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Abstract

Deep Reinforcement Learning (DRL) is a promising approach to Traffic Signal Control (TSC).
However, significant challenges remain in translating this potential into real-world traffic
management solutions. This thesis investigates obstacles hindering the application of DRL
in real-world TSC, focusing on low sampling frequencies and the complexities of multi-modal
traffic scenarios.

We developed a high-frequency sampling Proximal Policy Optimization (PPO) approach for
TSC at a four-legged intersection, integrating both vehicle and pedestrian traffic in a multi-
modal setting. By employing Invalid Action Masking (IAM), we effectively handle signal
timing constraints across these modalities. The framework was evaluated through traffic
volume sensitivity analyses, assessments of generalization capabilities, disturbance rejection
tests, and comparisons of methods for handling invalid actions.

The results indicate that short sampling intervals, such as 1 second, do not improve perfor-
mance in terms of time-loss, with 4 to 6 seconds identified as the optimal range for PPO in
TSC of a four-legged intersection. The findings also demonstrate that IAM can effectively
be incorporated without compromising performance. When evaluating the ability to han-
dle sudden spikes in traffic volume, PPO demonstrated superior performance, outperforming
baseline methods such as max-pressure and fixed-time strategies in terms of both overshoot
and settling time. Also, the results show that PPO can effectively prioritize vehicle and
pedestrian modalities, displaying a clear proportional decrease in time-loss for the prioritized
modality.
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Chapter 1

Introduction

Traffic congestion has been an societal problem for decades. There are various staggering
statistics that reinforce these words; In big cities, such as London, the average commuter
spends more than 150 hours stuck in traffic each year [16]. Or, traffic jams cost U.S. drivers
more than 81 billion us dollars in 2022 [9]. Beside these economic and time related impacts,
there are also health related consequences. Studies find that traffic-induced stress increases
the risk of depression and anxiety [7], and in urban areas the extra pollution of traffic jams is
harmful for the physical health [19]. In short, convenient and effective transportation benefits
all.

Traffic Signal Control (TSC) has significantly evolved over the last century. In 1958, Webster
introduced one of the first methods to minimize vehicle delay at intersections [41]. These early
controllers optimized single intersections without coordinating with adjacent ones, causing
network congestion elsewhere. To tackle this, fixed-time control strategies were developed
to manage multiple intersections simultaneously, calculating control plans offline based on
historical traffic data. MAXBAND [21] is one such method aiming to maximize arterial road
bandwidth but becomes impractical with increased side-road traffic [28]. A key drawback
of fixed-time controllers is their inability to adapt to real-time traffic fluctuations, such as
accidents. This lead to what most traffic signal controllers use today, which are traffic-
responsive controllers such as SCOOTS and SCATS [15].

Traffic adaptive control methods adapt to the traffic conditions in real-time. There is some in-
put measure which indicates that state of traffic (e.g. loop detectors), a solving algorithm and
a decision which is send to the traffic signalers. One of these algorithms is the max-pressure
approach, where the pressure is defined as a measure of traffic density and the phase config-
uration with the highest pressure release is decided [37]. A more intricate approach, named
Model Predictive Control (MPC), uses a predictive model to estimate the traffic evolution
over time, optimizing an objective function to determine the optimal traffic light configura-
tion for the next time step [46]. As urban traffic is a highly non-linear phenomenon, MPC
can be challenging; Using a non-linear prediction model and optimization would require high
computational demand whilst using a linear prediction model would sacrifice accuracy. [20]
Is there a better approach?

Master of Science Thesis K. F. Ceton



2 Introduction

In 2013-2015, Deep Reinforcement Learning (DRL) emerged as a breakthrough approach;
Deep Neural Networks could effectively be used to serve as a decision maker in the Reinforce-
ment Learning Framework [23]. Reinforcement Learning (RL) is a type of machine learning
where a decision maker learns to make decisions by interacting with an environment and
receiving feedback in the form of rewards to maximize cumulative rewards over time [33].
In contrast to other adaptive approaches, Deep Reinforcement Learning does not rely on a
predictive model and can still effectively capture highly nonlinear relationships which makes
it an notable competitor to handle the Traffic Signal Control problem [34]. In recent years,
the amount of sensor, GPS and computer vision data has also increased significantly. DRL
can handle this data since it can process various different data types. In short, Deep Rein-
forcement Learning has been researched to manage the Traffic Signal Control problem and
shows great promise [42]. So, why is it not on the streets yet?

