak-hour simulation scenario for testing the pricing
methodology is required, representative demand patterns are derived.
Therefore, we de�ned target accumulations for every region and deter-
mined representative trapezoid parameters by solving an optimization
problem; i.e., the problem aims for �nding trapezoid parameters tr , tc,
t f , and Qt that minimize the difference between the maximal occurring
accumulation and the target accumulation in every region. R1 represents a
traf�c situation in the congested regime, whereas R2 and R4 operate always
in non-congested states.R3 reaches the critical vehicle accumulation for
a short time but shows no severe congestion. Furthermore, the demand
magnitudes show that R1 and R2 are contributing more to the accumulation
trajectories, compared to R3 and R4. The derived demand patterns QI J
(veh/s) are depicted in Figure 4.7. Note that after 2000sec of simulation
time, no demand is present to ensure that we can clear the network at
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Figure 4 .7: Traf�c demand per region and pre-de�ned simulation horizon; con-
�guration is for a 4X4 OD matrix, where I speci�es to the origin and
J the destination.

the simulation end; i.e., all users can �nish their trip until 3000 sec of
simulation.

4.5.2 Equilibria results and comparison

The created demand scenario serves as an exogenous input to the simulation
plant. Thus, the accumulation trajectories for every N I J(k) 8k and all route
choice signals qIHJ(k) 8k are computed for a simulation horizon of 3000
sec; this time horizon was chosen to ensure an empty network for the
given traf�c demand. The transformation of travel times in the multi-
region model into generalized costs is performed by applying a VOT of
27 CHF/h (based on the study from Hörl et al., 2019). The simulated
scenario represents the DRC. Figure4.8 depicts the vehicle accumulation
trajectories for all N I J. The solid black trajectory in every subplot represents
the aggregated accumulation N I for regions 1 – 4. The critical vehicle
accumulations N I ,crit for all regions are depicted with the horizontal dashed
line. As expected by design, R1 experiences substantial congestion whereas
R2 and R4 operate in free-�ow conditions respectively. R3 reaches the critical
vehicle accumulation of 1920veh around 1000sec of simulation time.
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Figure 4 .8: Accumulation trajectories N I J for the DRC scenario of R1 – R4.

To derive the performance gain of DSO, we use the linear model ap-
proximation and LRHO method to compute the optimal splitting rates
q�

IHJ(k). The linear program aims at maximizing the �ow in the multi-
region-network and was designed with the following parameters: prediction
horizon Np = 3; control cycle Nc = 4; control time step Tc = 20 sec; opera-
tional parameter s = 0.2. Np and Nc are chosen concerning computational
complexity and system response. Finding the optimal splitting rates q�

IHJ(k)
allow to simulate the optimal accumulation trajectories N �

I (k), N �
I I (k), and

N �
I J(k). Figure 4.9 shows the vehicle accumulation for the optimal traf�c

distribution in the four-region network (dashed aggregated lines). Addi-
tionally, the aggregated accumulations of the DRC for every region I , i.e.,
N I are shown again for comparison (solid black lines). The highlighted area
between the aggregated trajectories denotes the performance improvement
in vehicle accumulation between the DRC and the DSO for all regions,
respectively.

The accumulation trajectories of the DSO show that in every region, vehi-
cle accumulation is reduced. In region R1, where the network experiences
congestion, an operation in DSO allows mitigation of congestion. Although
N �

1 exceeds the critical vehicle accumulation for a short time, the congestion
dissolves faster than in the baseline scenario (N1). The same behavior is
shown in R2. In R4, the vehicle accumulation peaks around 1000 sec of
simulation time can be reduced signi�cantly. Only in R3 the accumulation
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Figure 4 .9: Accumulation trajectories N �
I J for R1 – R4 operating in the DSO. Note

that the dashed line represents the aggregated vehicle accumulation
N I of the DSO and the highlighted area the performance improve-
ment.

peak slightly higher than in the DRC. However, an improvement is shown
when the exogenous demand and consequently vehicle accumulation gets
lower. An inspection of the cumulative trip endings for every region R1– R4
additionally shows the performance improvement (Figure 4.10). The area
between every pair (M I I , M �

I I ) indicates that in all regions, users can �nish
their trip earlier; i.e., the experienced reduction in delay is depicted. Also,
both equilibria show the same magnitude of �nal cumulative trip endings,
proving that the optimization problem is formulated correctly.

