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summary

Cities worldwide face significant congestion issues, leading to time wasted in traffic, increased environ-
mental impact due to idling engines, and diminished quality of life due to noise and safety concerns.
Addressing these problems necessitates proactive policy changes, such as implementing low-carbon
zones and optimizing traffic light schedules. This research investigates how traffic lights can be lever-
aged to alleviate congestion while also enhancing air quality, equity, and overall urban sustainability.
By integrating policy changes into traffic light schedules, this study aims to provide actionable insights
for municipalities and improve day-to-day operations for traffic managers, urban planners, and policy-
makers.

Despite extensive research into traffic management technologies, current studies often focus predom-
inantly on car traffic flow and waiting times, occasionally overlooking broader urban mobility aspects,
including cyclists, pedestrians, and public transport. Furthermore, factors like environmental pollution
and noise are gaining importance but are still not sufficiently integrated into traffic management sys-
tems. This research addresses this gap by proposing a more comprehensive approach that includes
these diverse factors and stakeholders, aiming to contribute to a more liveable and efficient urban traffic
network.

Notably, this study introduces a novel two-level Reinforcement Learning (RL) framework using Deep
Q-Networks (DQNSs) to address traffic management. Unlike traditional systems, the two-level RL DQN
approach provides dynamic coordination between local traffic lights and a central network-wide man-
agement system. This holistic methodology is designed to optimize immediate traffic flow while simul-
taneously supporting long-term policy goals concerning sustainability, equity, and adaptability. This
research introduces the concept of a "global observer” integrated with local agents, a feature that en-
sures network-wide policy alignment by periodically updating traffic light parameters based on broader
societal goals. This novel structuring allows for detailed consideration of emissions, noise, and other
externalities, thus setting a new standard for urban mobility management.

The primary goal of this research is to demonstrate how integrating reinforcement learning algorithms
can optimize traffic light control to support broader societal priorities such as reducing congestion, min-
imizing emissions, and promoting equitable traffic management. To achieve this, the research aims
to identify key performance indicators (KPIs) that reflect policy goals and examine how reinforcement
learning can be applied both in real time and for long-term urban planning. Specific tasks include mea-
suring these KPls within simulations, analyzing network-level performance to pinpoint bottlenecks, and
evaluating the effectiveness of RL-based traffic light controllers under real-time demand fluctuations
and long-term policy scenarios. The study seeks to answer questions related to optimal metric calcu-
lations, intersection performance aggregation, and the application of RL for sustainable and efficient
traffic system management.

Main Research Questions

* What are KPIs for evaluating policy goals, and how can these metrics reflect priorities such as
reducing congestion, minimizing emissions, and promoting equitable outcomes?

» How can reinforcement learning algorithms be applied to optimize real-time traffic light control in a
way that supports policy goals such as equitable traffic management, sustainable urban mobility,
and efficient traffic flow?

This study used a mixed-method approach that combined qualitative insights with quantitative data
to ensure a comprehensive analysis of traffic management through reinforcement learning (RL). Data
collection was carried out through simulations using the traffic modeling tool PTV Vissim (software for
micro simulation), supplemented by case studies in Almelo, The Netherlands. Quantifiable metrics in-
cluded vehicle delays, queue lengths, emissions, and performance. In addition, municipal policies and
urban planning documents provided a qualitative context, ensuring that the RL models were in line with
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broader policy goals. In PTV Vissim, a digital twin of Almelo’s traffic environment was created, including
virtual vehicles, intersections and road segments. Scenario-based experiments enabled the assess-
ment of control strategies across varying traffic conditions and policy priorities. Data analysis involved
statistical evaluations of KPIs and performance indicators, combined with reinforcement learning mod-
eling using Deep Q-Networks (DQNs). Graph theory was applied to assign weighted importance to
different road segments, and iterative visualizations on a custom dashboard helped translate quantita-
tive results into actionable policy insights. This reinforcing framework ensured that the RL algorithms
dynamically refined traffic light control parameters for optimized urban mobility and sustainability. This
research successfully demonstrated how integrating reinforcement learning (RL) with graph theory can
enhance urban traffic management. Using Python and PTV Vissim, a prototype dashboard is devel-
oped to visualize network performance and KPI scores, allowing municipalities to align RL models with
their policy goals. This holistic approach highlights the importance of balancing car performance and
broader objectives such as emissions and safety.

Reinforcement Learning (RL), using Deep Q-Networks (DQNSs), showed promising results, reducing
waiting times by 20-35 percent and emissions by over 10 percent. Local agents individually trained
demonstrated that learning speed is closely related to signal group complexity, necessitating carefully
normalized reward functions and optimal discount factors (between 0.8-0.85) for effective training. Ad-
justing these factors was crucial to prevent issues such as hidden queues and to prioritize dominant
traffic flows effectively. Additionally, this study advances reinforcement learning by incorporating intri-
cate weighting through graph theory, providing a detailed method for identifying and addressing network
bottlenecks. This integration ensures that traffic light control is dynamically refined, aligning real-time
results with longer-term policy goals and societal benefits.

The involvement of a global agent proved essential for network-wide optimization, considering the
broader picture ignored by local agents focused on reducing waiting times. While the local agents
improved performance, scenarios involving the global agent showed further gains of 0.03 to 0.2 in
overall network efficiency. These gains will only grow bigger on a larger scale.

Despite the promising results, scalability and computation times pose challenges for real-time applica-
tions. Future research should address these limitations by exploring hierarchical learning frameworks
and optimizing reward structures for complex intersections. Graph theory successfully identified net-
work bottlenecks, though it struggled with capturing complex traffic dynamics such as weaving sections.

In conclusion, while RL demonstrates substantial improvements in traffic management, achieving faster
and scalable RL solutions for larger networks remains a key objective. The potential of RL combined
with graph theory and a visual framework for policy alignment offers valuable insights into optimizing
urban mobility. Further refinement of techniques and tools can unlock larger gains, benefiting cities
worldwide. These findings highlight the practical value of Al-based traffic control systems in supporting
smarter urban planning and more effective mobility solutions.
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Introduction

1.1. Problem statement

Cities around the world are struggling with the effects of congestion. In addition to the time wasted
waiting in traffic, these traffic jams contribute to significant damage to the environment due to vehicle
engines that idle without movement [1]. Traffic jams also reduce the quality of life of residents, con-
tributing to noise pollution and safety concerns [2]. Therefore, it is crucial to make the streets more
liveable by reducing traffic. In addition, implementing policy changes, such as low-carbon zones [3],
can help achieve the goal of creating more pleasant cities. This research will focus on how traffic lights
can improve traffic congestion and other factors such as air quality, equity, etc. Therefore, this research
will give insight into how policy changes can be integrated into the traffic light schedule to improve our
cities in the future; the focus on equity, sustainability, and efficiency reflects broader societal priorities.
This tool will help municipalities in their day-to-day operations. The primary users of this dashboard will
be traffic managers, urban planners, and long-term policy makers. For traffic managers, the tool will
enable real-time monitoring and intervention during daily operations or special events. Urban planners
and policymakers will use the dashboard to simulate and evaluate long-term policy impacts, such as
noise reduction strategies or equitable traffic distribution. The dashboard aims to provide actionable in-
sights, such as identifying persistent bottlenecks, predicting congestion patterns, and testing the effects
of alternative policies in a virtual environment. Its functionality will range from real-time data visualiza-
tion to scenario-based forecasting, ensuring accuracy and relevance for current conditions and future
predictions.

This research is carried out as part of an internship at Sweco, an urban planning and engineering con-
sultancy. The internship provides a practical lens through which this research is conducted, ensuring
that the outcomes are aligned with the real-world challenges faced by municipalities. Sweco’s role in
the DAES (Doorstroming als een service / Throughput as a Service) project, together with the cities of
Almelo, Enschede, and partners like Heijmans, is centered on improving both traffic conditions and the
quality of life for residents. Gaining insight into network performance and understanding the impact of
short- and long-term measures is essential to make this project a success. Improving throughput by
optimizing only traffic lights could be a very cost-effective method to improve congestion and the lives
of the inhabitants of these cities.

Reinforcement learning can help establish a traffic light program that improves not only current traffic
flow but also supports broader goals related to long-term planning, such as sustainability, equity, and
adaptability to sudden demand fluctuations. Although both short-term and long-term goals can be
approached separately, there is a significant advantage in considering traffic light control as part of the
broader performance of the network rather than in isolation.
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1.2. Limitation of current studies

A substantial body of research has already explored how such emerging technologies can enhance
traffic management. However, "improvement” itself is a broad and often ambiguous term. Much of
the literature tends to focus on metrics such as increased traffic flow or reduced waiting times [4][5][6].
While efficient car traffic is undoubtedly vital for any city, there is a growing shift toward designing more
liveable urban environments. This involves not just optimizing for cars, but also prioritizing cyclists,
pedestrians, and residents. The current tools often fail to give this other mode enough attention.

In addition, factors such as noise and environmental pollution, along with the integration of public trans-
port, are gaining importance in modern traffic management. Some studies have explored the use of
reinforcement learning to create more equitable traffic systems to balance travel times between users
[7]. However, these approaches often remain primarily focused on the car. This research seeks to
broaden that scope by addressing the multidimensional nature of urban mobility. Considering a wider
range of factors and stakeholders, including pedestrians, cyclists, and public transport, this more com-
prehensive approach aims to contribute to a traffic network that performs better overall.

1.3. Research objectives and questions
The goal is to find a way to make the performance of the network understandable. This is the objective

of this research, not only for long-term planners but also for traffic managers who have to implement
measures ad hoc.

This research is structured around a set of key questions that guide its objectives, addressing both
broad goals and specific areas of interest. The first question is needed to be able to solve the second
question in an holistic approach.

Main research questions
» What are KPIs for evaluating policy goals, and how can these metrics reflect priorities such as
reducing congestion, minimizing emissions, and promoting equitable outcomes?

» How can reinforcement learning algorithms be applied to optimize real-time traffic light control in a
way that supports policy goals such as equitable traffic management, sustainable urban mobility,
and efficient traffic flow?

Sub-questions
1. Performance Indicators

* How to calculate/measure these KPIs (that are used for evaluating policy goals) in the sim-
ulation (and in practice)?

2. Network-Level Analysis

» How can individual intersection performance scores be combined into a single interpretable
and transparent metric that reflects overall network efficiency and traffic flow patterns?

* Which intersections can be identified as bottlenecks using graph-theoretical methods under
specific traffic conditions or demand patterns, and to what extent do these bottlenecks rep-
resent the initial points of failure in the traffic network when subjected to increasing demand
or disruption?

3. Optimization and Policy Recommendations

» Short term: How effective are reinforcement learning-based traffic light controller in absorb-
ing real-time demand fluctuations in traffic and how will it improve traffic speed and reduce
delays at the intersection level?

* Long term: How can reinforcement learning-based simulations be used to optimize traffic
light scheduling in support of long-term policy goals?
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1.4. Scope

This research offers a dual contribution to the field of intelligent traffic management. First, it develops a
practical tool that provides clear and actionable insights into the performance of intersections and traf-
fic networks. Second, it uses this performance assessment to optimize traffic light schedules through
reinforcement learning, with the aim of creating systems that adapt dynamically to real-time traffic con-
ditions. By combining network analysis with intelligent control, the research provides a foundation for
smarter and more responsive traffic systems that can help municipalities achieve their mobility goals
more effectively.

The scope of this research is two-fold. On the one hand, it aims to provide a tool that offers insight
into the performance of intersections and networks. On the other hand, it will utilize this performance
score to improve traffic light schedules using reinforcement learning. This study does not account for
changes in modes of transport between individuals. This extra complexity will be important for long-term
planning, but adds to the number of variables already in the system. Further research should implement
mode choice to have a model that better represents reality and the complexity of trip chains and mode
choice. Quite a lot of research has been conducted on OD-calibration, and this will be essential to have
an adaptive and responsive simulation. The Appendix A builds on this research to show how a digital
twin would be created by having a realistic OD-matrix that is updated with current demand fluctuations.
When the real world sees traffic patterns change, the model can adjust its OD-matrix and will be able to
fine-tune the reinforcement learning agents with the more accurate traffic conditions. The responsive
model helps traffic managers make ad hoc decisions if they see something go wrong. The model will
be able to foresee problems before they happen, which will give the traffic manager some more time
to respond (this will depend on size of model, computing power, etc.).

The study limits itself to aspects that can be measured from a simulation. For instance, red-light viola-
tions can be estimated from a simulation but fall outside of the scope of this research and, therefore,
can be extracted from real-world data. The latter can and should be studied in further research that
builds on top of this research. This presents the challenge that these factors may not change when
adjustments are made in the simulation. More research will be necessary to explore how these key
performance indicators can be effectively transferred to a simulation. The model will include them to
emphasize their importance in a holistic approach.

1.5. Significance of the study

This research has significant social implications if it demonstrates that an integrated approach, one
that considers both network-wide performance and local intersection conditions, can better support key
policy goals (such as equity, sustainability, and efficiency) compared to isolated control strategies, even
if trade-offs between these goals are involved. This paradigm shift can transform traffic management,
urging policy makers and urban planners to adopt a holistic view that balances the overall performance
of the transportation network with localized issues such as emissions, traffic flow, and pedestrian safety.

The proposed dashboard serves as both a strategic and operational tool, informing long-term invest-
ment decisions and addressing immediate challenges. The tool should be coupled to outside sensors
so that the simulation and the reality match. The simulation can then predict what will happen and
can inform real-time traffic managers when problems arise. Traffic managers can also artificially boost
certain OD-pairs, say, for example, for a football game, many people will drive to and from the stadium.
The impact of this influx of people could be simulated beforehand to predict the measures that will be
most effective. Integrating reinforcement learning into this approach further enhances its impact. Un-
like traditional systems that focus solely on traffic metrics, the RL framework considers the quality of life
for all road users, including pedestrians and cyclists. By analyzing traffic patterns, the RL model adapts
to traffic demand, ensuring flexibility during events such as football matches. Many municipalities still
look mainly at cars. This dashboard approach with sliders helps municipalities align their goals and
policies. They can also see what the impact of certain policies is and what the impact will be on their
network.

A key advantage of this method is its ability to achieve unattainable optimization levels for humans. RL-
driven adaptive traffic light systems can improve traffic flow throughout the network while addressing
goals such as emissions reduction and pedestrian safety. Additionally, the RL framework can streamline
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initial traffic light scheduling for new intersections, minimizing the need for labor-intensive adjustments
and allowing engineers to focus on strategic planning.

Beyond operational efficiencies, this integrated approach promotes safer, more sustainable, and equi-
table transportation systems. By addressing both immediate traffic management issues and long-term
urban development goals, the framework contributes to cleaner air, safer streets, and vibrant public
spaces, ultimately improving the well-being of urban communities. Thus, this transformative frame-
work not only modernizes traffic systems, but also enriches urban life across multiple dimensions.

1.6. Study setup

This study conducted four core experiments to explore the potential of reinforcement learning and
graph theory to optimize urban traffic flow in Almelo, Netherlands, addressing key research questions
regarding KPI evaluation, intersection performance, and policy-driven optimization. Chapter 2 provides
the overall framework used for this research, detailing how all research questions relate to each other
and interact.

First, graph theory was applied to identify traffic bottlenecks and key intersections for improvement.
While effective at pinpointing static bottlenecks, this method proved insufficient for capturing dynamic
traffic behaviors such as weaving. This aligns with the sub-question on how intersections can be identi-
fied as bottlenecks using graph-theoretical methods under specific traffic conditions or demand patterns.
The chapters discussing these aspects are 3.2, 4.2, and 5.2.

Second, a local RL agent, trained using Deep Q-Networks (DQNs), demonstrated that stable and effi-
cient learning could be achieved with properly tuned reward functions and discount factors; however,
scalability remained a challenge. This experiment addresses the sub-question related to evaluating
performance indicators at individual intersections and the effectiveness of RL in real-time traffic man-
agement. For details on the local agent, refer to chapters 3.4, 4.3.2, and 5.3.1.

Third, the introduction of a global RL agent to coordinate local agents significantly improved network-
wide performance. It balanced conflicting KPIs, such as car flow, emissions, and safety, aligning with
policy goals for sustainable urban mobility and efficient traffic flow. This speaks directly to the main
research question about applying RL algorithms to optimize traffic light control in a way that supports
policy goals. More on the structure and implementation of the global agent can be found in chapters
3.4,4.3.3, and 5.3.2.

Finally, various policy-driven scenarios, including car-focused and balanced setups, were tested to
assess the adaptability and real-time responsiveness of RL. Results demonstrated global coordination’s
capacity to maintain overall network performance while supporting long-term municipal goals. This
addresses both short-term and long-term sub-questions related to the effectiveness of RL-based traffic
light controllers in fluctuating traffic conditions and optimizing traffic light scheduling in support of long-
term policy goals. Relevant chapters include 3.1, 4.1, 5.3.2, and 5.4.

By designing these experiments, the study systematically explores how KPIs can be evaluated, how
individual intersection performance can be aggregated, and how RL algorithms can support both im-
mediate and long-term traffic management objectives. These experiments provide a holistic approach
to understanding and optimizing urban traffic flow while aligning with broader societal goals. Chapter 6
presents the final remarks and suggestions for future research to further improve the current findings.



Translating KPIs into traffic light
control: a bidirectional framework

Efficient traffic management is crucial for urban areas. This chapter presents a bidirectional framework
to translate Key Performance Indicators into optimized traffic light control using reinforcement learning
and graph theory. Bidirectionally refers here to the fact that one influences the other and back so it is
a two way street. This chapter will show the loop that exists between scoring and the RL model which
gets updated by the scores from the dashboard. The RL agent can than optimise this score. When
the weights are changed the scoring changes and the final result of the agents can look different than
it would under different policy goals.

Section 2.1 introduces the conceptual framework, detailing the use of detectors to calculate KPIs and
integrate computational codes to evaluate and optimize traffic performance. Graph theory helps assign
weighted importance to different road segments. Section 2.2 covers the design and implementation
of the dashboard, scoring systems, and RL algorithms, explaining how they work together to balance
municipal priorities. Section 2.3 outlines the experimental design using PTV Vissim for traffic simulation,
comparing traditional schedules to RL-optimized ones at both intersection and network levels.

2.1. Introduction conceptual framework

To effectively measure Key Performance Indicators in transportation networks, it is essential to consider
different spatial levels. Travel-time KPIs, for example, require a network-wide analysis to provide mean-
ingful insights into overall network performance. In contrast, KPIs such as waiting time at intersections
are more relevant at the local level. The spatial reach of pedestrians and cyclists is much smaller than
that of cars, which further requires scoring performance at different spatial levels.

To address this, the analysis is split into two layers: network level and intersection level. Each KPI is
appropriately assessed within its required spatial context. To combine these different levels into a single
comprehensive score for reinforcement learning input, weights will be assigned to each intersection
and these scores will be aggregated. How these intersections are summed will be explained in a much
more detail later. For research, both the network and the intersection levels are given equal importance
(50/50) to ensure balance.

The conceptual framework, illustrated in Figure 2.1, delineates the essential components of this re-
search. The simulations will feature detectors to calculate various Key Performance Indicators (KPIs).
The simulation environment, represented as the digital twin, addresses the link loading aspect within
the framework (see Figure 2.1). The KPIs utilized are part of the first sub-question, and these KPls are
directly derived from the simulation itself.

These different KPIs will be employed across three separate modules: Code | (Scoring of the Intersec-
tion), Code Il (Scoring of the Network), and Code lll (Intersection Weighting within the Network), as
illustrated in Figure 2.1. Code Il will serve as the integrative component between Code | and Code II.



2.1. Introduction conceptual framework 6

This is the section where graph theory is introduced to determine the relative importance of intersec-
tions or road segments. Graph theory will be applied to assign weights to the significance of various
intersections or road segments.

For instance, many routes utilize tunnels or bridges; if these routes are blocked, many commuters will
experience delays. This example underscores that not all road segments or intersections should be
weighted equally. Although graph theory is well-studied [8], [9], [10], its application for this purpose
represents a novel contribution in this study. The scores will be computed using weights set by the
municipalities themselves to align with their short-term policies. Thus, this tool can aid municipalities
in implementing their policy objectives effectively.