The current state-of-the art Deep Reinforcement Learning in Traffic Signal Control is mainly
focused on performance in simplified simulations and is not ready to be implemented on the
actual streets [42]. This gap needs to be bridged in order to start saving real time in real
peoples lives. What are the main obstacles in between the current state-of-the-art and a
real-life implementation of Deep Reinforcement Learning in Traffic Signal Control, and how
can these be addressed? That is what this thesis report will focus on.

Two primary challenges were identified. On of which is the sampling frequency; The time in
between observations of the Deep Reinforcement Learning agent is around 5-20 seconds in
most research, which is low considering the speeds of vehicles [42]. Increasing this sampling
frequency to 1 second could allow the agent to make faster decisions more frequency leading
to better performance. However, this introduces complexity due to safety requirements for
minimal light time, the minimum duration traffic lights must stay in a given state (e.g. 3-6
seconds for the yellow state) [1].

To counteract these complexities, we developed a novelty high-frequency framework which em-
ploys Invalid Action Masking (IAM) to counter the minimal light constraints. This framework
is thoroughly detailed and evaluated through various tests, including a sensitivity analysis on
traffic volumes, an assessment of its generalization capabilities, an assessment of its distur-
bance rejection capabilities, and a comparison of Invalid Action Masking with alternative
methods, such as penalization, for minimizing invalid actions.

Secondly, in real-life traffic scenarios, traffic intersections have to deal with multiple traffic
modes simultaneously. These modes are allowed priority in certain scenarios, such as school
busses during rush hour and pedestrians when it is raining. To address this prioritization and
extra complexity of multiple traffic modes, this thesis researches the inclusion of pedestrians
and vehicles in a combined traffic scenario. In this research, we also apply the Invalid Action
Masking technique to the multi-modal traffic scenario.

These improvements aim to bring Deep Reinforcement Learning for Traffic Signal Control
closer to real-world application, moving the field a step closer to real-life impact and enabling
technology to start saving real time.

K. F. Ceton Master of Science Thesis



1-1 Problem statement 3

1-1 Problem statement

In the context presented, the main research question of this thesis is:

What are challenges in applying Deep Reinforcement Learning to real-world traffic signal
control, and how can these be addressed?

To effectively answer this question, two sub-questions were derived:

How does high-frequency sampling improve the performance of Deep Reinforcement Learning
approaches in Traffic Signal Control, specifically in terms of reducing time-loss and rejecting
input disturbances?

The first sub-question focuses on the impact of high-frequency sampling on the performance
of DRL approaches in TSC. By exploring higher-frequency sampling intervals, this research
aims to determine whether more frequent observations and actions can enable the DRL agent
to make quicker and more effective decisions, thus reducing time-loss and better handling
unexpected traffic disturbances. This research also considers the effectiveness of the methods
to counteract minimal signal times and heavily varying traffic scenarios.

Can a Deep Reinforcement Learning Agent effectively balance prioritization between pedestri-
ans and vehicles in terms of time-loss?

The second sub-question investigates whether a DRL agent can effectively balance the pri-
oritization between pedestrians and vehicles at intersections. In real-world traffic scenarios,
multiple modes of transportation must be managed simultaneously, each with different pri-
orities. The research aims to assess the DRL agent’s capability to minimize overall time-loss
whilst effectively prioritizing multiple traffic modes.

1-2 Thesis outline

This thesis is structured as follows. In chapter 2, we introduce the foundations of DRL,
covering the necessary preliminaries and providing an in-depth explanation of the DRL al-
gorithm employed in this study, namely PPO. Thereafter, chapter 3 focuses on the TSC
problem, detailing its terminology, classical approaches, simulation models, and the integra-
tion of DRL in TSC, along with the associated challenges. This chapter also outlines the
approaches considered for managing high-frequency sampling and pedestrian inclusion.

In chapter 4, we present the results of the case studies and derive conclusions from the findings.
Finally, chapter 5 provides a comprehensive conclusion to the research, offering a discussion
to contextualize the results and recommendations for future work in this domain.