A quantitative analysis of the performance metrics TS I , TTS, TTD, and
N between the DRC and DSO are compiled in Table 4.6. When the sys-
tem operates in the DRC and splitting rates are determined by Dijkstra
algorithm and MNL the following results are determined: The TS of R1 is
17.97 veh�h�105 and of R2 23.03 veh�h�105. The results for the DSO show
a reduction to 14.03 veh�h�105 and 21.01 veh�h�105 for R1 and R2; corre-
sponding to an improvement of 21.93% and 8.77%, respectively. The regions
R3 and R4 show a TS of 27.72 veh�h�105 and 19.42 veh�h�105, respectively.
In the DSO, the metrics reduce to 26.50 veh�h�105 and 16.51 veh�h�105

which corresponds to an improvement of 4.39% and 15.00%, respectively.
Note that R3 shows the lowest performance improvement as depicted in
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Figure 4 .10: Cumulative trip endings M I I and M �
I I for the DRC and DSO for R1

– R4. The enclosed areas denote the performance improvement

Figure 4.9. Finally, the aggregated performance is determined with 88.15
veh�h�105 for the DRC and 78.06 veh�h�105 for the DSO; resulting in an per-
formance improvement of 11.45% of TTS. We also compare the TTD for the
whole network: For the DRC the TTD is computed with 54.23 veh�km �106;
DSO shows a TTD of 49.96 veh�km �106 corresponding to an improvement
of 7.87%. Finally, we also compute the number of vehicles served N for
both equilibria. The computation supports the consistent trip endings in
Figure 4.10: 14.54 veh�103 are served in the DRC and also in the DSO.

Finally, we show the splitting rate signals for the DRC and DSO in
Figure 4.11, i.e., qIHJ (full lines) and q�

IHJ (dashed lines) for all allowed
combinations of both variables. The difference in route choice between the
two equilibria can be observed especially between 1500sec and2500sec
of simulation time, where a certain high vehicle accumulation is present.
In the DRC all of the route choice signals show one path with the high-
est probability of being chosen. During high vehicle accumulations, this
probability reduces, and the other two paths become more likely to be
chosen. Contrary, in the DSO, traf�c is guided via one path with the highest
probability of q�

IHJ = 1. Additionally, it can be observed that after 1500sec
of simulation time, the DSO route choice signals change more frequently
than in the DRC. This holds for all path possibilities except q1H4. Note that
the smoothness of the signals differs because of the control horizon Tc; i.e.,
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

(i) (j)

(k) (l)

Figure 4 .11: Route choice signals of the DRC qIHJ (solid lines) and the DSO q�
IHJ

(dashed lines), respectively.
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DRC DSO Impr./Diff.

[veh �h�105] [veh �h�105] [%]

TS1 17.97 14.03 21.93

TS2 23.03 21.01 8.77

TS3 27.72 26.50 4.39

TS4 19.42 16.51 15.00

TTS 88.15 78.06 11.45

DRC DSO Impr./Diff.

[veh �km �106] [veh �km �106] [%]

TTD 54.23 49.96 7.87

DRC DSO Impr./Diff.

[veh �103] [veh �103] [veh]

N 14.54 14.54 0

Table 4 .6: Comparison of performance metrics for the DRC and DSO, respectively.
Performance improvements (stated as Impr.) and the difference of
vehicles (stated as Diff.) are denoted separately.
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the routing signals of the DSO only change every 80 sec after a period of Nc

passed and the solution of the LRHO problem is applied; whereas the DRC
signals are updated for every simulation time step of 20 sec. The difference
in the signals indicate a signi�cantly different routing of users through the
network. Hence, it is shown that there must be a particular incentive for
users to switch their route from DRC to DSO.

4.5.3 Training and application of pricing models

Both equilibria serve as an input for training the MLN models and for
online prediction of the generalized costs, respectively. First, we take the
DRC scenario and extract the variables which are needed to create the data
set. Hence, we utilize the splitting rates qIHJ, the transfer �ows M IH , and
the fraction of the vehicle and critical accumulation nc,I of all regions. We
compile a data set with 150data samples, i.e., a training data set with 105
samples (70% of the data) and a test data set with 45 samples (30% of the
data).