Optimizing program

Link loading traffic light control (Research Question 2)

Key Performance
Indicators (Research v

Question 1) Dashboard network
scoring

r 3

v

Policy weights

Figure 2.1: Introduction into conceptual framework

The KPI scores serve two primary purposes: dashboard network scoring and input for the optimizing
program (see Figure 2.1). The KPlIs are either obtained directly from PTV Vissim or sourced from liter-
ature (see Chapter 3.4). While the calculation of KPIs follows established methods, their combination
and comparison represent a novel approach in this study.

Three different scoring methodologies will be proposed. The primary methodology will be explained in
detail, while the other two will only be briefly outlined. The other two are alternative option of scoring
the KPls but will not be used for the research so the idea behind them will be explained. This program
incorporates a reinforcement learning model that adjusts traffic light control parameters to enhance
network-wide performance. The reinforcement learning algorithm will optimize traffic light control to
achieve the highest total combined score. The traffic light system will employ a free control structure
with constraints. Policy changes will directly affect the scores, thus impacting the optimization process
and prompting the software to identify a new optimal solution.

As stated in the scope of this research, the focus is solely on the morning peak, which limits the total
training time per intersection.

For this research, a digital twin will be used as a virtual representation of the real world traffic environ-
ment, this way the link loading can be done more accuratly. A well-designed digital twin can closely
mirror real-world conditions. Extensive research has shown that digital twins can serve as accurate and
reliable simulations of physical systems (for more proof, see the Appendix A). Given the high fidelity
of the simulation, reinforcement learning models trained within this environment can be transferred to
real-world deployments with minimal adjustments or performance issues.
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In conclusion, this research introduces a novel bidirectional framework that leverages reinforcement
learning and scoring of key performance indicators to optimize traffic light control based on these KPI
score. While the calculation of individual KPIs follows established methods, the innovative aspect lies
in their combination and comparison to enhance traffic management. This study uniquely integrates
graph theory to assign weighted significance to different road segments and intersections, a method-
ology that departs from traditional approaches. Furthermore, the use of a digital twin for accurate link
loading and simulation further bolsters the robustness of reinforcement learning models. By aligning
KPI scores with municipal policies, this framework offers a dynamic tool for policy implementation and
traffic optimization. Thus, this research stands out by combining established techniques with novel
applications to address complex urban traffic management challenges.

This research presents a novel, two-level reinforcement learning framework designed to optimize traffic
light control by incorporating broader societal goals, such as emissions and noise, alongside traditional
metrics like waiting times and vehicle throughput. Existing hierarchical RL frameworks typically focus
solely on minimizing delays and waiting times at individual intersections or throughout the network
[11]1[12], [13]), often neglecting dynamic interactions and broader impacts throughout the network on
societal goals as a whole. The proposed framework addresses this gap by introducing a global ob-
server and local node agent. This dual-level approach ensures that immediate operational efficiency
is balanced with longer-term, network-wide policy objectives.

The local agent updates traffic signals in real-time at one-second intervals, while the global observer
is updated less frequently to maintain a holistic view. By integrating periodic evaluations and aligning
with the final score derived from multiple Key Performance Indicators, this research aims to provide an
optimal traffic management solution that serves both localized and network-wide societal needs.

This innovative methodology extends the typical scope of RL frameworks, demonstrating a significant
advancement in urban traffic management by balancing efficiency with broader societal objectives.

2.2. Model setup

Dashboard Design: A dashboard will visualize network performance and KPI scores. Features
such as adjustable sliders will allow users to weigh KPlIs, aligning results with specific municipal
priorities.

» Simulation Framework: A simulation model will be created to mirror urban traffic dynamics.
Firstly, VisVap' will be used to create a reference traffic light schedule. Reinforcement learning
will be used to optimize traffic light control, running iterative experiments to maximize network-
wide KPI scores.

Scoring System Development: Three tools will be developed that feed into the dashboard:

— Code I: Evaluates KPlIs for individual intersections.
— Code llI: Assesses the performance of the network.

— Code lll: Weighs the importance of intersections based on their role in the network. Also the
importance of a stretch of road is calculated. The results of these tools will be combined to
produce a comprehensive performance score.

» Reinforcement learning for traffic signals The software will be designed to use input from a
scoring system to effectively guide the deep Q network (DQN) in optimizing traffic signal stages.
Through reinforcement learning, the software will continuously learn and adapt. A local agent will
focus on intersection throughput and delays. This local agent will be bounded by safety guidelines
to prevent it from making dangerous/illegal decisions. Each intersection will have a separate local
agent that operates independently of the others. A global agent will instruct/influence the local
agents to consider overarching goals such as emissions, which impact a higher level. Because
the global agent gets as input the final score (see dashboard Figure 2.1), therefore the global
agents gets more control of the overall performance given the weights for each intersection/road

"VisVAP enables the use of object-oriented programming. The logic of the traffic control algorithm is implemented using
flowcharts. An example can be found in Appendix B
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segment. This could mean that the local agent is forced to adapt a suboptimal structure to satisfy
the global agent.

» Case Studies and Validation: The methodology will be applied to Almelo (a relatively small
city in the Netherlands (75k inhabitants)), testing policy scenarios and their optimal traffic light
schedule (comparing man-made signals vs RL signals).

2.3. Experimental setup and evaluation

The simulation environment is based on a network model comprising several connected intersections,
developed by Sweco. This model reflects a realistic urban traffic layout and will serve as the foundation
for evaluating various traffic signal control strategies.

PTV Vissim will be used as the primary microscopic traffic simulation tool to simulate vehicle movements
and intersection-level dynamics. Although Vissim may not be the best tool available, it is currently
widely used by many municipalities, including Sweco’s already calibrated model for Almelo, which will
serve as the case study. Using Vissim ensures that the improvements we develop are immediately
applicable and beneficial to communities that already use this tool. To establish a baseline, a static
traffic signal schedule will be generated using VisVap, which provides a rule-based, demand-responsive
control logic (for further information on this see Appendix B).

In contrast, a deep Q-Network-based reinforcement learning algorithm (DQN) will be developed to
dynamically optimize traffic signal timings. The reason for choosing a DQN-based approach lies in
its ability to adaptively refine traffic management strategies by learning real-time data, thus achieving
superior results compared to static models. This neural network will learn optimal signal control policies
through interaction with the simulated environment, guided by a reward function based on KPIs such
as vehicle delay, queue length, emissions, and throughput, to name a few.

To assess the impact of the proposed approach, performance will be evaluated at two levels:

* Intersection-Level Evaluation: A single intersection will be isolated and optimized using both
VisVap and the DQN-based method. The resulting performance metrics will be compared to
demonstrate the improvements achievable through reinforcement learning at the intersection
level.

» Network-Level Evaluation: The full connected network will be tested with three traffic scenarios
corresponding to three totally different types of policies. These scenarios will differ by adjusting
the weights assigned to different KPIs to simulate various municipal priorities (e.g., prioritizing
emissions reduction versus minimizing travel time).

A custom dashboard will be used to visualize and compare the performance of each control method
in different scenarios. This tool will allow users to dynamically adjust KPI weights and observe cor-
responding changes in overall network efficiency. The improvements of the RL-based control over
traditional VisVap schedules will be highlighted using the dashboard’s comparative analytics features.

To ensure robustness, additional experiments will be conducted to evaluate the sensitivity of the RL
model to changes in traffic demand and signal timing constraints. The computational performance and
training convergence of the RL model will also be documented.



[1terature review

This review of the literature examines key research on traffic performance indicators, network bottleneck
identification, and intelligent traffic control systems. It highlights how data-driven methods and graph-
based approaches are used to evaluate and improve urban mobility. The aim is to provide a foundation
for developing efficient and adaptive traffic management solutions.

3.1. Identification of relevant KPIs for policy goals

The European Union has conducted extensive research into the development of performance frame-
works for traffic management and Intelligent Transport Systems (ITS). In a report published by POLIS
Network [14], four main pillars are identified as the foundation for assessing traffic system performance:

1. Traffic Efficiency

2. Safety

3. Social Inclusion & Land Use
4. Pollution Reduction

These pillars provide a comprehensive framework for evaluating the impacts of traffic systems on urban
environments. In support of this framework, the University of London offers additional empirical analysis
that emphasizes the importance of reliability [15] as a key performance indicator in traffic systems [14].

A widely adopted KPI for evaluating congestion is based on travel time delays and the monetary value
of time, which helps to quantify network performance and identify areas for improvement [16]. Euro-
pean cities are increasingly advocating for more robust and holistic performance frameworks for their
transportation networks.

In the Netherlands, the share of cyclists and pedestrians is substantial and continues to increase. Urban
planning efforts are increasingly prioritizing these active mobility. A notable example is the STO(M)P-
principle, which outlines a hierarchy in transport planning:

Cyclists and pedestrians are receiving increasing attention and space. There is a growing
focus on how to divide the scarce space in cities and on promoting active mobility. The
STO(M)P principle plays a key role in this. It prioritizes pedestrians first (Stappen — walking),
then cyclists (Trappen — cycling), followed by public transport and Mobility-as-a-Service
(MaaS), and lastly private vehicles. [17]

Dividing performance indicators into these four categories is essential to identify where the most signifi-
cant improvements can be made. As E. Dumbaugh notes, city streets should not simply be “forgiving"—
they must be designed with safety in mind from the design.
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Although vehicle emission pollution tends to receive the most attention, the impact of noise pollution has
also been extensively studied. Chronic exposure to traffic noise has been shown to pose serious health
risks [18][19][20]. Today, awareness of these effects is growing, and many public health authorities now
recognize noise pollution as a serious concern. Documented health consequences include:

Sleep disorders, learning impairment, cardiovascular diseases, metabolic syndrome, hyper-
tension, ischemic heart disease, increased risk of diabetes, obesity, and general annoyance
[21].

3.1.1. Network related key performance indicators

The following paper written by |. Kaparias wants to assess other factors, these factors range from: ease
of access between certain representative origin-destination pairs, safety impacts, emissions originating
from traffic, social inclusion and land use, to name a few [14]. Other research names factors such as
vehicle and pedestrian delay related measures, average crash frequency, and pedestrian delay. Recent
advances in traffic signal performance evaluate, use of crash surrogates, and exceedance statistics
to estimate road safety. These KPIs show that the traffic system is more complex than only "hard”
performance indicators can capture. Hard performance indicators, such as travel time, congestion
levels, and throughput, provide quantifiable measures of efficiency. However, they often fail to account
for softer aspects such as equity, environmental impact, or neighborhood livability, which require a more
nuanced multidimensional evaluation.

3.1.2. Intersection related key performance indicators

Analysis of key intersection performance indicators has received significant attention in traffic manage-
ment studies. A critical KPI (I;5_y) evaluates the number of critical situations (e.g., delays or cycle
times) at intersections and their impact on traffic flow. This metric accounts for the weight of each link
in the network and is calculated using the number of critical situations detected (C'S;) normalized by
the daily traffic volume (DT'V;) [14]. However, consistency issues arise from the varying definitions of
"critical situations” and differing thresholds between cities. Therefore a standardised approach will be
key to compare these different designs.

This highlights the need to improve signal settings to minimize congestion. Frequent adjustments to
signal timings are often required during peak periods, with the frequency of changes depending on
the demand characteristics [22]. These approaches distinguish various traffic states, enabling more
accurate congestion assessments. Expanded models address practical challenges such as limited
data resolution or combined detector inputs, demonstrating acceptable accuracy compared to ground
truth data.[23].

Intersections with traffic lights are implemented to enhance safety and throughput by preventing crashes
through the separation of conflicting traffic flows. Hameed A. demonstrated in his virtual reality exper-
iment that red lights were ignored 3.7 percent of the time. Of these violations, 60 percent occurred
just after the red light appeared, indicating that people often trust the built-in safety margins and the
buffer time incorporated when signal groups change [24]. In the municipality of Enschede, the concept
of the “first waiting pedestrian/cyclist” is applied to improve both safety and equity at intersections [25].
Increasing the number of green times for these users has been shown to reduce the number of red
light violations, highlighting that minimizing cycle time is not just a convenience, but a necessity [26].

However, the effectiveness of a bicycle-friendly signal regime is highly dependent on the volume of
cyclists and the pressure exerted by other traffic participants at the intersection. According to the Fiets-
beraad study, when this pressure becomes too high, waiting times for other road users can increase
significantly. It remains unclear at what point the disadvantages in waiting times for non-cyclists out-
weigh the benefits provided to cyclists. This underlines that throughput for all users (cyclists, pedestri-
ans, and motorized traffic) is a crucial key performance indicator in intersection design and traffic light
management.

The last user groups that require consideration are emergency vehicles and public transport. For emer-
gency vehicles, reliable and fast passage through intersections is essential to enable firefighters, med-
ical personnel, and other first responders to perform their duties effectively [27]. In contrast, public
transport prioritizes service reliability over speed. For example, if a bus arrives early, waiting slightly
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longer at a red light can help maintain a consistent schedule, which can actually benefit overall reliabil-
ity. A study carried out in the Netherlands found that improvements in bus scheduling can be achieved
without additional cost, although this can result in increased delays for other road users [28].

3.1.3. Different views on key performance indicators

Municipalities play a key role in designing and implementing transport policies that are influenced by
a variety of political ideologies and public value frameworks. The choice and weighting of KPIs such
as safety, congestion, emissions, and economic efficiency often reflect the underlying values of the
governing political party and whether policy design is guided by an individualistic or a collective per-
spective.

For instance, left-leaning political parties, which prioritize environmental and social justice, are more
likely to focus on KPIs such as emissions reduction, public health, and transport accessibility. This
focus can translate into municipal policies like:

» Low-emission zones to improve air quality [3].

» Expanded cycling infrastructure and public transit subsidies to encourage sustainable transport
modes [29].

« Traffic calming measures to enhance pedestrian safety in residential areas. [30]

In contrast, liberal or economically focused parties tend to emphasize economic efficiency, congestion
mitigation, and cost-benefit ratios. Municipal policies under such leadership may prioritize:

» Smart traffic management systems to optimize flow and reduce congestion [31].
» Public-private partnerships for infrastructure investment [32].
» Road pricing or dynamic tolling to internalize the economic costs of road use [33].

Furthermore, research by Rienstra et al. (1999) highlights a shift in KPI prioritization when individuals
are prompted to consider societal rather than personal impacts. From a social perspective, safety
emerges as the top priority, followed by congestion and then emissions. Municipalities that adopt a
socially-oriented policymaking framework can therefore design initiatives that align with this hierarchy.
Policies might include:

+ Vision zero strategies to eliminate traffic fatalities and serious injuries [34].
* Integrated public transport and mobility hubs to reduce urban congestion [35][36].
» Urban greening and electric vehicle incentives to address emissions [37].

By explicitly linking transport policies to prioritized KPls, municipalities can ensure that their initiatives
are not only ideologically coherent, but also responsive to the public’s values, whether viewed through
an individual or collective lens. This KPI-driven approach to policy also enables more transparent
performance tracking and accountability.
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3.2. Uses of graph theory to find bottlenecks in the network
Traditionally, the fields of network design and traffic management have operated separately. However,
researchers are increasingly recognizing that closer collaboration between these domains can lead to
more effective solutions [38]. For example, G. Sarlas demonstrates that dividing a network into distinct
zones can provide valuable insight into how different parts of the system interact. This zonal approach
enables the identification of congestion hotspots by analyzing the network topology using betweenness
centrality (BC, see 3.1) [39].

This method leverages graph theory in combination with traffic measurement data to deliver a more
integrated assessment of traffic systems. One of the key contributions of this approach is the inte-
gration of multiple key performance indicators, which are often considered in isolation. Graph theory
helps identify the most critical sections of the network, allowing for more accurate, weighted KPIs to be
incorporated into the reinforcement learning framework.

For example, consider two stretches of road, one significantly more important to the network than the
other. The reinforcement learning algorithm would assign greater weight to the more critical segment,
leading to its performance improvement, even if it means a slight degradation in the less important
segment. This prioritization reflects a more strategic optimization of the overall network performance.

The indicators that will be used will range from once focused on the entire network to others more
zoomed in and focused on how a single intersection performs. [40] Mohammad Reza adds that using
graph theory allows the computer to find the theoretically most critical intersections. [41] The centrality
of a given vertex in the graph can help to find the weak points in the network. This is done by a measure
based on the number of paths that pass through it, this is called betweenness in the literature [39] [10].

ns,t
bi=> -~ (3.1)

Where nst are all the shortest paths through link i going from the OD pair s to t and n, . are all the
shortest paths from s to t (where s and t are all the origin and destination points). Therefore, a bridge,
for example, will have many shortest paths traversing this link. This shortest path does not take into
account alternative shortest paths that could be a valid alternative and just a fraction longer. C. Mylonas
adds that this can be multiplied by the volume of traffic to obtain a better value called the centrality of
the weighted betweenness of the volume of traffic [8]. When shortest paths are relatively similar, they
can be seen as a valid alternative and reduce the importance of that one link. The Wardrop assumption
that travelers choose the fastest available route is an example of an idealization [42]. To see which
node is the most important clustering is a very strong tool in networks to find the nodes that connect
to many people. In graphs that focus on relation between people, these are the people that connect
groups of people together. In the COVID-19 period this was called superspreaders [43], in other words,
the people who bridge friends’ groups. In the traffic network, these are the intersections that connect
the neighbourhoods to the larger network [9] [10]. As can be seen in Figure 3.1 the 2 nodes connecting
both groups are much more important for the network than the other nodes.
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Figure 3.1: Graph clustering visualization [44]

The Python library from netwrokx has already extensive tools to find these most important nodes [45].
This library allows for efficient finding the value of connectivity for all nodes in the network (values range
between 0 and 1). A low value represents an important node, the higher the value, the more connected
it is, and therefore has more alternative paths in case of disruptions.
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3.3. Traffic light control

Traffic lights play a central role in managing urban traffic flows. They balance conflicting traffic move-
ments across directions, prevent gridlock, and ensure intersection safety. Interestingly, the concept of
the traffic light dates back to early systems used to guide fishermen back to shore [46]. Since then,
traffic light systems have evolved through four key stages.

The first stage, as described in Smart Cities and the Importance of Smart Traffic Lights [47], is the fixed
signal controller. This system operates on a pre-defined cycle with fixed durations for green and red
phases, regardless of real-time traffic conditions. As a result, it can be inefficient, granting green time
to directions where no vehicles are waiting.

The second stage introduces adaptive timing using loop detectors embedded in the road. These detec-
tors allow the traffic signal to adjust green phase durations based on actual demand. Moreover, signal
groups can be skipped entirely if no vehicles are present, significantly improving efficiency over the
fixed-time model.

The third stage is characterized by queue-length-based coordination. At this level, traffic signals re-
spond to the length of vehicle queues at intersections. Furthermore, there is communication between
adjacent intersections, enabling coordinated control strategies along traffic corridors to improve overall
performance.

Finally, the fourth stage, which is the focus of this research, involves network-level coordination. In this
advanced system, traffic signals adapt based on traffic demands across multiple intersections simulta-
neously. The goal is to optimize performance across the entire network rather than at isolated nodes.
This level of control also incorporates broader KPIs, including emissions, safety, and equity. It aims to
create a more holistic and sustainable urban traffic management system.

3.4. RL to optimize traffic lights

Reinforcement learning has emerged as a promising solution for adaptive traffic signal control in urban
environments, addressing limitations of fixed-time systems. Recent surveys highlight increasing inter-
est in RL from both transportation and computer science fields, categorizing various approaches and
simulation tools like SUMO for performance evaluation [48].

Adaptive Traffic Signal Control (ATSC) systems powered by RL are crucial for managing congestion
in smart cities. Multi-agent architectures and several RL algorithms have shown effectiveness in im-
proving traffic flow [49]. Hierarchical Reinforcement Learning (HRL), in particular, offers adaptability by
breaking down complex tasks, outperforming traditional methods such as the Webster-based fixed-time
controllers [12].

Multi-agent RL systems with hierarchical structures and predictive capabilities using long and short term
memory (LSTM) networks have proven effective in coordinating multiple intersections, improving traffic
network efficiency [50]. A novel two-level HRL approach further enhances performance by optimizing
green phases and managing low-traffic periods with flashing modes, significantly reducing delays and
fuel consumption [51].

Reinforcement learning, especially in its hierarchical and multi-agent forms, shows significant promise
for intelligent traffic management. However, current models still face important limitations. Most RL al-
gorithms are primarily designed to optimize vehicle flow, often neglecting broader performance metrics
such as emissions, noise pollution, and equity. Moreover, safety is a critical concern: RL algorithms
must operate within predefined safe bounds to prevent dangerous situations from arising.