Master of Science Thesis K. F. Ceton
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Chapter 2

Deep Reinforcement Learning

In this chapter, we present the foundational concepts of reinforcement learning and deep rein-
forcement learning such as the Markov Decision Process (MDP) framework without touching
on value- and action-value functions. Thereafter, we go one step further to Deep Reinforce-
ment Learning; Reinforcement Learning which leverages Deep Neural Networks as decision
maker. We introduce various algorithms and go in depth on the Proximal Policy Optimiza-
tion (PPO) algorithm. We explain the mechanics of the Proximal Policy Optimization algo-
rithm and discuss concepts such as the Generalized Advantage Estimation and the clipped
surrogate loss function. In the subsequent chapters, we will continue to apply Proximal Policy
Optimization to our case, which is Traffic Signal Control.

2-1 Reinforcement Learning

In the following section, the concept of Reinforcement Learning will be presented. Firstly,
the mathematical framework which is at the foundation of RL is presented, namely Markov
Decision Process. From here, we will expand on methods to solve the MDP, such as Deep
Reinforcement Learning approaches. We will shortly present the types of Deep Reinforcement
Learning approaches, after which we will go into detail on the utilized method, namely PPO.

2-1-1 Markov Decision Processes (MDP)

Markov Chain

In 1906, the Russian mathematician A. A. Markov published a paper that laid the foundation
for the concept of Markov Chains [11]. The Markov Chain is a mathematical system that
undergoes transitions from one state to another according to certain probabilities [33]. A
Markov Chain or Markov Process consists of two main elements: The states s ∈ S, where S
is the set of all possible states. These are all the possible states the process can be in. The
second element is the The Transition Function T , which defines with what probabilities we

Master of Science Thesis K. F. Ceton



6 Deep Reinforcement Learning

Figure 2-1: Schematic diagram of an example of a Markov Chain with three states {s1, s2, s3} ∈
S.

move through the states. This is defined as pij = p(Xt+1 = sj | Xt = si) where pij represents
the transition probability from state si to state sj . In Figure 2-1, an example with three
states {s1, s2, s3} ∈ S can be observed. In Table 2-1, an overview of the components can be
observed.

Component Description Notation Mapping

The States The possible states
that the process can
be in.

s ∈ S, where S is the set of all
possible states.

The Transition
Function T

The probabilities of
transitioning from
one state to another.

pij = p(Xt+1 = sj | Xt = si) T : S × S → [0, 1]

Table 2-1: Components of the Markov Chain.

An Markov chain satisfies the Markov Property if the transition function depends only on the
current state s as is depicted in Equation 2-1. Adhering to the Markov property reduces the
complexity of the dynamics of the system, since the next state only depends on the present
state [6].

p(Xt+1 = st+1 | Xt = st, Xt−1 = st−1, . . . , X0 = s0) = p(Xt+1 = st+1 | Xt = st) (2-1)

Markov Decision Processes
A Markov Decision Process is an extension of the Markov Chain that incorporates decision
making. In an MDP, a decision-maker interacts with the environment by taking actions that
influence state transitions and receive rewards. The decision maker is named the agent. An
MDP consists of the following main elements:
In Figure 2-2, a Markov Decision Process can be observed with three states and two actions
for each state. A Markov Decision Process is defined by two functions, the transition function

K. F. Ceton Master of Science Thesis



2-1 Reinforcement Learning 7

Component Description Notation Mapping
The States S The possible states that the pro-

cess can be in.
s ∈ S

The Actions A The set of all possible actions the
agent can take.

a ∈ A

The Transition
Function T

The probabilities of transitioning
from one state to another given
an action.

p(st+1 | st, at) T : S × A × S →
[0, 1]

The Reward
Function R

The immediate reward received
after transitioning from one state
to another due to an action.

r(st, at, st+1) R : S×A×S → R

The Policy π The strategy that the agent em-
ploys to choose actions based on
the current state.

π(a | s) π : S ×A → [0, 1]

Table 2-2: Components of the Markov Decision Process.

Figure 2-2: Schematic diagram of an example of a Markov Decision Process with three states
{s1, s2, s3} ∈ S and two actions {a1, a2} ∈ A. To maintain overview, not all probability connec-
tions are drawn.

and the reward function. The transition function T defines in what state we end up after
performing a certain action in a certain state. This defines the dynamics of the environment.
The reward function R defines the reward given for certain transitions. This could influence
the actions taken by the agent. When combining the two probability functions into one p(·),
we can define a Markov Decision Process with the following equation [33]:

p
(
s′, r | s, a

) .= Pr
{
st = s′, rt = r | st−1 = s, at−1 = a

}
(2-2)

for all s′, s ∈ S, r ∈ R, and a ∈ A(s). Pr defines a probability function that specifies the
distribution over next states and rewards, given a current state and action. The notation
st = s is used to emphasize that st is a random variable representing the state at time t, while
s denotes a specific realization (value) of that random variable.