We utilize the designed MNL architecture of two fully connected layers
with 50 nodes each. The training of each model to predict the generalized
costs is performed with 100epochs, a batch size of64, and a validation split
of 20% (i.e., the last 20% of the training data). Additionally, the learning
rate with an exponential decay function is applied with the following
parameters: initial learning rate of 0.01, decay-steps of10000, and a decay
rate of 0.9. The optimizer Adam is used with standard settings, and the loss
function MAE is utilized. Note that the listed parameters result from the
hyperparameter tuning procedure. Consequently, we train 12 MLN models,
where each model is trained on one target (i.e., bcIH ). Figure 4.12 depicts
that all the models learn ef�ciently, improve performance per epochs, and
no over�tting occurs.

Thus, the models can be included in the framework and serve as online
prediction engines for optimal generalized costs and are then utilized for the
price calculation. The results of the online application result in accumulation
trajectories as shown in Figure 4.13. The quantitative analysis is given in
Table 4.7.

Applying the prediction models to obtain the optimal generalized costs
and derive the optimal pricing functions show that the network performance
can be increased compared to the DRC. InR1 the peak of the congestion can
not be further mitigated with pricing compared to the DSO. Nevertheless,
the congestion dissolves slightly faster than in the DRC. Afterward, the
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Figure 4 .12: Loss and validation-loss for all tolls where pricing with bpIH is
performed.

Figure 4 .13: Accumulation trajectories N I J for aggregated results of DRC, DSO
and dynamic pricing ( R1 – R4).
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DRC Impr. (DSO) Impr. (Pricing)

[veh �h�105] [%] [%]

TS1 17.97 21.93 14.32

TS2 23.03 8.77 12.15

TS3 27.72 4.39 5.23

TS4 19.42 15.00 13.47

TTS 88.15 11.45 10.71

DRC Impr. (DSO) Impr. (Pricing)

[veh �km �106] [%] [%]

TTD 54.23 7.87 8.62

DRC Diff. (DSO) Diff. (Pricing)

[veh �103] [veh] [veh]

N 14.54 0 0

Table 4 .7: Comparison of performance metrics for the DRC and DSO, respectively.
Performance improvements (stated as Impr.) and the difference of
vehicles (stated as Diff.) are denoted separately.

vehicle accumulation trajectory of the pricing result is slightly higher than
the DSO but shows improvement compared to DRC. As denoted in Table 4.7
the DSO improved the situation by 21.93%; the pricing methodology allows
the improvement of TS 1 by 14.32%. In R2 and R3 the pricing methodology
even increases the improvement of TS2 and TS3 from the DSO (8.77% and
4.39%) to 12.15% and 5.23%, respectively. In R4 the improvement of TS 4
by applying pricing is 13.47% compared to 15.00% when operating in the
DSO. Overall, the pricing methodology can decrase the TTS in the network
by 10.71%. The TTD shows an improvement of 8.62%. This is surprisingly
higher than in the DSO with 7.87%. The difference in vehicle accumulation
N is again 0 supporting the correct formulation of the methodology.

The pricing function for all 12 tolls derived during the online application
of our pricing methodology are depicted in Figure 4.14. Also, we compute
average prices for all tolls when the devices are active. The results indicate
which toll sets – on average – the highest and lowest price (Table 4.8). Note
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Figure 4 .14: Derived tolls for R1 – R4; every region is controlled by three tolls
bpIH .

that the diagonal elements with I = H are not available, as there are no
tolls for trips that do not traverse any region border (marked with NA for
not available).

All the implemented tolls are active 2/ 3 of the simulation time. For
leaving R1 the highest price has to be paid when traversing through R3:
The price increases with rising demand in the network but shows the
highest peak around 800 sec of simulation time. Additionally, the prices
remain longer above 2 CHF than the prices when traversing through R2
or R4. On average (when the tolls are active) the prices are 1.53 CHF, 1.74
CHF, and 1.35 CHF to traverse through R2, R3, R4, respectively. In R2 the
pricing functions to traverse through the neighbors R1, R3, R4 show different
behavior. One can note that the bp21 shows the highest price with 2.71
CHF around 800sec of simulation time, complying with the experienced
congestion in R1, i.e., the dynamic pricing reacts to in�uence the user's route
guidance. Additionally, the alternatives are priced lower, i.e., bp23 < bp21 and
bp24 < bp21. After the congestion dissolves, the price to traverse through the
city center decreases and remains lower than the other alternatives. The
average prices from Table 4.7 are computed for R2, R3 and R4 as follows: 1.46
CHF, 1.35CHF, and 1.39CHF. Also, tolls that regulate transfer �ows starting
from R3 to enter the city center (R1) react according to the experienced
congestion. Nevertheless, the highest magnitude is computed for traversing
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bpIH [CHF] H = 1 H = 2 H = 3 H = 4