When additional factors like environmental impact or social fairness are considered, they are usually
assessed in isolation rather than within an integrated, multi-objective framework. This siloed approach
restricts the real-world applicability and long-term sustainability of many existing RL-based traffic solu-
tions.
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3.5. Summery and implementation for this research

This review of the literature has provided a detailed exploration of current research and methodologies
on traffic performance indicators, network bottleneck identification, and intelligent traffic control systems.
The insights gathered from this comprehensive review will be pivotal in the direction of the following
chapters of the thesis.

Initially, the identification of relevant KPIs for policy goals will inform the criteria used to evaluate and
optimize the proposed traffic management solutions. The diverse range of KPIs, spanning efficiency,
safety, social inclusion, and pollution reduction, will ensure a holistic consideration of the impacts of the
urban traffic system.

The findings on network-related KPIs and intersection-specific indicators lay the foundation for devel-
oping sophisticated traffic assessment models. These models will be crucial in pinpointing specific
areas within urban environments that need improvements, thus facilitating targeted interventions. The
multifaceted nature of these KPIs underscores the need for a comprehensive approach that balances
quantifiable measures such as travel time and congestion with qualitative aspects such as equity and
environmental sustainability.

The application of graph theory to identify network bottlenecks presents a robust method to scrutinize
urban traffic systems. The zonal approaches and centrality metrics discussed will be instrumental
in locating critical nodes and links that contribute to congestion. These insights will be used to design
traffic management algorithms that prioritize strategic network segments for optimization. This research
will expand the current mathematical formulation that exists surrounding these topics.

Insights into traffic light control systems’ evolution illuminate the importance of adaptive and network-
level strategies. The existing stages, from fixed signals to advanced network coordination, highlight
the inefficiencies of traditional models and the potential of innovative approaches. This understanding
will drive the development of a novel traffic light management system that integrates broader KPIs and
adapts dynamically to real-time urban traffic demands.

Furthermore, RL methods offer promising adaptive traffic signal control solutions. The literature points
to the efficacy of hierarchical and multiagent RL systems in enhancing traffic flow and network effi-
ciency. These advanced algorithms will be used to create a scalable and responsive traffic manage-
ment framework. This framework will go beyond vehicle flow, incorporating environmental, social, and
safety metrics into optimization processes, offering a more sustainable and equitable urban mobility
solution.

In summary, the insights from this literature review will be applied systematically throughout the remain-
der of the thesis. By integrating data-driven KPls, sophisticated graph-theory methods, adaptive traffic
control systems, and RL-based optimization, the thesis will propose a series of innovative solutions
aimed at significantly improving urban traffic management.



Model setup

This chapter outlines the essential framework and methodologies for evaluating and optimizing traffic
network performance. Building upon the comprehensive review of the literature in Chapter 3, it dives
into the specific themes, algorithms, and tools that underpin the model (outlined in Chapter 2). The
chapter is structured to guide the reader through the conceptual foundations of the framework, the
technical implementation details, and the practical applications of RL for traffic management.

Section 4.1, Introduction Framework: This section lays out the overall framework for scoring and opti-
mizing the transportation network. Identifies critical themes, including car traffic, bicycle traffic, public
transport, pedestrian traffic, noise, road safety, air quality, and equity, and explains how they are incor-
porated into the model using adjustable sliders. This part is particularly relevant for policymakers, as it
includes a visual representation of the iterative feedback loop and demonstrates how policy adjustments
impact the scoring mechanism. It also explains the rationale for maintaining constant parameters, such
as the OD-matrix and mode split, to ensure consistency.

Furthermore, this section delves into how metrics are calculated in Subsection 4.1.3, explaining the
procedures for converting values into scores ranging from 0 to 10. This subsection also outlines the
setup of the three different scenarios and how they relate to each other. In the final part of the section
(Section 4.1.4), the proposed dashboard functions are visualized to provide users with a clearer idea
of how the tool works and how they would interact with it.

Section 4.2, Graph Theory Learning: This section focuses on how graph theory is applied to identify
and prioritize network bottlenecks and critical nodes. It involves understanding the strategic importance
of various intersections and road segments. This part of the chapter is especially relevant for traffic
controllers, who need to be aware of potential bottlenecks and which parts of the network require extra
attention.

Section 4.3.3, Reinforcement Learning: This section is divided into two subsections. It highlights the
mathematical formulation of the RL approach and includes a textbox to assist readers less familiar with
the topic in understanding how the artificial intelligence agents are designed and behave:

» Local agent: Details the environment and mathematical formulation for optimizing traffic flow at
intersection level, including action space, reward mechanisms, and state transitions.

» Global agent: Discusses the broader environment and design considerations to optimize the
overall performance of the network using grid search and parameter optimization.

By the end of this chapter, a clear understanding is established of how the identified themes and KPIs
from the literature review are translated into an operational model. This model leverages reinforcement
learning to dynamically manage and optimize urban traffic systems.

15
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4.1. Introduction framework

Based on Chapter 3, eight key themes were identified as essential to evaluate network performance:
traffic by car, bicycle, pedestrian traffic, public transport, road safety, air quality, noise, and equity. The
first seven themes are considered the most directly relevant for scoring a transportation network. The
eighth theme, equity, is represented differently in the framework because it interacts with all user groups
as well as with other themes. For example, noise exposure, which may disproportionately affect lower-
income neighbourhoods due to poorer housing insulation.

Although equity is not yet fully implemented in this research due to its inherent complexity, it remains a
crucial aspect and is acknowledged as an important factor for future integration. In the current frame-
work, equity is assigned its own slider, allowing it to influence specific KPIs within the other thematic
categories. Each of the eight themes is equipped with an adjustable slider, enabling policymakers to
define the relative importance of each theme based on their goals. Sliders were deliberately chosen
for their simplicity and user-friendliness. They provide an intuitive way to experiment with policy trade-
offs without requiring technical expertise. Moreover, this design lays the foundation for more advanced
integration in the future.

This weighting process could be automated through tools such as questionnaires or large language
models. For instance, a user might simply input a command like: “I want a healthier city with more
cyclists and pedestrians,” and the system would automatically adjust the theme weights to align with
that vision. This would make the tool even more intuitive and accessible for municipal users.
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Figure 4.1: Framework overview

The framework (Figure 4.1) illustrates an iterative feedback loop in which policy adjustments influence
the scoring process. Based on updated sliders, the optimum is recalculated and a new traffic light
control scheme is generated. Then, this scheme is presented alongside its impact on various road
users and different parts of the network. However, for the purposes of this research, certain parameters,
such as the OD-matrix and mode split, remain constant, as previously mentioned. The latter helps to
improve consistency between different runs. The goal is to show that a holistic approach achieves
better results than looking at each intersection individually. The traffic lights are not only optimized for
throughput or traffic flow, but they are more focused on giving the best optimal solution for the entire
network. Reinforcement learning should help achieve the goals in the best way possible, as some of the
parameters are very complex. A deep neural network should be able to make sense of this complexity.
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4.1.1. Future Improvements to the dashboard
While the current dashboard allows users to set the relative importance of policy themes through ad-
justable sliders, there are several areas that could be enhanced in future iterations.

First, the dashboard does not yet support customization based on user groups (e.g., commuters, chil-
dren, elderly, or people with limited mobility). Although the equity theme is included in the framework,
it currently operates at a high level and does not capture the nuanced needs of different population
segments. Future research could expand on this by incorporating user-specific KPls, enabling a more
inclusive and socially responsive optimization process.

Second, while the implemented graph theory methods help prioritize intersections and road segments
based on their strategic importance within the network, the dashboard currently does not allow for
manual selection of specific roads or intersections by the user. Adding this feature would give munici-
palities and planners more direct control, especially in cases where local knowledge or context-specific
concerns (e.g., construction zones, schools, or hospitals) need to override algorithmic prioritization.

Incorporating these enhancements would significantly increase the dashboard’s flexibility and make it a
more powerful decision-support tool for cities aiming to tailor mobility policies to both spatial and social
realities.

4.1.2. Combined framework

When integrating the different KPlIs into the overall framework, the complete problem can be visualized
(see Figure 4.2). This figure provides a comprehensive picture of the problem. The pink boxes highlight
the two mean research questions. The box on the right represents the dashboarding system (number
1), designed to make the transport system easier to understand. It will show a single score for the
network, this score will give a meaningful value to see if the network improves or worsens. Meanwhile,
the box on the left illustrates the reinforcement learning programs (number 2), which will optimize the
score based on the assigned weights. This will be the structure of the traffic lights that leads to the
scoring of the KPIs. This loop shows that one cannot function without the other. Therefore, first the
scoring question has to be solved before reinforcement learning can start improving the overall score.
The blue box shows parameters that are left outside the scope of this research.

The KPIs are represented using three different colours:

» Orange: Indicates the KPIs related to the performance of a single intersection.
* Green: Indicates the KPlIs related to the overall performance of the traffic network.

* Pink: Represents the importance measure of each intersection or street. Graph theory is used
here to determine which intersections are more important than others.

As mentioned in Chapter 2 (Methodology), Code Il will be used to combine Score 1 and Score 2. The
score of each intersection will be multiplied by its corresponding importance factor. Similarly, some
network KPls, such as speed, will be multiplied by the street importance factor to give more weight to
streets that are deemed more important. These final network and intersection KPIs are then summed
to produce a final score. For this research, all KPIs within each theme are considered equally important,
although this weighting could be adjusted with minimal effort.
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Figure 4.2: Conceptual framework, number one indicates the dashboarding research question and number two shows the RL
based on the results from the dashboard

41.3. KPI calculation

To enhance the results and store data for different days, PTV VISSIM is linked to a Microsoft Access
database, which organizes all results into separate tables for each run. The runs used will be explained
at the end of this chapter. Python is then used to combine these various results, generating outputs
for each intersection. Network-wide performance metrics are provided at three different levels: the
entire network, each neighborhood, and some metrics that are even specific to individual links, such
as emissions and speeds.

For emissions, it would be valuable to incorporate the distance to people’s home/work as a weighting
factor; this approach could also be applied to noise levels. Although this is beyond the scope of the
current research, it should illustrates that integrating these factors could significantly enhance the tool’s
effectiveness.

41.3.1. Calculation

There are three different methods devised to convert the values into scores that can range from 0 to
10. The three methods are explained in more detail in Appendix C, method 3 will be explained in more
detail below as it was also applied for this study, the other 2 are primarily conceptually developed.

Table 4.1: Example converting KPIs value into scores

Travel Time (TT) Score
11.00 5.50
5.00 7.50
12.00 5.17
8.00 6.50
20.00 2.50
Total 5.43
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The original scenario is scored for all time intervals together (time interval five 5 min for this research).
The lowest value is equated to 2.5 and the maximum value is equated to 7.5. The remaining values
are assigned a value through linear interpolation between them. Below, a simple example is worked
out:

The new scenario is then scored using the same scale as the old scenario, which ranges from 0 to
10. Because both scenarios utilize the same scale, comparing them becomes much simpler and more
insightful. It's important to note that if the spread (range of scores) is very small, even slight improve-
ments can result in significant differences in scoring values. The overall score is calculated by taking
the average of all values.

Although more elaborate methods can be adopted to give more weight to busy periods, for simplicity,
the average is used. As seen from the table below, the overall scores have improved; however, the
improvement is not as significant as one might expect when looking solely at the absolute values.

Table 4.2: Example converting KPIs value into scores new and old scenario

Time TT (OLD) Score TT (NEW) Score
08:00:00 - 08:04:59 11 5.50 10 5.83
08:05:00 - 08:09:59 5 7.50 3 8.17
08:10:00 - 08:14:59 12 5.17 13 4.83
08:15:00 - 08:19:59 8 6.50 6 7.17
08:20:00 - 08:24:59 20 2.50 17 3.50
] Average \ 11.2 \ 5.43 | ] 9.8 \ 5.90 \

41.3.2. scenarios

To explore different urban mobility priorities, three distinct weighting scenarios reflect varying perspec-
tives on transportation and sustainability. In each scenario, weights are assigned to a set of key factors:
car, bicycle, pedestrian, public transport, road safety, air quality, noise, and equity. These weights in-
dicate the relative importance of each factor within the scenario.

Itis important to note that the absolute values of the weights are not directly significant. What matters is
their relative proportion—how much more or less important one factor is compared to another. Whether
all weights are set to 0 or 10, the final evaluation normalizes the total to 1, ensuring that only the relative
differences affect the outcome.

The three scenarios are chosen from the literature review.
Car-Focused: Prioritizes private car use, with all other factors receiving no emphasis.

» car focussed (car: 10, bicycle: 0, pedestrian: 0, noise: 0, equity: 0, safety of roads: 0, air
quality: 0, public transport: 0)

Balanced (traffic management as solution): Assigns equal importance to all factors, reflecting a
neutral stance that values all modes and outcomes equally.

* balanced (car: 6, bicycle: 6, pedestrian: 6, noise: 6, equity: 6, safety of roads: 6, air quality:
6, public transport: 6)

Green Mindset: Emphasizes sustainable and equitable transportation modes and outcomes, with a
lower weight for car use.

» green mindset (car: 1, bicycle: 10, pedestrian: 8, noise: 7, equity: 7, safety of roads: 7, air
quality: 10, public transport: 8)

These scenarios illustrate how different values influence transportation evaluation. Since these weights
determine the final score of the dashboard, which will be used as input for the global agent, they
consequently influence the RL model and the final DQN outcome. So different weights might also
produce a completely different RL program.
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4.1.3.3. Randomness and different runs

Given that the input for the simulation involves a value for randomness, which is used not only for the OD
matrix but also for elements like the car following model, it is crucial that both the old and new scenarios
have the same randomness. Comparing entirely different runs could lead to inaccurate conclusions.
Due to the lengthy nature of the simulation (especially when reinforcement learning is applied), it has
been decided to limit the scenarios to five simulations. The seeds used for the five scenarios are the
following: 3,6,9,12,15.

In theory, more runs should be performed but as was mentioned before due to time limitations less runs
were performed. The Table 4.3 shows the number of runs needed to determine whether the result is
significantly different, indicating that the measure has an effect. The table indicates that many more
runs should be permitted to be able to say if real improvements are made. Cohen’sd d is a measure
of effect size used to indicate the standardized difference between two means. This metric is widely
applied in fields such as psychology, education, and other social sciences to understand the magnitude
of differences, helping researchers determine not only the statistical significance, but also the practical
significance of their findings. Here’s a more detailed explanation of the commonly used values for
Cohen'sd [52]:

» A value of 0.2 represents a small effect size.
» A value of 0.5 represents a medium effect size.
» A value of 0.8 represents a large effect size.

Table 4.3: Required sample size for paired t-test at different significance levels and effect sizes (Cohen’sd)

Effect size (Cohen’s d) Significance = 0.10 Significance = 0.01

0.2 155 292
0.5 25 47
0.8 10 19

4.1.4. Scoring and visulatisation

An example of network visualization is illustrated in Figure 4.3. The dashboard is designed to provide
users with both a high-level overview and a detailed performance breakdown of the transportation
network, tailored for quick insights and in-depth analysis.
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Figure 4.3: Dashboard example
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On the left side of the dashboard, sliders are displayed for each major performance theme (e.g., cars,
safety, sustainability). These high-level sliders allow users to quickly assess and adjust the relative
importance of each theme. This first level of interaction is intentionally simplified to allow quick decision-
making and provides an immediate understanding of the overall behavior of the network. Itis particularly
effective for stakeholders who need a quick, yet informative snapshot of network performance.

Beneath this primary interface lies a second, more detailed level of configuration. Users can expand
each theme to view the individual Key Performance Indicators that contribute to it. Within this lower-
level interface, users can adjust the weight of each KPI within its parent theme. By default, all KPIs
within a theme are assigned equal weights, ensuring a neutral starting point for analysis. However,
these weights can be modified to reflect custom policy priorities or scenario-specific goals.

In the bottom left corner of the dashboard, two score boxes are shown: one for the old network and
one for the new network. These scores update dynamically as users adjust the theme and KPI weights,
providing immediate feedback on how changes in priorities influence overall network performance.

The graphs on the right side of the dashboard display the evolution of network performance over time,
segmented by category, and presented in 15-minute intervals. These time-based graphs, especially
relevant during peak periods such as the morning rush hour, offer users valuable insight into temporal
performance trends.

This comprehensive yet user-friendly structure allows the dashboard to serve as both a strategic tool for
high-level planning and a technical interface for detailed scenario tuning. The scoring generated from
this dashboard will also be used as input for the RL software discussed in the next section, providing a
direct link between policy-driven scoring and adaptive control strategies.
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4.2. Graph theory learning

Graph theory is a powerful tool for analyzing and comparing different intersections within a network.
Some intersections may score poorly in terms of influence on the overall network, which might not
be a major issue. However, even a small improvement at a highly important intersection can have a
significant impact on network performance. To evaluate this, Equation 3.1 is used to identify which
intersections are traversed by the shortest paths.

4.2.1. Alternative routes

In classical graph theory for transportation problems, analysis typically focuses on the shortest paths
in distance. The use in traffic engineering goes way beyond this only approach, but for route choice
problems the classical way is using Dijkstra to find the fastest route. However, in traffic engineering,
this assumption does not always hold, since other paths might be preferred by a user due to personal
preference even if it is not the fastest route. To manage computational complexity, only alternative
routes that are no more than 25% longer than the shortest route are considered (the detour factor
should be less than 1.25 = alternative route length / shortest route).

The value of 25% was chosen to limit the number of alternative routes, as this can grow rapidly in a
given network. Studies show that the average trip length in the Netherlands is approximately 19 km
[53], which corresponds to about 15 minutes of driving at 50 km/h.

To estimate the behavior of route choice, a logit model is used with the standard value of 5 = 0.1. The
probability of choosing a route is given by the following formula:
U; e BT

B o= S, el T BT 4 ¢ BTs

For example, if the main route takes 77 = 15 minutes and the alternative route takes at most 7T, =
1.25 x 15 = 18.75 minutes, the share choosing the main route becomes:

1 1 1
P = 1+ e B(T-T1) — 14 ¢ 01(1875-15) ] 4 ¢—0.375 ~ 0.592

This calculation shows that even an alternative route that is 25% longer still attracts a significant share
of traffic (about 40.8%, with these 2 routes). Therefore, the 25% threshold was chosen to strike a
balance between realistic route choice behavior and computational feasibility.

4.2.2. Mathematical formulation link importance

This is addressed through an importance function inspired by the betweenness centrality measure. The
function evaluates the number of alternative routes (n) and the total length from origin to destination
(1). The variable .} is a binary indicator equal to 1 if the route from origin o to destination d passes
through |ntersect|on i (the intersection of interest) on alternative n; otherwise, it is 0. If an OD pair has
only one available route, n can be ignored.

The function first accounts for the difference in length between alternatives and then includes a scaling
factor to normalize the average to 1. For example, if there are three alternative routes, each with a
different length, shown here: % + ﬁ + % = 1. Finally, the result is raised to the power of —3/2
to emphasize the preference for shorter routes and to reflect that travellers are more likely to choose
shorter paths, thus increasing the importance of intersections along those routes. The value estimated
to balance since -1 does not do anything and -2 was found to be to extreme therefore -1.5 was used.

Further research should examine if the value should be studied in more detail. As an example the split

; . 120/300)(=3/2)
can be calculated using formula 4.1: (120/300)(*3/%45(80//300))@3/2)+(100/300)(—3/2> = 0.24 the other ones
are equal to 0.32 (100) and 0.44 for the shortest route. So when a street has all 3 routes that pass
through a link, the value will be 1. When, for example, both routes with lengths 80 and 100 pass through

it, the link share will be 0.76 for the route.
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A final consideration is that it is preferable to have multiple routes that use entirely different intersec-
tions, rather than routes with significant overlap. In cases of overlap, if one intersection is blocked, all
alternative routes (detour factor < 1.25) will also be affected and delayed. Conversely, an alternative
route that follows a completely different path increases overall reliability, as it provides a true backup.
Since only routes that are no more than 25% longer are considered, any detour should not be longer
than the delayed original route. However, when significantly longer routes are included, it becomes
necessary to weigh the trade-off between overlap and detour length. This is an important aspect that
future research should further investigate. Therefore, each intersection will be assigned a different
value for each path. For example, there are 3 alternative routes but only 2 go via a certain intersection,
so this will result in (2/3)(3/2) ~ 0.54 whilst for the other intersection (1/3)(/2) = 0.19. This factor re-
duces the importance of an intersection if there are reasonable alternatives, since the sum is not equal
to 1 but here equal to 0.73. This shows that more alternatives routes only improves the reliability.