Master of Science Thesis K. F. Ceton



8 Deep Reinforcement Learning

Figure 2-3: Schematic diagram of the Reinforcement Learning Framework

Reinforcement Learning Framework

In Figure 2-3, the Reinforcement Learning Framework is presented. The agent interacts with
the environment in discrete time steps. At each time step t, the agent observes the current
state st, takes an action at, receives a reward rt, and transitions to the next state st+1.
The goal of Reinforcement Learning to maximize the cumulative reward, or return, which is
typically defined as the sum of discounted rewards over time, named the Return:

Rt :=
∞∑

k=0
γkrt+k (2-3)

where γ is the discount factor, 0 ≤ γ ≤ 1, that determines the importance of future rewards.

As an optimization problem, the objective is to find an optimal policy π, denoted as π∗, which
maximizes the expected return:

π∗ := arg max
π

Eπ [Rt | st = s]

The expected value, denoted as E[·], can be viewed as the long-run average of a random
variable. We maximize the expected return instead of the true return due to the stochasticity
in the transition function T . The optimization problem is completely defined as:

π∗ := arg max
π

(
Eπ

[ ∞∑
k=0

γkrt+k+1 | st = s

])
for all s ∈ S (2-4)

A policy is deemed optimal when it adheres to the Bellman Optimality [33]. This optimization
ensures that the agent learns to make decisions that maximizes long-term rewards, balancing
immediate and future rewards. This is the problem to solve in Reinforcement Learning, in
the next sections, we will explore possible approaches to find the optimal policies.

Solving the MDP

Solving a Markov Decision Process (MDP) involves finding an optimal policy that maximizes
the expected cumulative reward. Apart from Deep Reinforcement Learning, there are various
other methods to do this which are shortly mentioned: Dynamic Programming (DP) methods,

K. F. Ceton Master of Science Thesis



2-2 Deep Reinforcement Learning 9

such as value iteration and policy iteration, provide a systematic approach to solving MDPs
by breaking them down into simpler subproblems. These methods rely on the Bellman equa-
tions to iteratively compute the value function and improve the policy. Monte-Carlo (MC)
methods estimate the value of states and actions by averaging the returns from multiple
sample episodes. Unlike DP, MC methods do not require knowledge of the environment’s
dynamics and can be applied to problems with unknown transition probabilities. Temporal
Difference (TD) learning combines aspects of both DP and MC methods. TD learning up-
dates the value estimates based on a single sample of the next state and reward, making it
suitable for online learning and situations where a model of the environment is not available.
Notable TD methods include Q-learning and SARSA. [33]. The next section will present
Deep Reinforcement Learning.

2-2 Deep Reinforcement Learning

In the following section, Deep Reinforcement Learning (DRL) is presented. Deep Reinforce-
ment Learning leverages a neural network (NN) as agent to do the decision making. As a
result, DRL is capable of employing complex policies in complex environments. Below, a
general impression of the field of algorithms in DRL is presented. Thereafter, we provide an
detailed explanation of the mechanics of the leveraged algorithm, namely Proximal Policy
Optimization.

2-2-1 Types of Deep Reinforcement Learning Algorithms

One possible distinction in the wide field of Deep Reinforcement Learning algorithms is the
value- or policy-based property. Value-based methods provide estimations of the Q-values,
which will be introduced in subsection 2-2-2. These algorithms include Deep Q-networks, also
known as DQN [23]. The principle of Deep Q-Networks got improved by techniques such as
Double, Duelling DQN [36, 40]. This lead eventually to the Rainbow DQN, which is the most
advanced DQN model to date [12].