I = 1 NA 1.53 1.74 1.35

I = 2 1.46 NA 1.35 1.39

I = 3 1.53 1.43 NA 1.74

I = 4 1.49 1.41 1.51 NA

Table 4 .8: Average prices for all tolls bpIH in CHF.

to region R4. The averages prices are computed as follows:1.53 CHF for bp31,
1.43 CHF for bp32, and 1.74 CHF for bp34. This also shows that on average,
the pricing methodology sets an incentive for user's to traverse through
R2 for the �rst 1000sec of the simulation. In R4 again, the highest pricing
peak is shown for traversing the city center; after the congestion dissolves,
the pricing remains high for traversing through R3. The averages prices
are computed with 1.49 CHF, 1.41 CHF, and 1.51 CHF, for R1, R2, and R3,
respectively.

4.5.4 Application to extensive data set and noise injection

We also created an extensive data set with 200 simulations and different
traf�c demand patterns. Therefore, the training and test data contain dif-
ferent trajectories of vehicle accumulation, congestion of different severity
occurs in different periods, and the variability of network users' route
choice behavior is higher. The large data set contains30000samples, and
after dividing into training and testing data, the sets contain 21000and
9000samples, respectively. Consequently, we re-train our pricing models to
check their robustness and show that the method works with larger data
sets and higher variance in users' route choice behavior.

As the input variables to the MLN model have to be derived in practice
by sensing traf�c (e.g., inductive loop detectors), the determination of
M IH , qIHJ, and nc,I are potentially noisy. To showcase how the proposed
methodology works with a noisy data set, we introduce additive white
Gaussian noise for all input features; e.g., for M IH denoted as M g

IH (k) =
M IH (k) + n(k) 8k. The superscript g represents variables injected with
additive white Gaussian noise n(k). Here we specify n(k) with a normal
distribution N (0, 0.01). Note that as the model inputs are scaled in the
feature engineering process between [0, 1], the standard deviation of the
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DSO [%] SD [%] SD + n(k) [%] BD [%] BD + n(k) [%]

TTS 11.45 10.71 11.12 7.46 7.22

TTD 7.87 8.62 9.05 6.20 6.04

Table 4 .9: Performance comparison of pricing models trained on the small data
set (SD) and the big data set (BD) with/without additive white Gaus-
sian noise n(k) � N (0, 0.01), respectively.

noise is chosen accordingly. For the robustness test, we utilize the small data
set (SD) and the big data set (BD) and tune the model with and without
the additive noise n(k). To compile a fair comparison, we keep all the
hyperparameters of the numerical experiments constant. Consequently, we
again utilize the two-layer ( 50 nodes each) MLN architecture with ReLU
activation function and train the network with 100epochs and a batch size
of 64. The results for the performed tests are collected in Table 4.9.

Let us recall the performance improvements of the DSO ( 11.45% for TTS
and 7.87% for TTD) and the pricing methodology trained with SD and no
noise (10.71% for TTS and 8.62% for TTD), respectively. If we retrain the
MNL with all input features of SD and inject all variables with n(k), the
performance is determined with 11.12% for TTS and 9.05% for TTD. Both
performance metrics are improving, which indicates that the model can
separate the information carried by thee input features from the injected
noise. Also, the performance slightly but not signi�cantly improved. Note
that noise can, under certain circumstances, help the model for a better
generalization and therefore improve the performance. One should keep
this in mind when this methodology is applied to an empirical data set.

The data set with 200 simulations (BD) contains more data samples
and, therefore, higher variability of network users' route behavior. As we
keep the hyperparameters constant and train the MNL models with the
BD, we see that the performance drops to 7.46% and 6.20% for the TTS
and TTD, respectively. Nevertheless, the derived dynamic pricing shows
effectiveness, and retraining hyperparameters (e.g., more hidden layers,
increasing/decreasing batch size and epochs) would improve the result.
Finally, we also inject the BD with n(k) � N (0, 0.01) and show that both
metrics show a not signi�cant drop in performance. Hence, again the
models are capable of separating the actual input signals from the noise.
Again, a retraining of the hyperparameters could potentially improve the
result.
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Tc = 4
[%]

Tc = 8
[%]

Tc = 16
[%]

Tc = 32
[%]

Tc = 64
[%]

TTS 10.71 7.18 6.59 5.53 3.97

TTD 8.62 6.55 6.06 5.11 3.08

Table 4 .10: Sensitivity analysis of control cycle Tc, with 8, 16, 32, and 64 simula-
tion steps. Baseline isTc = 4 (80 sec) with pricing models trained on
the small data set (SD).