Impact))y = NoeO,Yde D,Yne N\Viel (4.1)
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When combining and simplifying the formula, the following equation can be found. The output of this
formula is a value of the importance of an intersection in a network. Indicating this intersection in a
different color allows for a better/deeper understanding of the network to better comprehend where
bottlenecks can occur and which intersection are of less importance. Rescaling the final values helps
to consider the importance of the KPlIs of these different intersections.
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Lastly, as was already mentioned in the literature review, the Python library for networkx allows for
efficiently finding the value of connectivity for all the nodes in the Network. This is used on top of the
equation 4.3.

For links, the same concept can be utilized as explained for nodes. The more links used for a given
path, the more important that link is 4.1. The more different alternative routes there are that use different
links, the less important a given link is (see equation 4.2). The only change is that =’} now refers to
an edge and not a node. ’



4.3. Reinforcement learning 24

4.3. Reinforcement learning

Reinforcement learning will use the final score given by the dashboard as a guiding principle to find the
optimal holistic solution. One single RL algorithm can be used to simulate episodes and learn from them.
The challenge here is that it could take very long for the software to understand what has impact on what
and even more time to effectively tune certain parameters. Learning the localized optimal traffic light
policy at intersection level without considering the dynamic impacts among intersection through a holis-
tic overview of the network, likely leads to a suboptimal solution. Therefore, this research proposes the
following structure; the structure has a global observer and a local node agent. The reward function in
our traffic signal control environment is designed to guide the agent toward efficient traffic management
by balancing multiple factors. These include encouraging vehicle throughput, reducing unnecessary
signal phase changes, minimizing vehicle waiting, and penalizing overly long green phases.

Destination

70km/h 50km/h qg

Origin

Figure 4.4: global observer is essential

The local agent operates using discrete time steps of one second. Although one second may be rel-
atively long for traffic light control, shorter time frames would significantly slow down the simulation
software, and larger time steps would reduce realism. Therefore, a one-second interval is chosen as
a practical compromise. Traffic signals remain unchanged within a signal group unless the local agent
actively intervenes to alter them. Driver behavior is managed by the microsimulation, ensuring realistic
traffic flow dynamics. While the local agent is updated at every time step to enable real-time responsive-
ness, the global agent is updated less frequently, currently once per simulation run, with the potential
to be updated every 15 minutes in future iterations. This setup reflects the distinction between the local
agent, which targets immediate operational efficiency, and the global agent, which aligns traffic control
with longer-term network-wide policy goals.

The states are measured for all 3 user groups (drivers, cyclists and pedestrians). It is assumed that the
factors mentioned above have the greatest impact on the traffic. The local agent will first train on these
simple states that can be evaluated every second. The problem is that the local agent will not focus
on the broader impacts for the network. Therefore, the global agent will counteract this by looking at
this final score when calculating all the different KPIs. An example is shown in Figure 4.4 where the
route is shorter via one route, but it might be preferred due to emissions and noise to give more green
time to the left turn. Therefore, a positive reward will be given when the local agent chooses that traffic
signal group (SG, signal group is a combination of movements). The latter is called "Signal reward”
(see figure 4.5), this could encourage drivers to use that specific routes. This signal reward is only
updated once each full simulation, while the other parameters about the traffic state are updated every
single time a decision is made (for this research every second).
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Full episode

v

Traffic state Signal reward

Determines action
reward

Choses optimal signal

Figure 4.5: Signal reward framework

4.3.1. RL Al structure

As shown in Figure 4.6, a two-level reinforcement learning structure is used. In this setup, the parent or
global host acts as an overseer, guiding and coordinating the actions of the local agents. A Q-learning
' table is not feasible since the solution space is enormously large; therefore, deep reinforcement
learning will be used to better deal with the complexity.

Global agent
Global agent

Sg reward Sg reward Sg reward Sg reward
LAL LA2
Local agent 1 Local agent 1 Localagent 1 Localagent 1
Network
score
Sg changes Sg changes Sg changes Sg changes
Traffic info Traffic info Traffic info Traffic info
LA3 LA4

Micro simulation

Every time step updated

Updated once per episode

Figure 4.6: Reinforcement learning framework

'Q-learning is a value-based reinforcement learning algorithm. The goal of Q-learning is to learn the optimal action-selection
policy for an agent interacting with an environment. The agent learns this by updating a table of values (called the Q-table) where
each entry represents the value of taking a particular action in a given state.[54]
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4.3.2. Local agent

This chapter will focus on the environment and the mathematical formulation of the reinforcement learn-
ing algorithm. This chapter will address how the local agent optimizes the traffic flow at intersection
level.

4.3.2.1. Environment for local agent

This research assumes that the widespread use of GPS and Bluetooth enabled devices in vehicles
allows them to communicate with traffic lights. As a result, traffic lights will receive information when a
vehicle approaches within a certain distance (smaller tham 150 meters?). However, it is not assumed
that these devices provide information about the full travel path of the vehicle. Although this may
become feasible in the future, it currently raises significant privacy concerns and is not realistic for
the foreseeable future. The data transmitted to the traffic light includes both the vehicle’s location and
speed. This functionality will be implemented in the simulation in a way that closely mimics real-world
conditions, ensuring that the agents trained in the simulated environment can be effectively deployed
in outdoor settings.

The intersection includes various road users such as drivers, cyclists, pedestrians, and buses. Traffic
light signals are numbered according to the CROW guidelines:

* Motor vehicle signals: numbered 1-12
* Cyclist signals: numbered 21-28
* Pedestrian signals: numbered 31-38

Each group, vehicles, cyclists, pedestrians and buses, is associated with queue lengths, waiting times,
and throughput. To reduce complexity, a predefined list of signal groups is used. This are possible
combination of traffic lights that will have green at the same time without conflicts. This significantly
limits the size of the action space by avoiding the need to consider all possible signal combinations.
Furthermore, the maximum intergreen time (the safety buffer between conflicting green phases) is
applied between transitions of signal groups.
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Figure 4.7: Naming of signal groups

2A distance of 150 meters is chosen because vehicles typically do not travel faster than 50 km/h when approaching a signalized
intersection. At this speed, a car would take approximately 9 seconds to reach the intersection from 150 meters away, giving
the traffic light sufficient time to detect the vehicle and respond accordingly. If two traffic lights are closer than 150 meters, the
software still functions but has less time to adapt. In such cases, combining the intersections into a single control zone could be
more effective and is likely to yield better results.
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4.3.2.2. Local agent design and behavior

The local agent is responsible for making real-time traffic control decisions at individual intersections.
Its primary objective is to respond adaptively to changing traffic conditions by managing the timing
and sequencing of signal groups. Operating on a fine temporal resolution, the local agent evaluates
traffic states at each second and decides whether to maintain the current signal phase or switch to
another. This decision-making process is informed by both immediate traffic conditions and longer-
term learning outcomes. To ensure safety, efficiency, and fairness across all lanes and all road users,
the local agent integrates a range of control heuristics, state observations, and reward mechanisms.
These components work together to enable dynamic, data-driven signal control that outperforms static
or pre-timed traffic light programs.

Action: Every time step, an action is taken to determine whether the traffic light should change. If
a change is initiated, the agent also selects which signal group (i.e., traffic movement or direction) to
switch to. Following this decision, the traffic signal enters the intergreen phase—a critical safety interval
designed to separate conflicting traffic flows during signal transitions.

Summary of mathematical formulation

The following chapter delves into the mathematical foundation of the reinforcement learning (RL)
model. The key takeaways are:
Local agent

* A neural network is employed to handle the high-dimensional input data.
» The input consists of a combination of detector occupancy and speed, the currently active

traffic light phase, and a timer indicating how long the current phase has been active.
» The reinforcement learning agent learns which actions yield the highest reward and selects

actions accordingly.
* The RL algorithm aims to optimize a balance between minimizing vehicle waiting times,

avoiding excessively long cycle times, and maximizing traffic throughput (see Equa-
tion 4.4).
Global agent

+ Sets the signal reward for an entire episode.
» A smart grid search is used to find the parameters that yield the highest reward. This
signal reward is a function that scales the reward for the local agent by a factor of 0.5 to
1.5 to adjust the attractiveness of certain actions.
» The solution space of the grid search is twice the number of signal groups. For 4 SG the
solution space is therefore a 8 dimension space.
Skip to Chaptre 5

The Q-value function is approximated by a neural network parameterized by 6:

Q(s,signal, time, a; 0) ~ DQN(s, Asq, Ti;0)a

Where:

* s: Input state (image tensor of detection and speeds);

» Asa: One-hot encoded signal vector (tensor of length L showing 1 if the lights is green, 0 other-
wise);

 T;: Time feature vector (tensor of length L where each element corresponds to the elapsed time
since the start of the intergreen phase for the i-th traffic signal phase);

* a: Action index.
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The return is estimated using the n-step return formula:

n—1

R§") = Z Yoreri +4"(1 — doneyy,) max Q(s¢4n,signal, ., time; ., a'; 67)
i=0 N

Where:

* ~: Discount factor;

* r,,;: Reward received at time step ¢ + 4;

* done;, € {0,1}: Terminal flag (1 if episode ended at time ¢ + n, 0 otherwise);
» 0—: Parameters of the target Q-network;

* Q(s,signal,time, a; 6~ ): Q-value predicted by the target network;

* o': Possible actions.

A fixed intergreen period typically consists of the amber (yellow) time and an all-red interval. Its main
purpose is to ensure that vehicles from the previous green phase have sufficient time to clear the inter-
section before vehicles from the next signal group receive a green light. This helps prevent collisions
and ensures safe and orderly transitions between phases. Importantly, the intergreen period does not
include the minimal green time for the new phase; it is purely a buffer to manage clearance between
conflicting traffic streams.

To make better use of the time spent in the intergreen phase, a heuristic is introduced to optimize
green time usage. This heuristic aims to maximize the effective green time by aligning the green phase
transitions in a way that minimizes lost time and leverages gaps in conflicting traffic flows (as illustrated
in Figure 4.8). Initially, the heuristic focuses on maximizing green time within the constraints of the
intergreen period itself.

Change Sg Future Sg

Figure 4.8: Heuristic intergreen maximisation, movement 1 has a conflict with cyclists movement 28 and both movements 1
and 2 conflict with pedestrians crossing in movement 31, Movement 7 is independent of all of them
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4.3.2.3. Reward

The reward functions are designed to range between -5 and 5. A value of -5 represents a harsh penalty,
while a reward of 5 indicates that the action was considered very good. When a signal switch occurs
(i.e., the traffic light changes to a different signal group), the agent receives a reward based on the
throughput achieved during that phase. This throughput is normalized by the simulation runtime and
adjusted by the number of lanes. The resulting value is then multiplied such that a throughput of one
vehicle per second results in a positive reward of approximately 1-2, which is considered a good action
(equivalent to 1,200 to 3,200 vehicles per hour, depending on the number of lanes; see [55]).

This normalization helps prevent the agent from always selecting signal groups with more lanes. To
balance this, the number of lanes is raised to the power of 1.5: this ensures that more lanes still yield
a higher impact, but the influence is less pronounced. If a phase change results in no vehicles passing
through, while vehicles in other directions are still waiting, a fixed penalty of -5 is applied to discourage
inefficient or premature phase changes.

—5, if (X, AT; = 0) A (X, Ci #0)
r = Z A,'Tl
51_57 -4, otherwise

Where:
+ AT;: Number of vehicles that passed (throughput) in lane i (3°, AT; = 0: No vehicle passed in
this step.).
* C;: Number of vehicles currently waiting in lane i (), C; # 0: At least one vehicle is waiting.).
 7: Duration of the current decision step (runtime).
* S: Number of lanes that are turned green.

To promote fairness in lane usage and avoid overload in specific areas, a secondary reward component
evaluates the traffic distribution across lanes that are not currently active. This is calculated using a set
of predefined lane weights and focuses on lanes that were not given green time in the current decision.
The weights are linearly distributed from start to finish to help the software understand that the closer
a car is to the traffic light the more certain it can be that the car is in the right lane. Let S ¢ REXE
be the detector data matrix, and W € RX*! be the weight vector applied to each row of S. Define
element-wise multiplication as S ® W, where each row i of S is multiplied by W;.

Let As¢ C{1,...,L} (C, means subset) denote the set of column indices corresponding to the active
signal group lanes.

We define the matrix A as the weighted detector matrix obtained by applying element-wise multiplication
of S'and W, with the columns indexed by Agc removed:

A= (S@ W)\ASG

The reward component r, based on unused detector activity is then given by:

- N_Zi,j Ay
g = — =)
N

Where:

» K: Number of detectors (rows see Figure 4.9), corresponding to positions along a lane (max 20).
» L: Total number of lanes using detectors (columns in the detector matrix shown in Figure 4.9).

« S € {0,1}%*L: Detector matrix indicating usage, where 1 represents an active detector and 0
represents an empty detector.

« W € RX: Weight vector applied to each row of S, linearly decreasing from 1.5 to 0.5.
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+ A € REXM: Weighted detector matrix after removing columns corresponding to the green lanes,
where M = L — |Agg].

« N = K x M: Total number of elements in matrix A.

A penalty has been introduced to prevent traffic signal phases from remaining green for too long. This
penalty increases with the duration of the green light but is capped to avoid excessively punishing
necessary long phases. It is applied gradually to help the RL agent better understand the trade-offs
involved.

For durations between 0 and 100 seconds, a penalty of 0.01t is applied. For durations longer than
100 seconds, the penalty is calculated using the formula 0.045t — 4.4, up to a maximum of 5, which is
considered significant. This formula was developed based on insights gained from testing the reward
function. The RL agent learns faster if the punishment is applied gradually rather than abruptly after
120 seconds with a fixed value. The maximum penalty of -5 is substantial compared to other rewards
and is therefore set as the upper limit.

Although the function is linear, the penalty for durations under 100 seconds is very small, starting at
a linear rate between 0 and 0.1 for the first 100 timesteps and then increasing linearly from 0.1 to 5
between 100 and 120 seconds.

P = min (5.0, max (0.001 - T3, 0.045 - T; — 4.4))

Where:

» P: Penalty term representing the cost associated with the duration of signal phases.

» T;: A vector of length . where each element corresponds to the elapsed time since the start of
the intergreen phase for the i-th traffic signal phase.

Additionally, when the agent chooses to extend the current green phase instead of switching to another
signal group, a small bonus is added to reward maintaining stable flow when it is beneficial. The value
of 3 is used exactly the same as the minimum green time for calculating this reward. This aligns with
the actual minimum green time used in the simulation and is intended to prevent the traffic light from
constantly switching between phases. Frequent switching could force drivers to brake unnecessarily,
reducing efficiency and increasing emissions. Instead, the agent is encouraged to recognize that allow-
ing vehicles to continue driving smoothly, while allowing a few others to wait briefly, is often the better
choice.
_ )3, ifswap = False
"7 Yo, ifswap = True

The total reward function therfore looks like this:

T=17T —+ ro — P —+ T3 (44)

Where:

» r; = Efficiency reward based on throughput and runtime, encouraging smooth vehicle flow.

* ro = Reward from weighted detector data reflecting under-utilized lanes.

» P = Penalty proportional to signal phase durations, discouraging overly long or inefficient phases.
» r3 = Bonus for extending the current green signal without switching, promoting stability.

To avoid switching to signal groups that do not have cars waiting, the timer is reset when there are no
cars waiting. This helps software to reduce unnecessary switching. From training it was established
that this was most important for intersection with a separate bus lane. Since these lanes see a bus
every 10-15 min, which is much longer than the 2 min maximum cycle time.

In general, the reward function integrates throughput efficiency, fairness in lane usage, penalization of
poor or excessive phase durations, and strategic encouragement of phase extensions to guide learning
toward optimal traffic signal control behavior.
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4.3.2.4. Next State / State Transition:

After an action is applied, vehicles move according to the new traffic light phase in Vissim. Queues are
updated, and the number of vehicles passing through the intersection is tracked. The traffic state is
recorded using 20 detectors placed sequentially from the signal (see figure 4.9). This setup envisions
a future where traffic lights and cars will most likely communicate (as mentioned in Chapter 1).

The detectors simulate near-field communication likely to occur between smart cars and smart traffic
lights in the future. Each detector is 4.5 meters long, with 2 meters of spacing between them. Given
that an average car is approximately 4.5 meters long and typically leaves a gap of about 1 meter in
front and behind, this setup effectively captures vehicle presence.

Downstream detectors could be added later to determine if a direction is blocked; by giving green
signals to other directions, it would prevent the intersection from being obstructed and avoid dangerous
situations. This enhancement could be incorporated into the framework at a later date.

The detectors not only indicate whether they are occupied, but they also record the speed of passing
vehicles. These speed and occupancy readings form a matrix that represents the “image” of the traffic
state. This method captures the flow of traffic approaching the intersection in high definition. In addition,
smart techniques have been implemented to handle diverging lanes more accurately.

As shown in Figure 4.9, point 1 illustrates an intersection where two lanes go straight from north to
south. In this scenario, it is assumed that vehicles turning west use the right lane (looking from the
driving direction), while those turning east use the other. Therefore, a car in the left lane (looking from
the driving direction) will not switch to lane 10.
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Figure 4.9: State representation local agent, red rectangles show the detectors in the simulation.

Point 2 in the figure shows a situation where 2 lanes diverge. For example, when a vehicle is upstream
of the blue detector in lane 5, it can still turn either north or west; this remains uncertain until the vehicle
makes a decision. However, by observing turning rate of vehicles in lanes 5 and 6, we can make an
educated guess about their intended direction.
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To the left of point 2, an array is displayed. This shows that after detector 10 in lane 6, detector 5,11
is used. The occupancy at detector 5,11 is then split according to expected traffic flows, providing a
more accurate representation of the state. The speed values are not split as doing so would reduce
the actual speed measurements, which would be unrealistic. Only the vehicle’s position is considered
uncertain when using this virtual queue approach.

4.3.3. Global agent

In addition to localized real-time control, a higher-level agent is introduced to optimize the broader per-
formance of the traffic network (see figures 4.5 and 4.6). This global agent oversees long-term strategy,
working above the local agents that operate individual intersections. By monitoring network-wide con-
ditions and aggregating data over time, the global agent is able to detect trends, evaluate policy-level
decisions, and adapt to shifting traffic patterns or priorities such as reducing emissions or prioritizing
public transport. This hierarchical structure enables a balance between tactical responsiveness and
strategic coordination, aligning local actions with overarching mobility goals. The following sections
describe the global agent’s environment, behavior, and integration with the local agents.

4.3.3.1. Environment for global agent

The global agent is designed to operate at a strategic level, leveraging aggregated performance indi-
cators to influence traffic signal control policies across the network. Rather than interacting directly
with real-time signal operations, the global agent evaluates system performance over fixed-length time
intervals, currently set at once per episode, although this is subject to further tuning (every 15 minutes
would be possibile), to inform its decision-making process.

The global agent’s environment is structured to reflect the cumulative behavior of all local agents oper-
ating at specific intersections, with performance data aggregated over each episode. This abstraction
enables the agent to evaluate broader system-level patterns rather than individual signal decisions. By
interacting with this summarized environment, the agent learns to adjust high-level priorities that guide
local behavior, creating a feedback loop between strategic intent and operational outcomes. The envi-
ronment, while simplified at the decision level, retains complexity through delayed, indirect effects and
changing traffic dynamics, making it a challenging but realistic domain for reinforcement learning.

4.3.3.2. Global agent design and behavior

Agent’s decisions are driven by a set of KPIs that collectively represent multiple dimensions of traffic
system performance, such as average vehicle delay, queue lengths, and emissions. These KPIs serve
as quantitative measures to evaluate and guide the traffic control strategy.

Each KPI component is assigned a weight reflecting its relative importance in the overall system ob-
jective. These weights enable the agent to prioritize different aspects of traffic management, allowing
flexible adaptation to changing policy goals. For example, shifting focus from minimizing delays during
peak hours to reducing emissions in environmentally sensitive zones.