The REINFORCE family of algorithms, introduced by Williams in 1992, was the first policy
optimization approach in reinforcement learning [44]. However, REINFORCE tends to have
high variance in its gradient estimates, which can result in slow and unstable learning [33].
To address these issues, Schulman introduced Trust Region Policy Optimization (TRPO)
in 2017, another policy gradient method that focuses on improving sample efficiency and
maintaining stability by constraining policy updates [29]. TRPO introduces a trust region
constraint that limits the maximum change in the policy during each update, ensuring that
updates are conservative and do not lead to large, destabilizing policy changes. Building on
TRPO, OpenAI developed Proximal Policy Optimization (PPO) in the same year. In this
thesis work, PPO was used as the primary algorithm for the experiments conducted.

2-2-2 Proximal Policy Optimization

In the following section, Proximal Policy Optimization will be presented and discussed.
Firstly, the full architecture of the PPO algorithm is presented to give an overview of the

Master of Science Thesis K. F. Ceton



10 Deep Reinforcement Learning

Figure 2-4: Architecture of the Proximal Policy Optimization Algorithm. Arrow indicate a general
data flow.

algorithm. Thereafter, we zoom into individual parts and concepts such as value-functions,
action-value functions, neural networks, n-step returns, general advantage estimation and the
clipped surrogate loss function.

Proximal Policy Optimization Architecture

In this section, we will provide an overview of the Proximal Policy Optimization algorithm.
In Figure 2-4, the complete architecture of the PPO algorithm can be seen. The figure
displays the flow of data and the individual steps taken in the training process. Individual
blocks indicate a certain operation on with the data inserted, indicated with an arrow. A
full update cycle in PPO generally consists of two parts; experience collection and a neural
network update.

The first step in a batch is to collect experiences for the trajectory memory D. The agent
interacts with the environment using the current policy π to collect rewards for nsteps sim-
ulation steps. The collection of experiences are also known as a batch where nsteps is the
batch size. Note: the size of a batch can also be referred to as T . Once these experiences
are collected, two values are calculated for each experience tuple: The return Rt and the
estimated advantage Ât. The function of these values will be explained in later sections.

In the second phase, the agent is trained with the collected experiences. Firstly, n experience
samples are taken randomly from the trajectory memory, named a mini-batch B. The amount
of samples in the mini-batch can be referred to as nmini−batch. For each sample in the mini-
batch loss is calculated through a series of operations, as can be seen in Figure 2-4 and will
be explained in further sections. This loss over this mini-batch is then averaged and back-
propagated over the weights and biases θ in the Actor-Critic Network. One of these cycles is
called an epoch and gets repeated nepoch times.

Finally, the updated policy will be used for the collection of the next batch of experiences
while the policy before updating is saved as θold. Since the policy that is learned is also used
to collect new experiences in the next update cycle, PPO is an on-policy algorithm. The total
number of time-steps over the complete training process is referred to as Ttotal

K. F. Ceton Master of Science Thesis



2-2 Deep Reinforcement Learning 11

Value- and Action-Value function

Reinforcement learning algorithms leverage value functions and action-value functions. The
value function represents the expected cumulative reward that an agent can obtain, starting
from state st and following policy π thereafter. Formally, it is defined as the expected sum
of discounted future rewards, taking into account the probability distribution of future states
and actions dictated by the policy π [34]. More informally, it is a measure of how "good" a
certain state is under a certain policy. Mathematically, it is defined as:

V π(s) := Eπ

[ ∞∑
k=0

γkrt+k+1 | st = s

]

The Q-value function, or action-value function, represents the expected cumulative reward
that an agent can obtain, starting from state st, taking action at, and subsequently following
policy π. It provides a measure of the long-term benefit of taking a particular action in
a particular state under a given policy, guiding the agent to choose actions that maximize
cumulative rewards. Mathematically, it is defined as:

Qπ(s, a) := Eπ

[ ∞∑
k=0

γkrt+k+1 | st = s, at = a

]

The value- and action-value function can be used to calculate the advantage function. The
advantage function, A(s, a), measures the relative value of a state-action pair compared to
the value of the state alone. It provides a way to assess how much better or worse it is to
take a specific action at in state st, compared to the average value of being in state st and
following policy π [34]. It is defined as:

Aπ(s, a) := Qπ(s, a)− V π(s)

Both the value- and action-value function are functions of π and expected values since the
process is assumed stochastic and the transition functions are unknown. To estimate these
functions, PPO leverages a neural network as function estimator. In the next paragraphs,
it is explained how to estimate these functions and how to balance bias and variance in the
estimation.