4.5.5 Sensitivity analysis of control cycle

The control frequency of a dynamic pricing system is a crucial parameter
during implementation. In the presented numerical experiment, the control
cycle is set to Tc = 4, i.e., 80 sec, meaning that the price is �xed for 4
simulation time-steps. For a relatively small regioning, 80 sec is a reasonable
lower bound for changing the toll of a region border (note that a signal cycle
in the considered area is typically 40-45 sec). Nevertheless, other works such
as Gu and Saberi,2021use a time interval up to 30 minutes to update tolls.
This assumption is based on the implemented pricing system in Singapore,
where also the time interval of 30 minutes is used for changing the tolls (de
Palma & Lindsey, 2011).

To highlight the effectiveness of the proposed method, we conduct four
additional simulation runs with increasing the control cycle Tc. We include
the results from the numerical experiments with the small data set (i.e.,
SD) (see Table4.7) and then test control cycles of 8, 16, 32, and 64 simu-
lation steps. This corresponds to time intervals of 160, 320, 640, and 1280
sec, respectively. The results of the sensitivity analysis are summarized in
Table 4.10. The performances are again shown by means of TTS and TTD in
comparison to DSO.

The analysis shows that with increasing Tc the pricing scheme becomes
less effective. Such a system behavior is expected. With an increasing control
cycle, the price remains constant for a larger time interval. Consequently, the
methodology reacts less �exibly to changes in traf�c dynamics. Increasing
the control cycle to e.g., Tc = 16 (corresponding to 5 minutes and 20
sec) the improvement of the TTS decreases from10.71% to 6.59% and the
TTD from 8.62% to 6.06%. However, for Tc = 64 (corresponding to 21
minutes and 20 sec) an improvement of 3.97% and 3.08% for TTS and TTD,
respectively, can still be demonstrated. This underlines that the proposed
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method remains effective when increasing the time interval between price
changes. In addition, note that apart from traf�c metrics all presented
scenarios of congestion pricing generate revenues that can be reinvested
in infrastructure projects, enhancement of sustainable mobility or other
transport-related issues.

4.6 conclusion

The chapter presents the derivation of optimal price functions for a multi-
region network with homogeneous regions characterized by well-de�ned
MFD functions. First, the optimal routing information (splitting rates) is
derived with an LRHO optimization problem, providing network system
optimum, which can be utilized as an ideal target for determining dynamic
pricing functions. A linearization methodology was implemented to relax
the nonlinear optimization problem that allows the application of LRHO.
The proposed method from the literature was extended and utilized for
obtaining optimal splitting rates in the multi-region network. Accumulation
trajectories are utilized to show the system improvement of the method-
ology with TS for every region, and TTS and TTD for the entire network
as performance indicators. The results are compared to the DRC scenario,
which is derived by utilizing the Dijkstra route choice algorithm and an
MNL. The proposed linear program reduces TTS signi�cantly and guaran-
tees an optimal and fast solution instead of nonlinear formulations. The
computed performance metrics show an improvement in the TTS of 11.45%
and improved TTD of 7.87%.

Consequently, an optimal pricing methodology is designed to target
pricing network users according to the difference between DRC and DSO.
MLN models are trained for every implemented toll in the network to
determine the optimal pricing functions. Thus, the generalized costs of
DSO can be predicted accurately. A price matrix is computed online with
the utilization of the generalized cost matrices of DRC and DSO. The
online computation and application allow the real-time derivation of prices
that re�ect the current traf�c state in the network and simulate the user's
route choice reaction to pricing. The framework allows improving the DRC
state by 10.71% for the TTS and by 8.62% for the TTD. Hence, the pricing
functions signi�cantly push the multi-region network towards an operation
closer to the DSO.