To optimize these weights, the global agent employs a grid search method over a parameter space
representing possible weight configurations. Specifically, each KPI weight corresponds to a parameter
in a vector «, which scales the Q-values generated by the underlying reinforcement learning model.

By systematically exploring a discretized grid of these weights, the agent evaluates the impact of each
parameter combination on the aggregate KPI score through episodic interactions with the traffic envi-
ronment. After each iteration, the agent identifies the weight vector a* that yields the best improvement
in KPI performance.

Subsequently, the search space is progressively refined by narrowing the range of weights around o*,
with finer grid resolution applied in successive iterations. This progressive refinement via grid search
allows the agent to zoom in on optimal or near-optimal KP| weightings with increasing precision.

This approach not only supports adaptive tuning of system priorities in response to evolving traffic
patterns and policy demands but also maintains interpretability and modularity, as each KPI's influence
on the agent’s decisions can be explicitly controlled and analyzed.
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Let Q = [Q1,Q2,...,Qn] € RY denote the Q-values produced by the DQN, corresponding to N
number of actions (twice the number of SG). The global agent applies a parameterized scaling via a
vector a = [aq, g, . .., an], where:

o; €05,1.5] Vi=1,2,....N

The adjusted Q-values are given by element-wise multiplication:

Q=Qoa=[Q1 a1,Q2-as,...,Qn - an]

The action selection is based on Q’, which indirectly guides lower-level agents.

Let a*(¥) ¢ [0.5,1.5]" denote the best parameter vector found at iteration &, and let §;, be the search
half-range for that iteration. The grid at iteration & is defined as:

%

gtk = {a € [0.5, 1.5]N o = af(kil) +j-€k, jEL, |a; — oz*(kfl)\ < (5k}

where:

* 0p =1 - 0p—1 With 69 = 0.5, and n € (0, 1) controls the shrink rate of the search range,

* ¢, = n - €e,x—1 with initial resolution ¢y, and € (0,1) controls the refinement rate of the grid
resolution,

At each iteration, the agent evaluates all o € G(*) by cumulative reward:
Tt(a) = KPIt+1 — KPIt

T

o*®) = arg max ri(a)
aeg(k) —

This process continues until a stopping criterion is met (e.g., ¢, < 0.01), progressively narrowing the
search around the best-performing parameter region.

Explanation for the reward definition:

The reward function is defined as the difference between consecutive KPI values:
Tt(a) = KPIt+1 — KPIt

Rather than simply using K PI;; directly. This design choice emphasizes the incremental improve-
ment in system performance resulting from the agent’s actions, rather than the absolute KPI values at
isolated time steps. By focusing on the change in KPIs, the agent receives a clearer and more informa-
tive feedback signal that reflects how its decisions impact traffic conditions dynamically. This approach
helps avoid bias toward states with inherently high KPI values and aligns well with reinforcement learn-
ing principles, where rewards represent immediate effects of actions, enabling the agent to optimize
for continuous progress rather than static performance snapshots.
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4.3.3.3. State Representation

The global agent observes the state at the beginning of each episode, represented as a summary of
the performance metrics of the traffic network, specifically the aggregated key performance indicators
of the previous episode. This episodic formulation allows the agent to view each interval as a discrete
learning instance, capturing the strategic impact of its decisions over time.

Action Space:

The agent’s action consists of selecting a vector of parameters o = [y, as, ..., an] that scales the
Q values associated with the signal groups or timing strategies of N. Each parameter «; adjusts the
corresponding Q-value @Q;, effectively weighting the priority of each signal group. These scaled Q-
values guide local agents indirectly by influencing the relative importance of actions, without directly
prescribing signal timings.

Reward Function:

The reward at each episode is defined as the change in the overall weighted KPI score, reflecting the
difference in traffic performance before and after applying the parameterized Q-value scaling. Formally,
the reward is the following.

re(c) = KPli 1 — KPI,

where a positive reward indicates an improvement in system-wide traffic metrics, and a negative reward
discourages ineffective parameter settings.

State Transition:

At the end of each episode, the traffic environment is updated according to the cumulative effect of
the chosen parameter vector «. This results in new traffic states and KPI values that form the state
input for the next episode. The agent learns to associate parameter configurations with the resulting
performance outcomes, enabling adaptive tuning of signal priorities over time.

Parameter Optimization via Grid Search:

To optimize the parameter vector «, the agent performs a progressive grid search within a bounded
parameter space (e.g., o; € [0.5,1.5]). Ateach iteration, the agent evaluates a discrete grid of candidate
parameters and selects the best-performing vector a* based on cumulative rewards. Subsequent
searches focus on smaller neighborhoods around a* with a finer resolution, allowing the agent to zoom
in on optimal parameter settings.

Design Considerations:

This hierarchical design decouples global strategic tuning from local signal control. The global agent
optimizes high-level priorities through scalable Q-value adjustments, while local agents execute fine-
grained signal timing based on these priorities. The episodic delayed feedback loop captures aggre-
gated traffic impacts, requiring the agent to learn from system-level trends rather than immediate out-
comes. This enables robust adaptation under varying traffic demands and changing KPI weights, main-
taining modularity and flexibility throughout the traffic control system.



Results and Discussion

This chapter presents the results obtained from the simulation and analysis of the Almelo traffic net-
work. The findings are organized around key performance indicators. Various scoring methods are
applied to interpret performance levels in all scenarios. In addition, insights from graph theory and
traffic light control strategies are incorporated, including VisVap implementation, to provide a deeper
understanding of network dynamics and intersection importance. Lastly, the performance of the KPIs
will be compared with the performance when reinforcement learning is used.

The first chapter 5.1 will show the simple network that is used for the OD calibration in Appendix A, and
used to show the usefulness of graph theory in more complex networks. The Almelo network is the
main network that is used for graph theory and used for RL implementations. The network is simple
with six intersections on a 2.5 km stretch of road.

Secondly, understanding the structural and operational dynamics of a road network is crucial for ef-
fective traffic management and infrastructure planning. Graph theory provides a robust mathematical
framework for analyzing the topological properties of transportation networks, identifying critical nodes
and links that play a key role in maintaining overall connectivity and flow. In this chapter 5.2, graph-
theoretical techniques are applied to the Almelo road network to determine the relative importance
of intersections and road segments based both on their structural position and actual traffic demand.
This dual approach helps prioritize interventions in a way that reflects both the network topology and
real-world usage.

Third, the training and evaluation of reinforcement learning agents for traffic management at various in-
tersections. We begin with local agent training, where adjustments in reward functions were necessary
to address performance issues and avoid overfitting. Specific intersections, K23 and K35, required
tailored modifications to address their unique traffic flow complexities.

Next, we assess the performance of the global agent in three scenarios: Car-focused, balanced, and
green mindset, highlighting how municipal policies impact traffic optimization (see Figure 5.3.2). While
car-focused strategies show significant improvements, green-mindset approaches struggle due to in-
herent challenges in prioritizing pedestrian and cyclist traffic.

Finally, we compare performance metrics, discussing the trade-offs between efficiency and environ-
mental impact (see Figure 5.4). This chapter emphasizes the importance of a global agent in balancing
objectives and ensuring cooperative behavior among local agents for effective traffic management.

35
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Lastly, the dashboard provides geospatial data with time-stamped visualizations, enabling analysis of
CO4 emissions and traffic speeds in different road segments (Figure 5.3.1). Areas with fewer stops
show lower emissions, while intersections exhibit higher emissions as a result of frequent accelera-
tion and deceleration. It helps short-term planners, such as traffic operators, monitor real-time speed
fluctuations, identify bottlenecks, and evaluate adaptive signal control strategies using reinforcement
learning. For long-term planners, such as urban mobility strategists, it allows testing of RL-based traf-
fic optimization strategies to reduce emissions, travel time, and improve network efficiency, supporting
informed infrastructure and policy decisions.

5.1. Case study

In the microsimulation, two different networks were created. The first is a test scenario featuring a
simple network with four intersections and eight origin-destination (OD) pairs, as shown in Figure 5.1.
In this network, the traffic lights operate on a fixed schedule, which simplifies the analysis. The network
allows for alternative route choices determined by traffic demand on specific routes. Although easy
to construct, this network includes alternative routing options, which is essential to demonstrate the
benefits of graph theory. This scenario focuses solely on cars to illustrate the basic principles in action.
The simple network is used only to show that graph theory becomes more effective in complex networks
(see Appendix E). Due to time constraints, this network was not tested with RL but solely used for OD
calibrations and to show that the graph theory formulations are more useful when alternative routes are
available. RL was only applied to the Almelo network; therefore, further research is needed to show
the methodology works for networks with multiple options; many researchers use a 3x3 network which
would be ideal to test the improvements of the current setup.

The second network was chosen because buses are underutilized within this part of Almelo’s network.
This area contains many bus lines, making it particularly interesting to study. The network includes six
intersections and spans approximately 2.5 km, allowing analysis of trip travel times. It is also heavily
used during peak hours: in the morning, many people travel into the city, and the reverse occurs in the
evening. This segment of the network is multimodal, including pedestrians and cyclists. It is important
to note that these two user groups are modeled only near intersections for practical reasons. Modeling
cyclists across the entire 2.5 km would be time consuming, as it takes them significantly longer to
traverse the network than cars, and the computational load would increase significantly. Since this
stretch frequently experiences traffic jams at certain times of the day, there is significant interest in
exploring whether and how traffic conditions can be improved.

The second network is the Almelo network (Figure 5.2), and is part of the N road that leads to the
city from the east. This stretch of road is part of the collaboration Sweco has with the municipality
under the DAES project. Unlike the simple network, the Almelo network provides minimal alternative
route options. The network includes buses, pedestrians, and cyclists, adding an additional layer of
complexity. The inclusion of the other modes allows the dashboard to be fully utilized. In this network,
the traffic lights on the network have been upgraded to allow variable green times per signal group.
This means that when heavy traffic approaches, a signal can extend the green times. In addition, traffic
lights are designed to skip certain directions if one of the sensors does not detect traffic. More details
about these characteristics will be explained in appendix B.

Figure 5.1: Simple network Figure 5.2: Almelo network
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As mentioned above, the provincial road from the east that leads to Almelo, known as the N349 road,
was modeled using PTV Vissim. This route accommodates traffic from neighbouring towns, as well as
a significant volume of vehicles heading towards the highways on the opposite side. Traffic patterns on
this link vary notably between peak periods; during the morning peak, there is an influx of commuters
travelling into the city, while in the evening, this trend reverses as more individuals leave the city. Con-
sequently, traffic lights that can adapt to these fluctuations in demand have substantial potential to
improve traffic flow.

Furthermore, this section of the road passes through an urban area where noise pollution and air quality
are major concerns for residents and local authorities. The frequent congestion and vehicle platoon-
ing caused by current traffic light configurations not only reduce traffic efficiency but also exacerbate
environmental issues such as elevated emissions and noise levels. Addressing these factors is crit-
ical to improving both the quality of life in the urban area and the sustainability of the traffic system.
A municipal representative noted that current traffic lights contribute to congestion on this main road
and the formation of vehicles driving in platoons. For more information on this control structure for the
reference Almelo case, again see Appendix B.

fierden

Figure 5.3: Almelo area, red circle shows the N-road that connect neighbouring towns and connects to a small German city
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5.2. Graph theory results

This section applies graph theory to the road network of Almelo to identify critical intersections and
links based on both their structural role within the network and their operational usage. The analysis
begins by evaluating the topological importance of each road segment, measured by the number of
origin-destination (OD) pairs that rely on that segment to complete their trips. This provides a structural
perspective rooted in graph theory. This part section is not related to policies but purely based on
topology and demand. This to make an objective weighting on the network and to adjust the weights
so more important crossings will have an higher impact. As mentioned in chapter 4.1 for the slider
called Equity the weighting can be updated to adjust for user groups or demography of people living
nearby to make it even more complete.

To capture real-world traffic dynamics, this structural score is then combined with traffic demand data.
Specifically, each node’s importance is calculated using Equation 4.3, and then multiplied by the nor-
malized traffic demand. This results in a combined importance score that highlights road segments
which are not only topologically central but also heavily used. These values are derived from observed
data and are not based on predefined policy objectives.

Including these importance scores is essential. Without them, the analysis would treat all intersections
and road segments equally, potentially underestimating the impact of congestion or failure at highly
utilized and structurally central locations. This combined structural-operational approach enables a
more accurate identification of bottlenecks and helps prioritize interventions in traffic management and
infrastructure planning.

Intersection importance scores were computed using Equation 4.3 and weighted by normalized traffic
demand to reflect existing usage levels. Intersections already facing high traffic volumes are thus
recognized as being more prone to future congestion. As shown in Figure 5.4 (highlighted in gray),
graph theory proves effective in predicting these high-risk areas.

The importance scores also influence the calculation of Key Performance Indicators. Intersections with
higher importance contribute more to the overall KPI evaluation. For example, consider Intersection 1
with an importance value of 1.25 and a KPI score (e.g., for car performance) of 4, and Intersection 2
with an importance of 0.75 and a KPI score of 6. The weighted average KPI is calculated as:

(1.25 x 4) 4+ (0.75 x 6)
1.2540.75

Weighted KPI = = 4.75. (5.1)

This approach ensures that performance at more critical intersections has a greater influence on the
total network evaluation.

The six key intersections displayed in Figure 5.3 are mapped as a horizontal line in Figure 5.4. Traffic-
light-regulated intersections are shown in gray, while other nodes appear in black. The same equation
(Equation 4.3) is applied to determine the importance of both nodes and links. This highlights which
road segments and intersections are essential for ensuring smooth traffic flow and should therefore be
prioritized in operational planning.

5.2.1. Network analysis using only graph theory

As shown in Figure 5.4, all the routes at the end of the network that connect the origin-destination points
(1, 2, 3, ..., 19, 20, 21) are equally important, since the same number of OD pairs pass through them.
As mentioned above, the center of the network is not very complex, but it does illustrate the underlying
logic. In Appendix E, the system with multiple alternative routes is explained to show that it can also
deal with more complex networks.

An important consideration in this method is that the selection of the network boundaries significantly
influences the results. Specifically, links located on the periphery of the network will generally appear
less important than those in the center. Therefore, the placement of the cordon, that is, the delimitation
of the study area, has a substantial impact on the analysis. To address the issue that many origin-
destination pairs may have negligible actual demand, traffic volumes are incorporated in the next step.
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Despite this limitation, the method effectively demonstrates that if a particular link is blocked, a signifi-
cant number of users will be required to reroute. In cases where no alternative route is available, the
calculated importance of the link highlights its criticality within the network.

The Almelo network studied here clearly shows that the central links are the most important and that the
farther from the center the links are less important. This is because most OD pairs must pass through
the center to connect origins and destinations. The figure below clearly shows that both directions are
equally important, as exactly the same number of OD pairs pass through them.
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Figure 5.4: Graph theory has been applied to the Aimelo network, where the values of the links indicate the number of paths
that utilize a specific link (see Formula 4.3). The values for the nodes identify the most important nodes using built-in Python
functions (Networkx [45]).

5.2.2. Incorporating traffic demand

Graph theory alone does not provide the full picture, as it is also important to consider how many
vehicles actually use a particular road segment. In this case, the demand has been adjusted based on
the road segment with the fewest lanes. So the demand is based on segment between 2 nodes with
the fewest lanes. This is because once a bottleneck is established, congestion tends to spread more
quickly throughout the network. In this way, bottlenecks become even more apparent.

In figure 5.5, it can be seen that a large volume of traffic must travel from right to left in sections with only
one lane. In the center of the network, more lanes are available due to the short distances between
multiple intersections. However, this presents a limitation: When many lanes congregate in a small
area, weaving movements can occur, potentially increasing congestion. This effect is not considered
in the current analysis.

However, it is evident that crucial road segments are present both to the left and to the right of node
40, particularly when we consider the number of vehicles that must pass through these segments.
Therefore, these areas will require additional attention.
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Figure 5.5: Demand on links in Almelo network, vehicle per links in one hour.
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5.2.3. Combined analysis and bottelnecks and demand

When both figures (5.4 and 5.5) are combined, a more complete picture emerges. They are combined
by multiplying both values for demand and importance value. The figure 5.6 illustrates the difference
in traffic intensity between the west-to-east and east-to-west directions. However, it is important to
recognize that this trend reverses during the evening rush hour. This means that further analysis is
required to account for time-dependent demand patterns and directional traffic flow variations.

The most critical road segments to monitor are those near node 51, which score a relatively high im-
portance value of 4. This indicates that a significant number of origin-destination pairs rely on these
links, and its proper functioning is essential to maintaining overall network performance. On the other
hand, the least important links in the network score as low as 0.25, which means that only a very small
portion of the total traffic demand depends on them.

In addition to node 51, the area surrounding node 40 also contains multiple links that play a crucial role
in the network. If these links become congested, there is a high risk of a cascading effect, where traffic
jams rapidly propagate to adjacent links. Such gridlock scenarios can severely impact overall traffic
flow, particularly in networks with limited alternative routes or low redundancy. A point of criticism for
this approach is that the length of the link is not considered while this definitely increases/decreases
the change of a gridlock. Further research should append this term to the final Equation 4.3.

It is also worth noting that while the central part of the network tends to have more lanes and inter-
sections. This close proximity (which provides more flexibility in routing) of intersections can also lead
to increased stop-and-go waves. These movements can paradoxically contribute to the formation of
congestion rather than alleviating it, especially under fluctuating demand conditions. Although this phe-
nomenon is not explicitly considered in the current model, it represents a limitation worth addressing in
future studies.

In conclusion, by combining the importance of the graph-theoretic link with adjusted traffic demand data,
a more nuanced understanding of network vulnerability and bottleneck formation can be obtained. This
methodology not only highlights current critical links, but also sets the stage for evaluating the impact
of different traffic scenarios, such as time-of-day effects or infrastructure changes. Such insights are
valuable for traffic engineers and urban planners who want to design more resilient and efficient traffic
networks.
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Figure 5.6: Graph theory applied to Almelo network compensated for demand



5.2. Graph theory results 41

5.2.4. Bottleneck identification and discussion (simulation)

Increasing traffic volumes in the simulation reveals the initial bottlenecks. These bottlenecks are sig-
nificantly affected by traffic signal timings. If one direction has fewer green light durations compared to
another with equal traffic flow, it is likely to experience congestion more quickly.

The first bottleneck appears in the far west (see Figure 5.7), forming rapidly and becoming difficult to
clear once the narrow section is blocked. Near node 51 (Figure 5.7), this can lead to critical situations
if queues extend back to the intersection. The fact that graph theory identifies this link as the most
important and that it is the first to show congestion supports the method as a good early indicator of
network weaknesses.

Figure 5.7: Emerging congestion hotspots in the network under increasing traffic demand. The right-hand image represents a
lower demand scenario, while the left-hand image shows the network under higher traffic volumes, revealing the development
of potential key bottlenecks.

The second bottleneck occurs at intersection 23 (the second gray intersection, with a score of 0.226).
While Figure 4.3 suggested that congestion would probably start in the south, it was instead observed
from the north. This discrepancy highlights a key limitation of the current methodology near intersec-
tions. In future research, it is essential to incorporate the volume of conflicting traffic flows as well as the
traffic signal configuration. These factors can significantly influence the effective green time allocated
to each direction, and insufficient green time may result in severe delays.

Although both the northern and eastern approaches have four lanes, the northern approach is under-
utilized, mainly because no vehicles turn left from that direction. As a result, only three of the four lanes
are used effectively. In contrast, all four lanes from the east are fully utilized, distributing the traffic load
more evenly. This example illustrates a limitation of the current approach.

Further improvements could involve analyzing intersections in more detail, such as considering how
many lanes serve each direction and the number of vehicles per movement. With this addition, the
method could predict the congestion more accurately at intersections. Also incorporating the distance
between intersection would make the tool better in predicting problems. Since a blocked intersection
will give back spills forming a gridlock which is rather hard to solve and takes a lot of time before this
unwinds.
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5.3. Almelo network results

The training was performed on different machines to speed up computation time. Initially, each model
was trained individually, which took between a couple hours to around 36 hours for the most complex
intersection. The average speed decision was made is once every 0.0648 seconds which means that
a simulation of 1.5 hours takes approximate 5 minutes to run. Later, the intersections will be combined.
The final step is to train the global agent. Due to the limited time and substantial computing power
required, although a grid search is proposed, a few options are tested to evaluate whether this concept
is worth pursuing in future research.