N-step returns

N-step returns is an important concept in value- and action-value function estimation. As
mentioned, the value-function is approximated by a neural network. A neural network is a
graph of weights and biases θ which can estimate highly non-linear behavior. More in depth
mechanics will be discussed in section 2-2-2. For now, Vθ(st) is defined as the value-function
estimator produced by the NN.

When estimating the cumulative discounted reward Rt, we can use the Monte-Carlo return,
which is defined as:
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12 Deep Reinforcement Learning

R
(∞)
t :=

T −t∑
l=0

γlrt+l

R
(∞)
t provides an unbiased sample of the expected return at a given state, but due to stochas-

ticity from the dynamics of the environment and policy, each reward rt can be a random
variable, the sum of which can result in a high variance estimator of the expected return [26].
On the other hand, there is the 1-step return which is defined as:

R
(1)
t := rt + γVθ(st+1)

In the 1-step return, the expected return is the sum of the reward after the first time-step
and the value-function estimator at the next state. The value-function estimator is a value
assigned to a state which has been updated over many samples. Therefore, it has lower
variance but does introduce bias. Logically, the 1-step return has relatively high bias and low
variance. To balance the bias and variance trade-off, n-step returns was introduced and is
defined as follows:

R
(n)
t :=

n−1∑
l=0

γlrt+l + γnV (st+n) (2-5)

Here, we can balance the variance-bias trade-off by setting n. This concept is leveraged in
Generalized Advantage Estimation and is presented in the following paragraph.

λ-returns

Another method to trade off between the bias and variance of the estimator is to use a λ-return
[33], calculated as an exponentially-weighted average of n-step returns with decay parameter
λ:

Rt(λ) := (1− λ)
∞∑

n=1
λn−1R

(n)
t

Note that this is a summation over the R
(n)
t n-step returns as defined in Equation 2-5. As-

suming all rewards after step T are 0, such that R
(n)
t = RT −t

t for all n ≥ T − t, the infinite
sum can be calculated according to:

Rt(λ) := (1− λ)
T −t−1∑

n=1
λn−1R

(n)
t + λT −t−1RT −t

t (2-6)

λ = 0 reduces to the single-step return R
(1)
t , and λ = 1 recovers the Monte-Carlo return R

(∞)
t .

Intermediate values of λ ∈ (0, 1) produces interpolants that can be used to balance the bias
and variance of the value estimator. In short, the Rt(λ) is the expected cumulative reward in
a certain state s which balances bias and variance by balancing the weighing in of the existing
value function estimator and the sample.
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Generalized Advantage Estimator GAE(λ)

In section 2-2-2, the advantage function was defined as the action-value function minus the
value function. As a true-value function approximator, Rt(λ) is used. The Generalized
Advantage Estimation (GAE) is used to estimate the advantage function Â.

GAE(γ, λ) : Ât := Rt(λ)− Vθ(st)

GAE(γ, λ) is a function of γ, which indicated how heavily we weight future rewards as seen
in Equation 2-5. It is also a function of λ, which controls how heavily we weight either the
sample or the estimator. In Figure 2-5, a clarifying overview is shown.

GAE(γ, 0) : Ât = δt = rt + γV (st+1)− V (st)

GAE(γ, 0) results in the TD-error, defined as δt.

GAE(γ, 1) : Ât =
∞∑

l=0
γlδt+l =

∞∑
l=0

γlrt+l − V (st)

High Bias, Low Variance Low Bias, High Variance

GAE(γ, 0) GAE(γ, 1)

Figure 2-5: Bias-Variance Spectrum with GAE(γ, 0) representing high bias and low variance,
and GAE(γ, 1) representing low bias and high variance.

Clipped surrogate loss function

The loss-function is a function which magnifies errors in the neural network estimation. It
is a surrogate loss function since it is an estimation of the true policy gradient objective. In
PPO, it is defined as:

LCLIP+VF+S
t (θ) = Et

[
LCLIP

t (θ)− cvf LVF
t (θ) + centS[πθ](st)

]
(2-7)

It consists of three separate elements, the clipped actor loss, the weighted value function loss,
and the weighted entropy bonus [30]. Firstly, the clipped loss function is defined as:

LCLIP
t (θ) = min

(
rt(θ)Ât, clip (rt(θ), 1− ϵ, 1 + ϵ) Ât

)
(2-8)

It is a minimal function of two elements. rt(θ) is the ratio between the old policy and the
new policy for a given state st and action at. It is defined as rt(θ) = πθ(at|st