Future research should focus on running more extensive experiments
with different toll set-ups i.e., only speci�c tolls are active (e.g., tolls pro-
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tecting the city center or only border region tolls). Also, the prediction of
the generalized costs should be further investigated; e.g., the performance
of the framework with other route choice model implementations is an
interesting research direction. Based on recent research, the methodology
can be compared with a traditional PI-control. Also, the simulation plant
could be extended with a trip length model, e.g. Sirmatel et al., 2021b (for
now, only average trip lengths are considered), allowing extensive analysis
of users' travel times in the system; moreover, different quantities that are
not directly measured could be estimates (online) by available data and
advanced estimation schemes (Sirmatel & Geroliminis, 2019; Saeedmanesh
et al., 2021). Also, the violation of the homogeneity assumption in this work
can cause points below the upper envelope of the PWA MFD approximation
or hysteresis loops. Consequently, this would lead to an overestimation
of out�ows and therefore the consideration of heterogeneity should be
researched further. Moreover, a weighting of the different regions can be
applied in the optimization procedure to account for the different region
parameters (i.e., size, storage capacity, etc.). This potentially improves the
quality of the modeling and also contributes to further developments of the
proposed methodology.





5
S U M M A RY O F C O N T R I B U T I O N S

This chapter brie�y summarizes the three topics of this thesis and their
main contributions to traf�c management in urban transportation networks
with the application of machine learning.

Signal phase timing predictions at urban intersections

The �rst publication investigates the prediction of signal phase timings for
fully-actuated and multi-model signal control systems with transit priority.
In particular, a framework for time series forecasting of a traf�c signal's
next red phase is proposed using aggregated traf�c signal and loop detector
data. State-of-the-art machine learning models are deployed to provide
robust and accurate predictions and capture the non-linear relation between
a traf�c signal and loop detector data. In addition, physics-informed feature
engineering incorporates the concepts of traf�c �ow theory, enhancing the
quality of the tested prediction models.

Based on a case study on an empirical data set from a signal control
system in Zurich, Switzerland, the conclusion can be drawn that (a) machine
learning models outperform conventional prediction methods, and (b) tree-
based decision models such as the RF perform best with an accuracy that
meets requirements for practical applications.

Traf�c state assessment and estimation in urban perimeters

The second publication explores the assessment and estimation of the traf�c
state in an urban perimeter. An experimental campaign with multiple sensor
data is performed to assess the accuracy of the derived traf�c states for
all sensors. Here, the work focuses on determining traf�c �ows and travel
times by utilizing an algorithm for license plate recognition, data from
established thermal imaging cameras, and travel time data from the Google
Distance Matrix. Video measurements from the experimental campaign are
processed manually to assess the corresponding accuracy and determine the
ground truth. The travel time estimation for speci�c origins to destinations
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is explored by fusing static LD and traf�c signal data with (emulated) CAV
information using machine learning.

The study highlights that all assessed sensor types allow for an accurate
determination of traf�c �ow. However, travel time measurements from
thermal cameras and the Google Distance Matrix do not re�ect the variabil-
ity that is observed in the ground truth measurements. The license plate
algorithm (which needs the camera data as an input) shows acceptable
performance for practical applications. The estimation of travel time for
a selected route in the perimeter highlights that a simple yet-ef�cient LR
model enhances the traf�c state estimation by fusing LD, traf�c signal, and
CAV data.

Dynamic congestion pricing in large-scale urban networks

The third publication focuses on traf�c management by applying dynamic
congestion pricing in a large-scale urban network. The network consists
of several homogeneous regions which allow for the application of the
MFD. The proposed pricing scheme is responsive to the prevailing regional
traf�c conditions and can be readily applied in real-time to in�uence the
users' route choices. The proposed framework predicts pricing functions
to aim for a system optimal traf�c distribution. The DSO and DRC of the
macroscopic model are computed by formulating a linear optimization
problem and utilizing the Dijkstra algorithm and an MNL, respectively. The
equilibria allow for �nding an optimal pricing methodology by training
MLP network models.

A case study in Zurich, Switzerland, showcases that (a) the neural net-
work models learn the complex user behavior and (b) the predicted and
applied pricing functions lead to signi�cant performance improvement in
TTS and TTD.
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C O N C L U S I O N A N D O U T L O O K

6.1 research implications

The proposed methodologies of the three chapters utilize data-driven ap-
proaches and apply machine learning models to (a) predict signal timings,
(b) assess and estimate the traf�c state in a corridor/perimeter, and (c)
derive dynamic pricing functions for large-scale urban networks.

The methodology presented in chapter 2 allows the prediction of a
traf�c signal's next red phase for fully-actuated signal control systems. The
�ndings of the study con�rm that machine learning models with physics-
informed feature engineering enhance predictions and that the RF models
predict the red phase duration with the highest accuracy.