5.3.1. Local agent training results (intersection Almelo)

All local agents were initially trained using the same reward function. However, minor adjustments
were necessary for the two-intersection scenario to improve performance. Figure 5.8 shows the learn-
ing curves for both intersections. The left-hand graph corresponds to a simpler intersection, which
converges more quickly to a satisfactory policy. In contrast, the right-hand graph depicts a more com-
plex intersection that exhibits a slower learning rate and signs of overfitting in later training stages,
evident in the downward trend of the overall performance score.

Overfitting" was not observed across all intersections but occurred primarily in cases with highly un-
balanced traffic flows or where one approach experienced minimal traffic. Prolonged training in these
situations led the agent to over-optimize for dominant traffic patterns, effectively "forgetting” to allocate
sufficient attention to underutilized lanes. This highlights the importance of balancing training duration
and reward function sensitivity for intersections with asymmetric or sparse traffic conditions.
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Figure 5.8: Reward improvements during training are correlated with decreased randomness. The red line represents the
reduction in randomness per run, while the blue line indicates the total reward gained by the RL program. The upward trend of
the blue line demonstrates that the agent is consistently pursuing actions that are deemed beneficial and yield high rewards.

5.3.1.1. Training results

Figure 5.9 shows the locations of the two intersections used for detailed evaluation. Intersection 35 is
the first major bottleneck in the network, as identified in the graph theory analysis. Intersection 34 was
selected as a comparison point because it initially performed well, making it interesting to assess the
extent of potential improvements through reinforcement learning.

TOverfitting occurs when the software has trained excessively on specific datasets, resulting in difficulties adapting to new
scenarios. Consequently, it learns actions that may be beneficial in certain situations but are generally considered incorrect. This
is evident when the reward function decreases, indicating that the software is pursuing overly restrictive actions.
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Figure 5.9: Locations of intersections used in local agent training evaluation.

At Intersection 35, the most apparent and impactful improvement is illustrated in Figure 5.10a, where
queue lengths are substantially reduced across nearly all time intervals. This reduction indicates that
the local agent has learned to manage green time more effectively and distribute it in a way that mini-
mizes build-up. In several instances, the average queue length decreased by more than 50%, a clear
testament to the agent’s proficiency in optimizing traffic flow.

These reductions in queue length yield notable downstream effects on environmental performance. As
shown in Figures 5.10c and 5.10d, there are meaningful drops in emissions under the RL-controlled
policy compared to the baseline. The emissions of CO, NOX, and VOCs exhibit significant decreases,
underscoring the environmental benefits of the optimized signaling approach.

Interestingly, an increase in throughput (see Figure 5.10b), although seemingly small, is visible at In-
tersection 35. During each timestep, there is an increase of around 10 vehicles processed, which is
significant in the long run. This incremental rise plays a crucial role in explaining the observed lower
emissions, as fewer stop-and-go waves result in more efficient traffic flow and reduced idling. Conse-
quently, the local agent’s optimization in queue management and emission reduction becomes evident
despite the intersection operating near its physical capacity.

However, even in a capacity-constrained environment, the agent demonstrates an ability to make more
intelligent phase-switching decisions. By allocating green time in a balanced manner that considers
the needs of all approaches, the agent effectively minimizes vehicle idling and optimizes secondary
performance indicators. This shows the agent’s capacity to enhance secondary KPIs such as queue
length and emissions, even when the primary metric of throughput hits a plateau, thereby significantly
improving the overall efficiency and sustainability of traffic operations at Intersection 35.
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Figure 5.10: Performance comparison of the local agent vs. baseline for Intersection 35, including queue lengths, throughput,
and emissions.

At Intersection 34, the situation is in stark contrast to that of Intersection 35. Figure 5.11b demonstrates
that the intersection is not yet operating at full capacity, which enables greater flexibility to improve over-
all traffic throughput. This untapped capacity allowed the reinforcement learning agent to significantly
increase the number of vehicles processed during the simulation. This is not what happened since
there is enough spare capacity that all vehicles still go through although more optimised flow still re-
duce pollution and waiting times.

In addition to small throughput gains, Figure 5.11a indicates that queue lengths are generally reduced
across all intervals, which is encouraging for traffic management. However, the presence of two pro-
nounced spikes in the queue length trajectory reveals moments where the agent made less effective
decisions. These temporary inefficiencies suggest that the agent’s policy is not yet fully stable and
would benefit from additional training epochs to better handle edge cases or infrequent traffic patterns.
Still, this is a good result and underpins that even though all cars are processed, the way cars are
processed can still affect the waiting times.

Despite these anomalies, the overall performance trend remains positive. The smoother flow achieved
under the agent’s policy contributes to a reduction in stop-and-go waves, which are known to signifi-
cantly increase emissions due to frequent acceleration and deceleration. This improvement in flow ef-
ficiency is corroborated by Figures 5.11c and 5.11d, where both baseline and RL-generated emissions
are compared. The agent successfully demonstrates its ability to improve environmental sustainability
by reducing emissions while simultaneously minimizing delays.

Furthermore, although the original system manages to process all vehicles, the data suggest there is
room for significant improvement in reducing queue lengths, highlighting the effectiveness of the RL
agent in optimizing traffic management strategies at Intersection 34. This adaptability and potential
for refinement make the reinforcement learning approach a powerful tool for future traffic solutions,
capable of tackling diverse and dynamic traffic situations.
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Figure 5.11: Performance comparison of the local agent vs. baseline for Intersection 34, showing queue lengths, throughput,
and emissions.

It is important to note that not all intersections exhibited improvements as significant as those shown
above. In cases where traffic inputs were highly imbalanced, such as one or two approaches receiving
the vast majority of vehicles, reinforcement learning agents sometimes struggled to generalize effec-
tively across all phases. Despite these challenges, the overall results remain highly promising. Even
under complex and uneven traffic conditions, the trained local agents demonstrated the potential to
enhance traffic flow efficiency and reduce emissions, making this approach a strong candidate for real-
world deployment.

5.3.1.2. Key insights gained during training

During the training process of the Deep Q-Network agent, several valuable insights were discovered.
These findings provide a deeper understanding of the dynamics involved in training reinforcement learn-
ing models for traffic control systems.

One of the most prominent insights is that the fewer signal groups there are, the faster the agent is able
tolearn. This is a logical outcome, as the complexity of the decision space is reduced with fewer groups,
resulting in a more efficient learning process. However, increasing the number of signal stages from
four to five leads to a disproportionately longer training time, exceeding 135% of the original duration.
This increase is attributed to the expanded state and action space, which significantly complicates the
learning task for the agent.

Another important observation is that DQNs struggle with large negative values. This becomes partic-
ularly problematic when the magnitude of these values is extreme. Similarly, extremely large positive
values can introduce significant instability into the learning process. Therefore, it is critical to normalize
reward values to ensure numerical stability and maintain effective learning performance.

Given that a single simulation can take between 5 to 10 minutes depending on the device used, it
is essential to optimize the training process for efficiency. Reducing the number of unnecessary or
random actions helps in accelerating convergence and makes better use of computational resources.
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During early training episodes, when epsilon (g, the exploration rate)is still high, the local agent tends to
take random actions the entire time. These random decisions often lead to illogical behavior, which can
cause traffic congestion and even gridlock situations. Once a gridlock occurs, it becomes extremely
difficult for the agent to learn effectively due to the lack of actionable feedback.

To address this, it is essential to gradually increase traffic demand in proportion to the decrease in
randomness (€). This ensures that the agent is not overwhelmed during early training phases and that
learning remains possible and effective. Preventing complete system standstills is critical for allowing
the agent to evaluate the consequences of its actions correctly.

The discount factor () plays a vital role in helping the agent evaluate the long-term impact of its actions.
In reinforcement learning, gamma determines how far into the future the consequences of a current
action are considered. For traffic control applications, this becomes especially important because the
state of traffic can change significantly from one moment to the next.

Based on the experimental results, a discount factor between 0.8 and 0.85 was found to be ideal for
the current setup. This value strikes a balance between considering the long-term impact of actions
and maintaining the relevance of immediate outcomes. For instance, with v = 0.8, an event occurring
11 steps in the future retains approximately 10% of its original influence, which aligns well with the
decision-making needs of the agent in this environment. A higher v could lead to an overestimation
of long-term rewards, potentially destabilizing learning in environments with high variability, such as
intersections with dynamic traffic patterns.

It is important to note that the optimal choice of ~ is closely tied to how far into the future the agent can
effectively "see,” which in turn depends on the physical characteristics of the traffic system, specifically
the placement of detectors and vehicle speeds. In this experiment, the detector range was 120 meters,
and vehicles were assumed to travel at 50 km/h. At this speed, a vehicle would be detected approxi-
mately 9 seconds before reaching the traffic light if it did not decelerate. Given that the reinforcement
learning agent operates with a time step of 1 second, using a ~ that effectively looks 11 steps (or 11
seconds) ahead is consistent with the observable environment.

However, if the detector range were extended or if vehicle speeds differed significantly, the discount
factor would need to be adjusted accordingly. Additionally, if the time step was shortened, for example,
from 1 to 0.1 seconds, the agent would need to look over 100 steps ahead to cover the same 9-second
planning horizon. Thus, the choice of v must be carefully calibrated to reflect the temporal and spatial
resolution of the traffic system in which the agent operates.

5.3.1.3. Reward function adjustments for specific Intersections

Finally, the reward function was slightly modified for two specific intersections. It is no coincidence
that both of these intersections were also discussed in the chapter on graph theory, as they represent
structurally complex cases within the traffic network.

The first intersection, referred to as K23, is characterized by two highly dominant traffic flows (see
white and black arrows in Figure 5.12). Due to the larger number of lanes in one direction (particularly
the north-south corridor), there is naturally more throughput on that axis. Although the model corrects
for the number of lanes, the structural imbalance in the intersection remains difficult to fully neutralize.
Since there is a lot of traffic east-south but not as much south-east, making this hard for the program
to interpret.

A significant portion of vehicles travel east-west and vice versa, especially on the east side. This
imbalance frequently results in long queues forming. Once a queue reaches the single-lane segment
near the intersection, the situation rapidly deteriorates, causing a bottleneck that the agent fails to
resolve efficiently.

To address this, an additional penalty was introduced to the reward function whenever a vehicle was
detected standing still on the last detector (furthest upstream). This change prevents the formation of
queues beyond the detection zone. Without this penalty, the neural network had learned that queues
behind the detectors were not penalized, and thus not relevant to the reward. As long as visible queues
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(within the detection range) were cleared, the agent would receive a high reward, even if there was
significant congestion just outside its perception range.

The adjusted reward function ensures that such backlogs are now included in the optimization process,
improving the agent’s ability to manage traffic more holistically at this intersection.

Figure 5.13: Reinforced reward for the dominant east-west flow at intersection K35 to prevent counterproductive switching.

The second intersection, K35, experiences a high volume of traffic moving in the east-west direction.
This intersection suffered from a similar issue to K23, where queues would extend back into a single-
lane road segment, effectively blocking upstream traffic and making recovery very difficult.

The core of the issue lies in the fact that very few vehicles travel from west to east. As a result, the
reward associated with the main east-west movement was underestimated by the DQN. Consequently,
the traffic light frequently switched to allow non-dominant flows (such as north-south), even when the
demand was relatively low. This frequent switching led to interruptions in the more critical east-west
flow, eventually resulting in severe congestion.

To resolve this, an additional positive reward was assigned to the signal group responsible for the east-
west movement. This adjustment helped the agent better learn the importance of maintaining flow in
this dominant direction, reducing unnecessary interruptions and improving overall traffic efficiency.
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5.3.2. Global agent results (network Almelo)

In this section, the performance of the global reinforcement learning agent is evaluated in three distinct
transportation scenarios - Car Focused, Balanced, and Green Mindset - within the Almelo network.
These scenarios reflect different prioritizations of mobility factors such as vehicle flow, environmental
impact, and equity among road users. By comparing the performance of the global agent with the
baseline network configuration (VisVap), this analysis highlights the critical role of a global agent in
balancing competing objectives and avoiding tunnel vision in traffic optimization. The section further
explores the impacts of various policy adjustments implemented by the agent, providing insights into
their effectiveness and trade-offs in real-world traffic management.

5.3.2.1. Scenario descriptions and weights

It is important to note that the car-focused scenario presented here is not intended to reflect a realistic
or desirable traffic management strategy. Instead, it serves solely as a testing case to examine the
behavior of the system under extreme conditions. For example, assigning zero weight to cyclists and
pedestrians can lead to highly unrealistic outcomes, such as these modes of transport never receiving
a green signal, an outcome that would be unacceptable in any real-world application.

The purpose of this approach is to test the limits of the methodology and to underscore the importance
of a more holistic perspective. As previously explained, the three different scenarios, Car-Focused,
Balanced, and Green Mindset, have been designed to demonstrate the necessity of employing a global
agent. Without a global view, an agent may become narrowly focused on optimizing a single objective
(such as minimizing car delay), leading to tunnel vision and suboptimal outcomes for the overall system.
Each of these scenarios will be discussed in detail in the following section.

Table 5.1: Comparison of transportation mindsets across key factors

Factor Car Focused | Balanced | Green Mindset
Car 10 6 1
Bicycle 0 6 10
Pedestrian 0 6 8

Noise 0 6 7

Equity 0 6 7

Safety of Roads 0 6 7

Air Quality 0 6 10
Public Transport 0 6 8

5.3.2.2. Baseline performance of the old network

All three scenarios will be evaluated against a baseline scenario developed using VisVap, which repre-
sents the original network configuration. As outlined in the Method chapter, the VisVap output is scored
on a scale from 2.5 to 7.5 for each time step using Method 3. 10 means that the score is optimal given
the original situation and zero means that the KPI worsened significantly. This scoring approach en-
ables a consistent evaluation of each individual scenario, Car-Focused, Balanced, and Green Mindset,
allowing for a direct comparison of their performance over time and highlighting the impact of different
traffic management strategies.

When evaluating the performance of the old network scenario, the following results were observed (see
table below (5.2)). It is evident that this network performs best in a Car-Focused mindset, scoring 5.73,
which is higher than 5.34 and 5.27 for the other policies. Almelo has a Car-Focused mindset, and the
street is designed as a major artery into the city. This alignment with expectations is not surprising, as
the network was originally designed as a connector road, prioritizing vehicle flow. Consequently, when
more weight is given to factors such as noise or pedestrian-friendliness, the network score will be lower.

The Green Mindset scores the worst, primarily because the car, which is the best-performing KPI, only
accounts for 1.7 percent of the final given this policies (Table 5.1). As figure 5.14 illustrates, pedestrians
and cyclists score the worst; therefore, they drag down the overall score. When they are given more
weight in the green scenario, they lower the overall score. This logical result demonstrates that even a
single aggregated score can offer meaningful insight into network performance.
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Table 5.2: Comparison of transportation mindsets with average final scores, the higher the score the better the score is with a
maximum of 10

Scenario | Car Focused | Balanced | Green Mindset
VisVap 5.73 5.34 5.27

Looking at the simulation in more detail reveals several noteworthy patterns (see Figures 5.14). One
of the clearest trends appears in the emissions score, which shows a gradual deterioration over the
course of the morning period (Figure 5.14b). This outcome is expected: the simulation starts at 08:00
when the network is still relatively empty, and as more vehicles enter the network, especially between
08:10 and 08:25, the emissions increase accordingly. Importantly, this increase is not due to higher
average speeds, which typically correlate with more aggressive driving and thus greater emissions.
Instead, it is the increased volume of cars that leads to higher cumulative emissions.

Between 09:00 and 09:20, an interesting interaction emerges between the car, cyclist, and pedestrian
scores (Figure 5.14a). During this period, as car performance lowers, there is a notable increase in
cyclist and pedestrian scores. This inverse relationship suggests that the traffic light logic prioritizes
certain user groups at the expense of others. Specifically, when signal timings are adjusted to favor cars
(e.g., longer green phases for motor vehicles), vulnerable road users, such as cyclists and pedestrians,
are subjected to longer waits or more frequent interruptions. This trade-off becomes apparent when
car scores drop after 09:00, coinciding with one of the highest points in pedestrian performance.

The noise and emissions results (Figure 5.14b) are somewhat inversely related, although not in a
straightforward way. Normally, one can expect noise levels to increase with speed, whereas emissions
can vary depending on acceleration, stop-and-go behavior, and engine efficiency. In this case, the
noise levels actually show a slight improvement over time, likely due to the reduced speeds caused
by the growth of congestion. However, the expected sharp decline in noise does not occur, probably
because the increase in vehicle volume offsets the quieter conditions created by slower traffic. This
suggests a complex interplay where increased congestion reduces speed-related noise but amplifies
the overall ambient noise due to sheer volume.

Figure 5.14c shows that the equity score remains perfectly flat throughout the simulation. This is by
design: All intersections were preconfigured to give priority to emergency vehicles and buses. Since
this configuration is uniform across the network and does not change during the simulation, the equity
metric is constant and offers little additional insight under these conditions.

The public transport performance score, however, tells a very different story. Its highly volatile behavior,
featuring sharp peaks and valleys, can be explained by the infrequency of bus arrivals. At times when
no bus is present on the network, the metric appears favorable. But when a bus does appear, its
performance significantly drags down the score, likely due to delays, interference from other traffic, or
unfavorable signal timing. This lack of consistent bus service creates an unstable performance profile.

The safety score presents a less intuitive pattern. A steep decline is visible between 08:00 and 08:07,
likely attributable to an early-phase shift as vehicles begin to populate the network. As traffic stabilizes,
the safety metric levels off quickly and remains relatively stable for the remainder of the simulation. This
suggests that after an initial adjustment period, variations in speed and interactions between modes
of transport become limited, resulting in fewer fluctuations in perceived or modelled safety conditions.
Higher fluctuations in this metric was expected but could not be seen.

It is important to note that the results presented are based on a limited number of simulation runs
(5), which may affect the clarity and consistency of certain performance indicators. For example, the
safety metric, which is inherently sensitive to rare events and localized interactions, may not exhibit a
clear or stable trend when only a few runs are aggregated. Since safety results can vary significantly
depending on small changes in vehicle behavior, pedestrian movements, or signal timing, a limited
dataset may obscure underlying patterns or exaggerate short-term fluctuations. Consequently, some
of the observed stability or variability in the scores (Figure 5.14c) should be interpreted with caution,
as it could be influenced more by sampling limitations than by the actual dynamics of the system.
Additional simulation iterations would help smooth out these inconsistencies and provide a more robust
understanding of safety performance across the network.
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Figure 5.14: Combined results from the old scenario across different metrics.

5.3.2.3. Impact of global agent policies on performance

The three columns in Table 5.3 represent different municipal policy mindsets: Car-Focused, Balanced,
and Green Mindset. These mindsets reflect the priorities assigned by municipalities through weighted
values. The rows represent different signal control strategies implemented by the global reinforcement
learning (RL) agent, which adapts traffic light timing based on various assumptions about policy objec-
tives. These strategies test how well the network performs under different implementations, depending
on the municipality’s selected priorities.

The VisVap row shows the baseline performance for each policy scenario, using the original network
configuration without adaptive reinforcement learning. The three RL-based strategies: Car First Poli-
cies, Only RL, and More Swaps demonstrate how different control logics impact network performance.

In the Car-Focused mindset, the RL agent significantly improves the score, particularly when applying
the Car First policy, achieving the highest value (6.43). This indicates that when the agent’s behavior
is closely aligned with the municipality’s priorities, it can effectively optimize traffic performance.

In the Balanced scenario, the results are mixed. The Car First policy yields a slight improvement over
VisVap (5.34 vs 5.32), while other strategies perform similarly or slightly worse. This suggests that even
in a balanced context, policies favoring smoother car flow may indirectly benefit broader indicators like
noise, emissions, and safety, due to reduced stopping.

The Green Mindset scenario yields the most unexpected outcome. All RL strategies underperform
compared to the VisVap baseline. Even though pedestrian scores show marginal improvement, the
overall scores decrease. This is largely due to the high volume of cars in the network, which pass
through multiple intersections and heavily influence global KPIs. The current reward functions used by
the RL agent still prioritize vehicular flow, and thus struggle to adapt effectively to a pedestrian- and
cyclist-oriented policy.