πθold
(at|st) . If rt(θ) > 1 ,

action at at state st is more likely in current policy. If rt(θ) ∈ [0, 1] , action at at state st

is more likely in old policy. The first element, rt(θ)Ât, therefore represents a measure for the
relevance and positive impact of an action. The second element is a clipped version of this
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14 Deep Reinforcement Learning

Figure 2-6: Loss behavior based on ratio and advantage. [30]

term. The clipping constrains the magnitude of the LCLIP for actions that are more likely
in the new policy and have a positive impact. On the other hand, negative actions that are
more likely in the old policy will receive a constant penalty. Also, actions that are more likely
in the new policy and have a negative impact are not constraint on the magnitude of the
penalty. In Figure 2-6 and Table 2-3, provide intuition and overview of the concept.

A > 0 A < 0
rt(θ) ∈ [0, 1] Gradual increase of loss Negative upper bound on loss

rt(θ) > 1 Positive upper bound on loss Gradual decrease of loss

Table 2-3: Loss behavior based on ratio and advantage.

The value-function loss term is defined as:

LVF
t =

(
Vθ(st)− V targ

t

)2
(2-9)

Where V target is an estimation of the sample with Rt(λ) and Vλ(st) is the value-function
estimator at st. This represents the value-function estimation error and grows in magnitude
as the accuracy of the estimation is poor. This term is used as expected value over all the n
samples in a mini-batch. Therefore, the term in Equation 2-7 is equal to the following:

Et[LVF
t ] = 1

n

n∑
i=0

(
Vθ(si)− V targ

i

)2
(2-10)

The final term, the entropy bonus, is defined as:

S[πθ](st) = −
∑
a∈A

πθ(a|st) log(πθ(a|st)) (2-11)

In reinforcement learning, the entropy represents the unpredictability of the actions. The
higher the entropy, the less certain the taken action is. Ideally, the entropy should decrease
over time during training. The complete loss function is used to update the Actor-Critic neural
network through stochastic gradient descent which is elaborated on the following paragraph.
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Neural Networks

neural network consist of nodes interconnected layers of nodes which are able to map highly
non-linear function between in- and output layers. Each connection between nodes has an
associated weight θw, and each node has a bias θb, both are referred to as θ [8]. The linear
operation for a single node can be expressed as:

z = θw · x + θb,

where x is the input to the node. This linear combination is then passed through an activation
function ϕ(z), which introduces non-linearity into the model. One common activation function
is the Rectified Linear Unit (ReLU), defined as:

ReLU(z) = max(0, z).

In Proximal Policy Optimization, the actor-critic framework is used where shared layers
provide a common representation, and separate output layers generate the policy (actor) and
value function (critic). Stochastic Gradient Descent (SGD) is an optimization algorithm used
to minimize the loss function by iteratively updating the model parameters in the direction
of the negative gradient [8]. The update rule is given by:

θ := θ − α∇θL(θ),

where θ represents the weights and biases in the network, α is the learning rate, and L(θ) is
the loss function. ∇θL(θ) is the partial derivative of the loss with respect to all parameters θ

defined as ∇θL(θ) =
(

∂L
∂θ1

, ∂L
∂θ2

, . . . , ∂L
∂θmax

)
. The Adam optimizer is an extension of SGD that

adapts the learning rate for each parameter, combining the advantages of both AdaGrad and
RMSProp [17].

2-3 Conclusions

In conclusion, this chapter established the foundational principles of reinforcement learning
and deep reinforcement learning by introducing the Markov Decision Process (MDP) frame-
work and techniques to solve it.

We then transitioned to Deep Reinforcement Learning, focusing on the Proximal Policy Opti-
mization algorithm. An in-depth examination of PPO covered its underlying mechanics, such
as Generalized Advantage Estimation and the clipped surrogate loss function.

In the upcoming chapters, we will apply the PPO algorithm to our specific case study of
Traffic Signal Control, building upon the concepts discussed here.
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Chapter 3

Deep Reinforcement Learning in
Traffic Signal Control

Traffic Signal Control is a complex challenge due to the unpredictable and dynamic nature of
traffic flow in urban environments. Traditional methods like fixed-time scheduling and adap-
tive strategies such as max-pressure control and Model Predictive Control (MPC) have been
utilized to manage traffic effectively. However, these approaches often require detailed traffic
models and extensive domain knowledge, making them less adaptable to rapidly changing
traffic conditions.