From a research perspective, the �ndings pave the way for vehicle-to-
infrastructure applications where the predictions can be utilized for motion
planning, speed advisory systems, and improve the homogeneity of traf�c
�ow at intersections. The approach allows the prediction of signal phase
timings without prior knowledge of the deployed signal controller. There-
fore, co-existent systems are possible, where CAVs utilizes such predictions
without the involvement of the traf�c operator. For example, SPaT messages
that are broadcasted to CAVs contain - among other information - signal
phase timings. Nevertheless, their implementation is hindered because
timings are hard to predict. Therefore, the �ndings allow the enhancement
of SPaT and its potential for future applications. In addition, the approach
opens the way for online machine learning, where observed signal phase
timings by CAVs are utilized as feedback to continuously improve the
prediction models.

Looking at practical implications of the �ndings in chapter 2, public trans-
portation operators can utilize the timing predictions for speed advisory
in trams or buses. Consequently, the vehicles do not have to stop at an
intersection, and speed pro�les are more homogeneous, resulting in higher
ride comfort for passengers.

Several countries have implemented countdowns at the intersection that
indicate when a traf�c light will turn green. However, such systems can
mainly be found at �xed-time controlled intersections (i.e., the red and
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green times are known prior). For example, in Switzerland, implementation
plans have been discussed but not pursued due to the problem of varying
red and green times. The results of the study allow a reevaluation of this
conclusion.

Chapter 3 presents a methodology to assess the traf�c state in an urban
perimeter in terms of traf�c �ows and travel times. The assessment includes
various novel sensor technologies and �ndings underline their potential
for the determination of traf�c �ow but also limitations for travel times.
In addition, the possibility of data fusion with a simple machine learning
model highlights the importance of considering different data sources to
improve traf�c state estimates.

The study highlights that the placement and density of sensors are
crucial aspects that traf�c operators need to consider. Based on the �ndings,
thermal cameras with an associated WiFi module are a valuable tool for
measuring traf�c variables. However, a certain density of sensors must
be available so that usable travel times, in particular, can be derived. For
this reason, the use of thermal cameras with vehicle detection is for now
limited to a pre-de�ned test perimeters. An extension to an entire urban
transportation network requires a high rate of unique identi�ed vehicles,
which can only be achieved with a high sensor density and, thus, high
associated costs.

Apart from installing new sensors, the research highlights that traditional
and already installed sensor technologies such as LDs can be bene�cial to
improve travel time estimates. The potential of data fusion is highlighted
with traf�c signals and a sample of CAV data. The upcoming transition
period in which both human-driven vehicles and CAVs will be present on
the road will provide new data sources. However, the penetration rate may
still be low, which is also the reason for investigating a 5% share of CAVs
in the study.

Finally, a methodology for dynamic pricing in large-scale urban networks
is proposed in Chapter 4. The main �ndings of this study show that a
pricing scheme prevailing to the traf�c state in a city region improves
performance in a multi-region network. Moreover, in combination with
MLP neural networks, users' travel behavior can be in�uenced so that the
transportation system operates closer to the system optimum.

The �ndings show that bridging the research on travel behavior and the
determination of network equilibria is a promising way for dynamic pricing.
Also, the study investigates region-to-region pricing schemes, which allows
for an aggregated pricing scheme and not being dependent on microscopic
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variables such as, e.g., distance traveled and travel time. Consequently,
such an approach is less data demanding and provides fewer hurdles for
implementation in practice. Nevertheless, this implies that homogeneous
regions and a robust MFD are derived for all regions.

6.2 limitations

Complementary to the de�ned scope at the beginning of the thesis, limita-
tions are listed for the presented studies.

Signal phase timing predictions at urban intersections

• The framework provides signal phase timing predictions that can be
readily applied when the predicted signal phases start. However, a
signal phase can be extended or shortened if one or multiple LD de-
tections occur during this phase. As the prediction is already applied,
an under-/overestimation of the signal phase duration is possible.

• As highlighted in the discussion of chapter 2, the prediction of the
next red phase of traf�c lights for public transport is particularly
challenging. These traf�c lights usually only operate in a green phase
when a vehicle arrives. This means that again the LD detections occur
after the prediction and, consequently, the proposed method shows
modest performance. Therefore, the accuracy is limited, and future
research directions listed below are essential to consider.

Traf�c state assessment and estimation in urban perimeters

• The derivation of the ground-truth data set by manually processing
the video material is an approach limited in terms of scalability. Only
areas, which are small test perimeters and all traf�c directions can be
observed are suitable.