It is important to note that the chosen RL strategies were based on an educated guess of what might
perform well under each policy mindset. Conducting a full grid search to comprehensively tune the
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global agent would have been prohibitively time consuming. Therefore, the underperformance of cer-
tain strategies, particularly under the Green Mindset, likely stems not from a fundamental flaw in the RL
approach but from the difficulty of correctly anticipating optimal control behavior in complex systems.
This highlights that while traffic management strategies may seem straightforward at a conceptual level,
their underlying dynamics are far more intricate and challenging to grasp without systematic tuning. The
fact that the car policy does show real improvements does indicate that the global agent does perform
it functions which give confidence that improvements are possible for the green mindset with a more
intricate update RL strategy.

These findings underscore the importance of carefully aligning the agent’s reward functions with the
intended municipal policy goals. Future research should explore how a global agent can be better
adapted to reflect more equitable traffic management priorities, ensuring fair consideration of all road
users.

Table 5.3: Comparison of transportation mindsets with average final scores

Scenario Car-Focused | Balanced | Green Mindset
VisVap 5.73 5.32 5.25
Car first policies (RL) 6.43 5.34 519
Only RL 6.25 5.31 5.19
More swaps (RL) 6.1 5.28 517

5.3.2.4. Performance metrics and trade-offs

The figure below shows that there is a performance boost when evaluating the system using RL. An
increase in traffic performance of cars can be seen. However, this comes at the cost of a slight in-
crease in noise pollution (although the change is minimal). It is also evident that emissions increase.
A decrease in safety can also be observed, due to the proximity of intersections and the greater varia-
tion in vehicle speeds, caused by cars that need to brake more frequently when approaching red traffic
lights. These trends clearly indicate that reinforcement-based traffic lights perform better when focused
solely on car-related performance metrics. Cyclists, in particular, are negatively affected, as they often
experience longer waiting times due to the longer cycle lengths in the updated traffic signal strategy.
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Figure 5.15: Comparison of OLD vs RL methods across car results and safety noise performance.

The Balanced scenario shows only a minimal decline in performance, with the overall score dropping
slightly from 5.34 to 5.31. This reinforces the idea that the mother agent is essential for balancing the
objectives of the local agents and mitigating the selfish behavior they may otherwise exhibit. For the
other two scenarios, the concept of the global agent has been elaborated upon to show that it indeed
leads to an improvement in performance scores.
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5.3.2.5. Policy-specific observations

In the Car-Focused scenario, a deliberate design choice was made to provide additional rewards to
vehicles traveling along the main corridor. Due to time constraints, a full training cycle could not be
completed. Instead, a shortcut was used: the reward signal for the relevant signal groups was in-
creased by 5 to 10%, making these signal phases more favorable. While this approach does not
replace a complete training process, it serves as a reasonable approximation to simulate the intended
behavior. As shown in Figure 5.16a, the network maintains a steady performance level, indicating that
congestion is effectively avoided.

As seen in Table 5.3, the green policies are not particularly effective. Frequent switching between
signal phases results in vehicles stopping more often, which explains the significant fluctuations in
emissions. Safety also declines due to increased variations in vehicle speeds. Furthermore, because
the VISSIM model lacks long stretches of dedicated cycling paths and pedestrian walkways, the impact
on pedestrians is relatively limited. The complex behavior of cyclist and pedestrian platooning is not
well captured in the current setup, reducing the insightfulness of the related indicators. Further research
is needed to better model and evaluate these aspects.
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Figure 5.16: Comparison between old network and green-optimized network

In fact, it appears that the global agent will be an essential component in further research, especially
when considering the broader aspects of mobility. The global agent, by focusing on coordination and
making adjustments where necessary, encourages thinking in terms of a collaborative system involv-
ing various key components (in this case, intersections). In addition, the global agent ensures that
long-term goals are maintained by providing insight into the dynamics of the complex network. The
global agent training will take longer, so more efficient tools will need to be used. The result do show
that the global agent is important to keep the egoistic behavior of the local agent in check to improve
cooperation.
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5.4. Key insight of the visualization of the dashboard

The developed tool provides geospatial data output, enabling more visual inspection of the results.
This geospatial data is also time-stamped, allowing changes over time to be analyzed. Figure 5.17
shows the emissions per segment of the lane. As expected, road segments where cars can drive
without frequent stops, such as those without traffic lights, tend to have lower emissions and, therefore,
appear in lighter colors. In contrast, intersections involve frequent acceleration and deceleration, which
explains the higher emissions observed there. As discussed multiple times in this research, the morning
peak traffic demand is mainly directed from east to west, which is also reflected in the figure below.

SRR

Figure 5.17: CO emissions per lane segment, darker colours means more emissions and yellow means less emissions

The figure below displays the speed of each segment of the link over time, offering valuable information
on how traffic conditions evolve throughout the day. This dynamic visualization is especially useful for
both short- and long-term planners.

For short-term policy makers, such as traffic operators and incident managers, the ability to observe
speed fluctuations in near-real-time provides a clear view of where and when bottlenecks occur. By
simulating RL-based traffic control strategies under varying demand conditions, they can assess how
well the system adapts to real-time fluctuations. This helps answer the question of how RL-based
simulations can mitigate delays and improve traffic flow at the intersection level. The interactive nature
of the tool, including features such as time window sliders, allows these planners to pinpoint critical
time windows, identify the effects of sudden demand spikes, and evaluate the effectiveness of adaptive
signal control strategies in real-world scenarios.

For long-term planners, such as urban mobility strategists and infrastructure investment decision mak-
ers, the tool offers a platform to test how various RL-based traffic light optimization strategies perform
across different planning horizons and which policies changes outperform others. By simulating future
traffic demand patterns, long-term planners can explore the impact of alternative traffic (signal) policies
on broader goals, such as reducing emissions, reducing average travel time and achieving network
efficiency. The visual and time-sensitive nature of the data allows users to track performance trends,
understand the systemic impacts of localized decisions, and ultimately design traffic signal strategies
that align with long-term urban mobility and sustainability objectives.



5.4. Key insight of the visualization of the dashboard
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Figure 5.18: Speed on each segment, formation of a queue

In summary, this simulation and visualization tool bridges the gap between operational traffic manage-
ment and strategic transportation planning. It empowers short-term planners to respond effectively to
current traffic conditions and equips long-term planners with data-driven insights to inform infrastructure

and policy decisions aligned with future mobility goals.



Conclusion

In this chapter, the main results and takeaways will be discussed and highlighted. The various top-
ics range from dashboarding the network using KPIs to applying graph theory to identify bottlenecks,
and utilizing RL-DQN (Artificial Intelligence) to enhance the traffic light control structure. The primary re-
search tools used were Python and PTV Vissim. The dashboard is a prototype intended to demonstrate
the functionality of the final tool but is not yet aesthetically pleasing or user-friendly.

This research covers a wide range of topics, touching on them all while expanding the scope of graph
theory and reinforcement learning to consider agents that take a holistic system view. Because multiple
elements were integrated into a single study, not all tools were validated with sufficient precision. For
example, there are questions about RL's performance when fewer or faulty detectors are used. In
graph theory, calculating all routes in a complex graph can be time-consuming, and more shortcuts will
likely be necessary.

Although these concerns are valid, the research successfully demonstrates the importance of a holistic
view and the significance of the tools used for further exploration in this field. Graph theory provides
valuable information on which intersections and segments are more prone to spillback, indicating that
improvements in these areas can enhance the overall network. The dashboard, coupled with RL,
highlights the importance of visualizing results to better understand them. The sliders help align the
RL model with the policies set by the municipality. This research shows that the alignment between
policies and outcomes is intertwined and should be managed as such.

The final remark is that VisVap was used as the base scenario for this research. For future studies,
Secol (a program used by smart traffic lights in the Netherlands) should be incorporated into Vissim to
check if the RL model can still outperform the traditional traffic light system.

6.1. Summary of key findings

The study effectively combines graph theory and reinforcement learning to optimize traffic networks.
Graph theory helps identify critical intersections and bottlenecks, especially when paired with traffic de-
mand data. However, it falls short in capturing complex traffic dynamics such as weaving sections and
the influence of green light distribution at intersections. The latter can affect which directions experience
delays, and the former can be the origin of traffic jams, as the software struggles to understand that
even though there are two lanes, in practice, it often functions as a single lane due to vehicles shifting
from one lane to another. Incorporating such complexities will significantly improve predictability.

Reinforcement learning combined with a neural network shows promise for adaptive traffic control.
Training local agent separately immensely increases computation speed. The training time is very
dependent on the number of lanes and signal groups. To get a well balanced and stable DQN it is key
to have a reward function that has small values and is positive. The latter helps to speed up the process
of finding good actions. A discount factor between 0.8-0.85 is essential for the reinforcement model
to think ahead but not too far so that it can learn from the current traffic state since it can switch very
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fast. Tailored reward function adjustments were crucial for complex intersections to prevent issues like
hidden queues (after reach of detectors) and to overprioritize dominant traffic flows. Hidden queues
occur when spill-back happens and intersection upstream gets blocked, so the queue at that specific
intersection improves although there is more congestion in the system as a whole.

The global agent outperformed scenarios with only local agents active in 2 out of 3 cases. In the
third scenario, the performance was identical. The improvements in the successful scenarios ranged
from 0.2 to 0.03, which may seem small but are significant when considering the scale of the values
used; these improvements are larger than 3% for the lowest increase. It's important to note that the
full potential of the global agent has not yet been reached, so bigger gains can be expected. Further
research should explore this potential more thoroughly.

This study highlights the critical role of a global agent for network-wide optimization. While local agents
focus solely on situations near their respective intersections, they often overlook the bigger picture.
The global agent can counteract this narrow approach by considering the complexities observed by
the local agents. Local agents do not have overarching policy goals in mind and will primarily aim to
minimize waiting times, which might conflict with the municipality’s desired outcomes.

RL, particularly using DQN, shows promise for adaptive traffic control. For local agents, waiting times
were reduced by approximately 20% to 35%, and overall emissions were decreased by more than 10%.
These improvements are already impressive, and when applied to an entire network such as Almelo
with 30 traffic lights, the positive impact could be substantial.

Training local agents revealed that learning speed is closely tied to signal group complexity, and stable
training requires careful reward normalization and optimal discount factors. Adjusting reward functions
specifically tailored to complex intersections was crucial to prevent issues like hidden queues and to
prioritize dominant traffic flows. The reward function works for most general cases, but as highlighted
in Chapter 5, some intersections with slight imbalances or frequent lane changes may need specific
alterations.

Useful updates to the reward function include lowering the impact of lanes with high traffic volumes so
RL does not solely focus on these directions, and giving more weight to cars close to the stop line, as
lane changes are less likely and certainty increases. Adjusting the latter influences how effectively the
traffic light responds to incoming cars, potentially reducing stops or decelerations.

The research emphasizes the critical role of a global agent for network-wide optimization. Although a
car-focused RL approach improved car performance, it negatively impacted other KPIs, such as emis-
sions and safety. In contrast, a Balanced scenario, guided by a global agent, maintained performance
with minimal trade-offs. This highlights that a global agent is essential for balancing diverse policy goals
and preventing local agents from acting selfishly, ultimately ensuring that long-term, holistic mobility ob-
jectives are met. This methodology shows that the optimum depends on which policy themes are given
more priority, so different weights can results in a totally different optimum.

Short-term RL reaction to demand: By combining graph theory with a digital twin simulation, traffic
managers can proactively pinpoint weak spots in the Almelo network before congestion or other issues
even arise. The time window in which one could look ahead ranges from couple of minutes to a few days.
since the tool can be expanded to forecast demand given historical data using current trends. This
foresight is critical for municipalities in minimizing public nuisance and keeping traffic flowing smoothly.
The RL models further enhance this by being trainable on various worse-case scenarios, such as
maijor event traffic or sudden influxes from incidents. This equips the system with robust strategies
to manage high-demand situations in real-time, ensuring the municipality can react effectively and
minimize disruption to daily life.

Translating KPlIs into traffic light control: Through a global RL agent that intelligently coordinates
all local intersection agents throughout the network which is more in line with the policy goals. This
is where municipal policy truly comes to life. The dashboard serves as a vital tool, providing traffic
managers with real-time insight into the network’s current performance against various policy-driven
KPlIs (e.g., air quality, bicycle safety, public transport efficiency, and reduced noise).

Crucially, this dashboard combined with the simulation allows municipalities to:
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* Model future scenarios: Visualize how the network would perform if specific policies were en-
acted, for example, prioritizing public transport, encouraging cycling, or reducing emissions.

» Evaluate policy impact: Quantify the potential benefits and trade-offs of different policy choices
before costly physical implementation. This helps municipalities make data-driven decisions that
align with their long-term urban development and sustainability goals.

» Adapt to evolving goals: The RL system can be re-trained as the goals of municipal policy
evolve, ensuring that the traffic management system remains aligned with the vision of the city
for a more livable and efficient Almelo.

The municipality should make/have a micro simulation of their network, and all agents should be individ-
ually trained (if RL will be applied), which will take time depending on the network. But once training is
completed, traffic management transforms from a reactive exercise to a powerful and proactive policy-
shaping tool for the municipality.

6.2. Limitations of the research and further research

One of the biggest challenges faced in this research is the long computation times, which make it
nearly impossible to scale the approach effectively. Although training a single intersection can be
completed in a day, combining multiple intersections and training them together results in exponentially
longer processing times. This is mainly due to the communication time between VISSIM and Python
(Figure 6.1 and Table 6.1): As the number of intersections increases, the frequency and volume of
communication also increases, significantly slowing the simulation. Zooming out more means also
simulating more vehicles (including pedestrians and cyclists), which only slows things down further.
As a result, training intersections simultaneously becomes impractical. Apart from using the COM
interface’, other approaches were also considered for system integration. One can also opt for Visvap
or other tools, but they have a limited number of options. Visvap for example only allows upto 4 different
structures, which reduces the software to adapt and limits its usability. COM, on the other hand, allows
for way more flexibility, but it does not allow one to set all intersections at once. Since the speed of
simulation scales linearly with the intersections, the problem becomes worse the more intersections
are present.

simulation as bottleneck

6 intersection (1.5 hours of simulation) I
[min]

6 intersections [decision/s] I

1 intersection (1.5 hours of simulation) I
[min]

1 intersection [decision/s] I

0% 20% 40% 60% 80% 100%

® decsion time = action time

Figure 6.1: Simulation shown to be the bottleneck

Table 6.1: Performance metrics for intersection simulations
(1 vs. 6 Intersections over 1.5 Hours)

Metric 1: [decision/s] | 1: (1.5h) [min] | 6: [decision/s] | 6: (1.5h) [min]
Decision time 0.001394 0.125503 0.00775 0.6975
Action time 0.052425 4.718218 0.3485 31.365
Storing time 0.010981 0.988279 0.00465 0.4185
Total time 0.0648 5.832 0.3609 32.481

"The component object model (COM) is a Microsoft-developed platform that enables interprocess communication and dy-

namic object creation. It allows software components to interact regardless of the programming language used.
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One of the main limitations of the current approach is the long computation time, which poses a signifi-
cant challenge for real-time traffic responsiveness. In the case of Almelo, a relatively small city, even
the existing training duration becomes infeasible (around 30 traffic lights). Each time an adjustment is
made to the network, the global agent must be retrained from scratch, and any modified local intersec-
tions require their respective agents to be retrained as well. This makes the tool impractical for frequent
updates or dynamic traffic environments.

Ideally, the full training time for the global agent should be reduced to under a week (finish entire grid
search). This target reflects the realistic need to adapt to policy changes, which can occur regularly.
Once training is completed, traffic lights should be able to respond to day-to-day traffic fluctuations,
provided that these do not deviate drastically from training conditions. However, when infrastructure
changes occur, such as the addition of new intersections or newly approved housing developments,
traffic patterns can change significantly. In these cases, faster training of multiple local agents becomes
essential to maintain effective traffic control.

Furthermore, from a traffic controller’s perspective, the ability to simulate faster than in real time is
crucial. To anticipate future conditions and evaluate different scenarios, a simulation speed of at least
10x real time would be necessary. This would enable predictive modeling, including best- and worst-
case traffic scenarios, allowing proactive adjustments before problems arise. Unfortunately, tools like
Vissim, when combined with COM interfaces, are too slow for large-scale networks and cannot support
this level of real-time forecasting and control. Therefore, the advise is to use different tools; many
researchers have used SUMO instead of Vissim for training many local agents (see literature).

Another limitation lies in the complexity of Key Performance Indicators. KPIs cannot be evaluated in
isolation, they must be interpreted in context. For example, emission levels are more critical when they
occur near densely populated areas. Similarly, large variations in vehicle speed may be due to the
presence of many intersections and do not necessarily indicate a major safety concern. Therefore, it
is essential to analyze the KPIs more deeply and visualize them using GIS software to gain clearer
insights.

As mentioned earlier, graph theory proved to be a powerful tool in this study. It accurately identified the
two main bottlenecks in the network. However, it struggles to capture more complex traffic dynamics,
such as weaving sections, where traffic behavior is less predictable. Therefore, also a dynamic OD-
matrix should be used to see how the local agent will learn when traffic demands are changing even
more throughout one episode. This again highlights the need for well calibrated OD-matrix preferable
ones that respond to outdoor measurements from detectors.

Furthermore, more analysis is needed to understand the impact of the signal reward function assigned
by the global agent, particularly how it influences the overall learning process and coordination between
intersections. Coordination in timing between downstream and upstream intersections would greatly
enhance the performance of local agents by distributing flows more effectively and prioritizing routes
that are free from traffic jams.

The new optimal configuration reached under this centralized reward system may differ significantly
from what would be achieved using local agents that do not communicate and focus solely on pursuing
their own goals. Exploring how different reward structures affect the system'’s behavior is essential for
fine-tuning performance and ensuring fairness and efficiency in complex traffic scenarios.

The most important focus for future research should be scalability. Applying this approach to larger,
real-world urban networks remains a key long-term objective. To make this feasible, further investiga-
tion into hierarchical learning frameworks or modular training strategies will be essential. This thesis
demonstrates that the use of a double-layered neural network holds significant potential—a potential
that is likely to increase as the network size grows. This is linked closely to the further research needed
to make digital twins that represent reality and use the input from detectors in the streets to feed the
OD-matrix in the simulation.

This research introduces two significant new points: first, the extended formulas for utilizing alternative
paths to mitigate the importance of a given link. Most of the existing literature focuses solely on the
repercussions of a link being cut and whether certain regions become isolated as a result. The impact
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of alternative routes has not been sufficiently studied and therefore the parameter of 2/3 is used, but it
requires further refinement in future work.

The second key takeaway from this study is the potential of reinforcement learning as an attractive tool
for optimizing traffic lights, a concept that is already supported by many researchers (see Chapter 3).
However, many DQN structures fail to address broader societal goals. The new approach, which em-
phasizes a visual framework, offers the most valuable insight gained from this research. The dashboard
facilitates an interactive loop between users and the optimization process, allowing users to explore
and evaluate how the preferred system performs.
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OD-callibration

As was discussed in the literature, updating the OD-matrix is essential to improve microsimulation
accuracy. In addition, this also allows the simulation to better adapt when it measures changes at the
beginning of the network. Then it will be able to predict the consequences downstream. This allows the
network to respond very well to sudden but large changes. [56] as mentioned, using a relatively simple
neural network with Backpropagation Momentum is already quite good at predicting these original OD-
matrix. For both networks, the counters will be in the detector 1 meter in front of the traffic light. Firstly,
it was tried not to implement the network layout in the neural network to make it as simple as possible
and to see how it performs. It was found that for relatively small networks this did work, but when the
network became more complex, instabilities were found.

To simplify the training, it is assumed that an initial OD-matrix can be estimated (in practice a static
model is already a good start). Another simplification made is that the input and output should only be
a static OD-matrix. In practice a time-dependent OD matrix would be more insightful for the real-time
traffic manager. When the network is considered, relation between lengths and speed could be the key
to add help by changing the OD-matrix from a static one into a dynamic one. This is a good addition for
future research into this specific topic. For network 1 a random real world OD-matrix is used (step 0),
since this network is randomly created and is not based on reality. For the string in Aimelo Omnitrans
was used to estimate the real-world OD-matrix (Step 0). Normally the static model would be used to
estimate Step 2, here because real-world detector data was missing it is assumed that this OD matrix
is in fact correct. Omnitrans uses a gravity model that takes into account the capacity constraint for
each link and distributes traffic according to the gravity model.
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Figure A.1: OD calibration framework

As shown in the figure above (A.1), the real world OD-matrix is the "true” matrix. This matrix is unknown
and this process will try to estimate this matrix, which is therefore also the last step in the framework.
Step 1 shows the detector data as measured from the loop detectors in the streets. Step 2 shows the
matrix that can be calculated using a static model, and here it is assumed that the OD-relation can vary
between 0-25% higher or lower values. This model can be run to find the detector data in the Simulation
software. This detector data should be taken at the same location as in the real-world scenario to get
a good representation.

To train the neural network, the step from 0 to step 2 is again repeated to find the training dataset that
has significant variations to capture a shift in demand. The amount of matrices can be varied to have
a larger or smaller training data set (a maximum of 25% was assumed here). Important to note here is
that the more complicated the model is, the longer the simulations will take, and the more simulation
will be required. Step 5 shows the detector data for all the different simulations that were performed.
The neural network will take as input the detector data and as output the test OD-matrix. The more
data available, the better the prediction will be. At a certain point, overfitting can become a problem,
which would mean that the model is not able to adapt to new situations. When the neural network is
trained, the loop detector data in step 3 can be used to predict a new matrix. The accuracy of the neural
network is then calculated as the difference between Steps 2 and 7. This validation step will show how
well the neural network performs. Using the same neural network in Step 1 will estimate the real-world
OD-matrix which is unknown. This predicted OD matrix should be closer to the estimate than what
the Omnitrans model would predict. In case of disruptions, the model should be able to adapt in case
certain OD pairs see a lot more traffic. This will be a very powerful tool to use for the digital twin of
reality to run possible scenarios in real time. To see how well the model really performs in the next
paragraph, step 0 and step 8 will be compared for network 1 and 2 from only 5 test runs up to 200.
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Figure A.2: Simple network graph representation

The neural network is a graph neural network with nodes; these nodes represent places (intersections
and merge lanes) where traffic can diverge or converge. As can be seen in the above picture, the OD
nodes are shown in purple, while all other nodes have their node number and traffic flow assigned to
the node. At these nodes due to the use of these loop detectors, the amount of traffic is known. Before
and after lane changes the traffic might be unknown; therefore, a smart technique of looking backward
or forward is used to find the missing flow links (here shown with a question mark).

Figure A.3: Enter Caption

The model uses GATConv (Graph Attention Convolution) layers, which allow it to focus on the most
important neighbors when updating each node’s information. The special nodes are those where traffic
originates or ends. The model uses these nodes to estimate how much traffic originated there and how
the traffic traveled through the network. Additional heuristics were utilized to guide the model in the
right direction. Negative values are penalized because the negative flow does not make sense.

For the start nodes, the sum of all traffic leaving should be equal to the flow measured on the first links
departing from them. Similarly, for the end nodes, the amount of traffic arriving at the node should
match the amount of traffic arriving via the incoming links. The model combines these heuristics with
the objective of producing an OD (origin-destination) matrix that matches the original one in order to
accurately predict OD flows from car loop data.



A.l. Performance measures of dector data to predict OD-matrix 67

A.l. Performance measures of dector data to predict OD-matrix

To determine how many runs are required to obtain a reasonably accurate neural network, both sim-
ulations were executed 200 times. The neural network was trained using randomly selected subsets
of data, starting with just 20 samples and increasing incrementally to the full dataset of 200. The se-
lections were all randomly drawn for all increments so the set with 20 dataset and 40 could have been
totally different. This approach allows us to observe how the model performance improves with the
addition of more data. This can be the reason for the large differences in performance between certain
models.

Each model was trained over 500 episodes and 30% of the simulation runs in each episode were used
to train the model. Each episode used this 30% of the available data to estimate the values of the neural
network. Using only a portion of the data is crucial to prevent overfitting. To evaluate the robustness of
the model under extreme conditions, the following four changes were applied to selected pairs of OD
(origin destination), this was performed separately:

* One OD-pair experienced a 50% decrease in traffic.
» Another OD-pair experienced a 75% decrease.

* A third OD-pair saw a 100% increase.

* A fourth OD-pair underwent a 200% increase.

All other OD-pairs remained unchanged. This setup allows us to isolate and observe the impact of
individual OD pair changes on the model predictions. Figures A.4 and A.5 both show the performance
of the model versus the size of the training. It is important to reiterate that batches with sizes such
as 40 and 42, for example, can have completely different datasets since they were randomly drawn
from the 200 simulations. This helps explain the large fluctuations, as the model sometimes trains with
data that better fits the original matrix. Both models clearly show a downward trend, indicating that the
model is indeed improving with more data.

GNN Performance vs. Training Set Size

uuuuu

ooooo

Number of Training Samples

Figure A.4: Training improvements simple network . L .
Figure A.5: Training improvements string Aimelo

There are some important remarks to be made. The large peak in Figure A.5 at the end is likely due to
the model occasionally starting in the wrong direction. Given the limited training time (as training 180
different models takes a long time), the number of training cycles was kept at 500, which could explain
the large error. It can take a long time for the model to adapt if the model starts learning in the wrong
direction because of certain simulation that was heavily skewed in a certain direction. The figure on the
left also shows that the model reaches an equilibrium faster, since it has only 8 OD pairs, thus needing to
predict 64 OD relations. In contrast, for the Almelo string, there are 324 OD pair combinations (18*18).

The errors are still squared, which explains the high numbers for the model error. The total number of
cars on the simple network is 1,573, and the Almelo network sees 3,590 cars. This means that the total
number of cars miscounted in the OD matrix is 1/17, 500 = 132, which leads to a percentage of just under
10%. For the Almelo network, this flattens out around 20,000, leading to an error of /20,000 = 141
cars, which results in a percentage of just under 4%. These are pretty good results. When studying
the impact increasing or decreasing the load on one od pair given the trained model, a better score
was found also for the original scenario. For seeing the impact only 20 models were trained with more
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training cycles (see Figures A.8 and A.9). Both score significantly better also for the simple scenario
and the error was reduced from 10% to 7 %.

The difference in both networks could be due to the neural network requiring more simulations to un-
derstand the use of alternative paths. Adding more information about alternative routes could help the
network, making this an important aspect for future research on this topic.

The figure below shows the network performance in response to changes in demand. It is important to
note that, for the simple network, the ranges may appear extensive, but the number of misrepresented
cars is at most 126. Surprisingly, the simple network performs better in predicting unknown OD matrices
in situations where traffic conditions have changed from their original state. Notably, the simple network
is slightly more accurate at predicting scenarios with decreased traffic than those with increased traffic.
Further research will be conducted on the performance of the other network.
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Figure A.6: Alternatives scoring simple network

Figure A.7: Alternatives simple network shown in map

GNN Performance vs. Training Set Size
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Figure A.8: Alternatives scoring simple network Figure A.9: Alternatives Almelo shown in map



Visvap software

VisVap is the flow diagram-based way of writing a program to make a level 2/3 traffic lights. Visvap
is a tool specificity designed to work with the PTV Vissim micro simulation software. This software
was used for the traffic lights that exist in the Almelo network. First, for all traffic lights the main signal
groups were determined. Secondly, the main structure was developed so that these traffic groups can
follow each other in a set order. Third, the posibility to extend green times and to skip stages was
implemented. For example, the following structure is used stage 1 -> stage 2 -> stage 3 in the case
that stage 2 sees no traffic the following structure is used 1->3.

Any_interstage_active

Stage_active( 1) wgreen_rnax_bereilvﬂ_ur_nU_Demand_1Nnu_demand_detected_sgﬁB—*(nu_demand_delected_sgS>——|Imerstage( 1. 2}|
i i

| Interstage( 1, 2) | | Interstage( 1. 3) |

l l

Stage_active( 2) Wgreen_max_bereil-ct_or_nD_Demand_Q Wno_demand_detected_sgSWno_demand_detected_sm H Interstage( 2, 3) }—b
! !

| Interstage( 2, 3) | | Interstage( 2 , 1) |

l l

Stage_active( 3) wgreen_max_bereil-ct_or_no_Demand_SWHo_demand_detected_sg1Nno_demand_detected_sg2>——|\merstage( 3, 1}}——
i i

| Interstage( 3, 1) | | Interstage( 3, 2) |

l l

end

Figure B.1: VisVap simple structure
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There is only one slight problem with this reasoning in relation to safety. When going from stage 1 ->
stage 3 takes relatively long since there is a pedestrian that needs an intergreen of 17 seconds, the
visvap does not consider this since it only looks at the intergreen in between the active and next stage.
When going from stage 1 towards stage 2 is short, say 8 seconds (includes 5 seconds of minimum
green time) and going from stage 2 towards stage 3 takes only 7 seconds (incl. min green time). When
going from 1->2->3 because of these short intergreen times, the intergreen between 1 and 3 is violated
since itis only 15 (7+8), while the lower limit has to be 17 to be considered safe. Therefore, the program
was extended to incorporate this by starting timers and checking if the timer has reached the minimum
time between 1 and 3. This complicates things, but is necessary to comply with safety regulations. This
flow diagram is created for all six intersections using Python to generalize the process. In addition, the
safety regulation check is performed by Python to ensure that no human oversight can take place.



KPIs

C.1. Different KPIs

Translating raw measurements into meaningful scores remains a challenge. To evaluate performance
across different scenarios, three distinct methods have been developed. Each method uses a stan-
dardized scoring scale from 0 to 10, where higher scores consistently indicate better performance. For
metrics where "lower is better,” the scale is reversed during processing to maintain this interpretation—
ensuring that, after adjustment, a higher score still reflects better outcomes. The following sections
describe each method in detail, including how they handle different performance criteria and apply the
scoring adjustments accordingly.

Method 1: Score Based on Relative Performance This method categorizes performance on a scale
from 0 to 10 based on relative comparisons. The scoring is defined as follows:

» 0: Represents a performance that is twice as bad as a baseline.

2.5: Indicates a performance that is 50% worse than the baseline.

» 5: This score suggests that nothing significant happened, meaning performance remained at a
baseline level.

+ 7.5: Reflects a performance that is 50% better than the baseline.
» 10: Denotes a performance that is twice as good as the baseline.

Method 2: Goal Achievement Scoring This method focuses on achieving defined performance goals
and uses a similar scale 0 to 10. The scoring is established as follows:

+ 0: Signifies a performance score of 0.
» 7: Represents the point at which a goal is reached

« 7+: Any score above 7 indicates that the performance has surpassed the goal, with linear scaling
reflecting the degree of surpassing.

Method 3: Scaled Performance Metrics This method also adopts a scoring system from 0 to 10, but
it uses a different set of criteria for performance measurement:

+ 0: Indicates a performance that is twice as bad relative to a reference.

» 2.5: Represents a performance that is the worse performing and will be used as the baseline as
the minimum in the base scenario.

+ 5: Suggests that nothing significant happened, akin to a neutral performance level.

» 7.5: Represents a performance that is the best performing and will be used as the baseline as
the maximum in the base scenario.

» 10: Demonstrates a performance that is four times better than the baseline.
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All three methods have strengths and weaknesses. One significant drawback of the first method is that
each intersection starts with a score of 5, making it difficult to distinguish which intersections operate
at capacity and which are not. However, this method does allow for an understanding of the relative
increases and decreases compared to the original scenario.

The second method is very powerful when the focus is on reaching specific thresholds, such as achiev-
ing zero red light violations or reducing overall speed in the city center. The main challenge with this
approach is that establishing these thresholds can be quite difficult and may require a comprehensive
review of the literature on the topic.

The third option is the most user-friendly as it does not have the same shortcomings as the first two
methods. It immediately highlights which intersections perform worse than others, since it ranks them
from 2.5 - 7.5 in the original scenario. However, this could be misleading as it still requires expert
judgment. Not all intersections are equal, and comparing all intersections within the network can over-
simplify the complexities of the system, necessitating a more detailed inspection.

C.2. Methode calculating different KPIs

These are the methods used for each KPI in PTV Vissim.

C.2.1. Traffic performance — motor vehicles
 First waiting:

— Simulation: Maximum queue length during a specific time step (currently used due to contin-
uous simulation time; will be updated to “first waiting” with RL and step-by-step simulation).

» Average waiting time at intersection:

— Simulation: Average vehicle delay at the intersection.
» Vehicle hours waiting at intersection:

— Simulation: Total vehicle delay at the intersection.
» Standard deviation of travel times (different days):

— Simulation: Standard deviation of total travel time for cars across different simulation seeds.
* Network throughput:

— Simulation: Total distance x time (car) / (vehicles arrived + vehicles active).
» Congestion duration:

— Simulation: Average stopped delay.

C.2.2. Traffic performance — bicycles
 First waiting:

— Simulation: Maximum queue length during a specific time step (updated to *first waiting”
with RL and step-by-step simulation).

» Average waiting time at intersection:

— Simulation: Average cyclist delay at the intersection.
+ Standard deviation of travel times (different days):

— Simulation: Standard deviation of total travel time for cyclists across different simulations.
* Network throughput:

— Simulation: Total distance x time (cyclist) / (cyclists arrived + cyclists active).

C.2.3. Traffic performance — pedestrians
+ First waiting:
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— Simulation: Maximum queue length during a specific time step (updated to *first waiting”
with RL and step-by-step simulation).

* Average waiting time at intersection:

— Simulation: Average pedestrian delay at the intersection.
» Standard deviation of travel times (different days):

— Simulation: Standard deviation of total travel time for pedestrians across different simula-
tions.

* Network throughput:

— Simulation: Total distance x time (pedestrian) / (pedestrians arrived + pedestrians active).

C.2.4. Air Quality

« Carbon monoxide (CO):

* Nitrogen dioxide (NO,):

* Particulate matter (PM_s):

* Volatile organic Compounds (VOCs):

» Carbon dioxide (CO,): (See appendix D for more information)

C.2.5. Safety of Roads
* Queue Length:

— Simulation: Speed is less than 50% of free-flow speed.
* Vehicle Kilometres:
Light Red Violations — Light Red:
» Light Red Violations — Dark Red:
Light Red Violations — Early Start:
* Number of Accidents at Crossings:

* Intersection Obstructions:

C.2.6. Public Transport
* Number of Late Arrivals at Stops:

* Total Travel Time (Bus):
* Public Transit Reliability:

C.2.7. Noise

+ dB Generated: (See appendix D for more information)

C.2.8. Equity

* Emergency Vehicle Priority:
* Public Transport Priority:



Emissions calculated (noise and C'Oy)

Emissions are all around us, and it is therefore essential to understand the potential improvements that
can be made in this area. PTV Vissim does not offer an option to accurately calculate traffic emissions
or noise. Unfortunately, the Enviver license was not functional, and as a result, an alternative method
for estimating these emissions had to be used.

To assess the environmental impact of traffic across road segments, two models were implemented:
one to estimate traffic noise and another to estimate fuel-based CO, emissions. These models were
applied to traffic data containing segment identifiers, speeds, volumes, and time intervals.

D.1. Traffic noise calculation

In the first step, the data was cleaned, and traffic volumes were adjusted to match the intervals used
for emission determination. According to the literature by F. Li in his paper on Dynamic Traffic Noise
Simulation [57], the following formula is used to estimate noise levels generated at intersections:

24.921og;(v) + 27.96, Light vehicle
Lo = § 36.731og;,(v) + 16.44, Medium vehicle (D.1)
29.71log,o(v) + 31.77, Heavy vehicle

Using this formula and the traffic volume, a baseline estimation of vehicle emissions for each road
segment can be made. To determine whether vehicles are accelerating or decelerating, the average
speed of the following link is compared to the current link. If the upcoming link has a higher average
speed, it is assumed that vehicles are accelerating. Conversely, if the speed is lower, vehicles are
assumed to be decelerating.

The correction factors for accelerating and decelerating vehicles are also provided in the same paper:

3.55, Light vehicle with a > 0
—2.80, Light vehicle with a < 0
4.32, Medium vehicle with a > 0
1.51, Medium vehicle with a < 0
7.25, Heavy vehicle with a > 0
3.20, Heavy vehicle with a < 0

Lagg) = (D.2)

By applying these correction factors based on traffic conditions, a more accurate representation of true
noise levels can be calculated. The combined noise from light, medium, and heavy vehicle categories
is computed using energy-based summation. Additionally, a minimum threshold of 45 dB(A) is applied
to represent ambient background noise.
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D.2. Fuel-based C'O, emissions estimation

Sobrino et al. highlight that while direct measurement of CO2 is challenging, fuel consumption provides
a practical proxy [58]. In her research on fuel consumption and highway operations, the relationship
between vehicle speed and fuel consumption for various car types is analyzed. This relationship is
visualized in Figure D.1, showing how fuel efficiency varies with speed for gasoline passenger cars.
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Figure D.1: Speed—fuel consumption curves for gasoline passenger cars by engine technology.

To estimate emissions, assumptions about the vehicle fleet composition and turnover were incorporated
into the model:

* Fleet turnover: Each year, 5
» Base year: The model begins in 2025.

* Vehicle lifespan: Cars are assumed to retire after 12 years, with a maximum possible age of 40
years to account for anomalies.

* Fuel type distribution in the Netherlands:
— Petrol vehicles: 65
— Diesel vehicles: 29.6
— Electric vehicles: 5.4

This information allows for an estimation of average fuel consumption and, by extension, average CO2
emissions per kilometer for the overall fleet.

To convert fuel consumption into CO2 emissions, an average emission factor of 2.3 kg CO2/liter of fuel
is applied (based on the fuel-to-CO2 conversion shown in Figure D.2). This enables an approximation
of tailpipe emissions across road segments.
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CO, tailpipe emissions

(kg/L)
Gasoling 2.29
b 2.21
(10% ethanol + 90% gasoding) -
s 1.61
(85% ethanol + 15% gasoling) .
Diesel 2 66
BS )
(5% biodiesel + 5% diesel) A5
B20
(20% biodiesel + 80% diesal) —

Figure D.2: Conversion from fuel type to tailpipe CO2 emissions.

While this model captures baseline emissions well, future work should incorporate the impact of ac-
celeration and deceleration on fuel consumption. Such dynamic factors are particularly relevant near

intersections, where emissions tend to spike and are more accurately modeled using microsimulation
tools like PTV Vissim.
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Graph theory generalisation

The graph theory formulas were initially applied to a relatively simple network as a proof of concept,
and later extended to a more complex network in the city of Almelo. The simple network, illustrated
in Figure E.1, serves as an effective demonstration of how graph-based analyses can be successfully
implemented even in nonlinear, interconnected road systems. Unlike networks that follow a straight-
forward, linear structure, this example includes multiple intersections and varying road connections,
thereby simulating real-world complexity on a smaller scale. This is crucial because it validates the
applicability of graph theory beyond idealized or simplified cases, showing that these methods are not
limited to abstract or academic scenarios but can be generalized to real-world transportation systems.

One notable anomaly observed in the simple network is the segment between the node with a score
of 0.22 and the node with a score of 0.23. This road segment appears significantly redder, indicating
a higher load or lower efficiency than would be expected based only on its spatial configuration. This
discrepancy arises from the current shortest-path algorithm in use, which does not take into account
the variation in speed limits across different road types. Specifically, the double-lane road connecting
these nodes has a maximum speed of 70 km/h, whereas all other roads in the network have a speed
limit of 50 km/h. As a result, the algorithm overestimates the cost (e.g., time or resistance) of using the
higher-speed road. Incorporating speed as a weighting factor in the shortest-path calculations would
refine the analysis, making the model more accurate by better reflecting actual travel conditions.
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Figure E.1: Graph theory applied to simple network

In addition to graph theory, clustering techniques were also applied to the same network data. Inter-
estingly, the results of the clustering closely mirrored the results obtained from the graph-theoretical
analysis. This convergence of findings from two distinct methodologies highlights the robustness of the
observed patterns. It suggests that the combination of graph theory and clustering provides a synergis-
tic analytical framework. Although graph theory excels at quantifying connectivity, centrality, and flow
efficiency, clustering helps identify communities or regions within the network that exhibit similar struc-
tural or functional characteristics. Together, these methods offer a more holistic view of the network,
enabling more precise identification of bottlenecks, vulnerabilities, and optimization opportunities.

In summary, this multi-method approach demonstrates that graph theory is not only effective in simple,
idealized networks but also generalizes well to more complex, realistic settings. When augmented with
clustering techniques and potentially enhanced with additional real-world data inputs such as speed
limits or traffic volume, this integrated analytical framework holds significant promise for advancing
transportation planning, infrastructure optimization, and urban mobility management.
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