• The study investigates a time frame of two hours which provides
suf�cient data to assess the traf�c states in the perimeter. However,
the data size potentially limits the performance of the proposed data
fusion methodology to estimate travel times.
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Dynamic congestion pricing in large-scale urban networks

• The work assumes that user's in the network have full and transparent
information of the traf�c states available at any time. Consequently,
their route choice is based on a complete set of information and also
full compliance and homogeneity is assumed. For example, in reality,
some users would travel their desired route regardless of the price,
in�uencing the system state and the dynamic pricing.

• In the framework, an average trip length and well-de�ned MFD per
region are assumed to be given. A more detailed representation of
the trip length such as in Sirmatel et al., 2021b should be considered
for future research. Also, for practical applications, one should keep
in mind that the violation of the MFD homogeneity assumption can
cause points below the upper envelope of the MFD or hysteresis
loops.

6.3 outlook

Applying machine learning techniques to traf�c management systems
is a promising way to (a) explore and capture complex and nonlinear
traf�c dynamics and (b) improve existing approaches to manage emerging
congestion in transportation networks. The future research directions are
outlined and refer to the presented publications in their particular order:
signal phase timing prediction, traf�c state assessment and estimation, and
dynamic pricing in large-scale networks.

Improve and benchmark predictions at urban intersections

An important open question is the prediction of the T 2G for traf�c signals
dedicated to public transportation. As this T 2G time series show high vari-
ability, a promising way for future research is the continuous update of
T2G predictions throughout the next signal phase. However, this additional
methodological step needs to consider the requirements of control systems
where the predictions serve as an input (i.e., frequent and high changes
in the T2G might not be suitable as an input to motion planning systems).
Another promising direction is to develop an algorithm that allows general-
ization and so the application to new environments (e.g., other intersections
or scenarios with different transit operations).
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Finally, research at urban intersections is diverse, with various research
directions and methodological approaches to improve traf�c management.
However, case studies are usually carried out with either synthetic or empir-
ical data sets collected under different circumstances (country, intersection
set-up, public transportation priority, semi-actuated/actuated control). As
a consequences, the performance of the methodological approaches are
hard to compare. Therefore, the data set utilized in this study is published
in Genser et al., 2022b to support future research directions and to provide
data that allows benchmarking of different methodologies 1.

Assist sensor deployment and explore data fusion in urban networks

In particular, the results of the travel time assessment highlight the im-
portance of supporting the implementation of sensors in practice with
data-driven assessments. The positioning and density of deployed sensors
are important for the accurate derivation of the traf�c state. Consequently,
the needed density of sensors in an urban perimeter has to be further
investigated. A step towards this direction has already been taken in Genser
et al., 2022a. Additionally, the accuracy of travel times is a function of
the penetration rate in transportation systems. As more devices become
available that can be detected via a Bluetooth or WiFi, the results should be
re-evaluated and monitored.

A higher penetration rate of CAVs in the system means higher availability
of data that can be investigated with data fusion technologies as proposed in
the study. With more data sources available throughout an urban network,
a more complex model might be bene�cial to improve the estimation of
traf�c states even further. In addition, it would be interesting to scale the
approach to a more extensive area under investigation. This allows for
exploring the steps needed to design a network-wide robust and accurate
methodology utilizing machine learning techniques with a more extensive
data set.

Collect and investigate empirical data sets in large-scale networks

For now, the proposed dynamic pricing scheme was tested as a prototype
with a set of approximations and assumptions. The approach was tested
with synthetic data from the macroscopic model. Also, we showed results
for an assumed exogenous demand pro�le, and the travel behavior is

1 The data set is publicly available via https://doi.org/ 10.3929/ethz-b- 000556642
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modeled with a standard but state-of-the-art choice model. Future research
should aim for deriving a large scale data set to (a) calibrate the utilized
traf�c model, (b) derive a realistic and real-world demand scenario serving
as an input to the model, and (c) use the empirical data set to further
investigate learning the user's travel behavior with machine learning.

Also, the regioning of an urban transportation system and MFD deriva-
tion is not trivial. The proposed �ndings are based on the assumption
that the regions are homogeneous. Consequently, state-of-the-art research
approaches for deriving robust MFDs need to be considered to push this
approach closer to practical applications. Finally, the framework offers �exi-
bility to explore different tolling options (e.g., tolls protecting only the city
center) and to differentiate between region characteristics in terms of, e.g.,
size, population, urban skeleton.
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