With the increasing availability of real-time data from sensors and vision systems, there
is an opportunity to develop methods that can leverage this data more effectively. Deep
Reinforcement Learning offers a promising solution by learning control policies directly from
data without relying on explicit traffic models.

The application of Deep Reinforcement Learning in Traffic Signal Control has been studied
and developed over time. Several works utilize Deep Q-Networks (DQN) [35, 39, 43, 22],
while others apply Proximal Policy Optimization combined with a traffic signal control unit
to manage minimal light times [24].

In this chapter, we focus on using Proximal Policy Optimization in single-agent setting to
manage traffic in a single 4-legged intersection. In section 3-1, we introduce the TSC en-
vironment and terminology. We will cover classical control methods such as fixed-time and
max-pressure strategies, as well as the traffic simulation models. In section 3-2, we explain
the integration of PPO into TSC in terms of design choices in observation space, action space
and reward function. Thereafter, we present the novelty high sampling frequency approach
in combination with strategies like Invalid Action Masking and penalizing invalid actions. Fi-
nally, we present a framework capable of handling pedestrian traffic flows at the intersection.
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18 Deep Reinforcement Learning in Traffic Signal Control

3-1 Traffic Signal Control

The following section introduces the Traffic Signal Control problem. The case specific configu-
ration is presented, the simulation models and the traffic generation models. Finally, classical
Traffic Signal Control policies are introduced.

3-1-1 Intersection configuration

In this research scope, a single 4-legged intersection is considered. In Figure 3-1, a schematic
overview of the crossing is shown. The intersection has traffic coming and flowing from four
directions; North, West, South and East. From each direction, vehicles can flow into the
other three remaining directions; turn left, go straight or turn right. This results in twelve
directions in total. This defines the configuration of the intersection and remains the same
for varying amounts of lanes l. In Figure 3-1, a 12 lane layout is shown, which is also used
for the case studies. The lanes are numbered clockwise starting from the link North to East.
The incoming lanes are therefore notated as:

li ∈ L where L = {l0, l1, · · · , lin−max}

Similarly, the outgoing lanes are defined as:

lout,i ∈ Lout where Lout = {lout,0, lout,1, · · · , lout,out−max}

A link is defined as a path from an incoming to an out coming lane. Logically, a lane l can
have multiple links. Each link is controlled with a single traffic-signaler. The controlled links
are denoted as ci,o, where i is the incoming lane index and o is the outgoing lane index. For
Figure 3-1, the set of traffic signalers is defined as:

ci,o ∈ C where C = {c0,11, c1,7, . . . , ci,o}

In Figure 3-1, every lane has a single link, therefore, the ci,o notation can be simplified to
indexing the links clockwise, similarly to the l indexing. Also, the controlled links c can have
three possible values: green, red and yellow. Intuitively, green indicates the cars can leave
the lane, red indicates the cars have to wait and yellow indicates a transition between green
and red. Therefore, the following holds:

ci,o =


’g’ if cars can leave the lane
’r’ if cars have to wait
’y’ if in transition between green and red

A phase is defined as a specific combination of controlled links in which none of the controlled
links conflict. In this thesis, both an 4 phase and an 8 phase configuration was used in the
control of the intersection. These are based on the ring-and-barrier scheme, a broadly used
phase configuration scheme [31]. in Figure 3-2, all the possible phases are shown. Phases
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3-1 Traffic Signal Control 19

Figure 3-1: Schematic overview of an intersection with four directions, twelve incoming lanes l,
twelve outgoing lanes lout and twelve controlled links c.

Figure 3-2: Overview of the possible phases. In the 4-phase approach, phase 0 to 3 are included.
In the 8-phase approach, all the phases above are included.
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20 Deep Reinforcement Learning in Traffic Signal Control

can also be referred to as actions. When using the 4-phase configuration, only the phases
{0, 1, 2, 3} are possible to transition to. In the 8-phase configuration, the applied policy or
algorithm can transition to all of the phases 0 to 7.

In Traffic Signal Control, there are multiple traffic signaler constrains such as the yellow time
and the minimal green time (MGT). The yellow time is the minimal time that a part of the
phase is to be in transition before completely switching to a new phase. In most of the US,
the yellow time must be a minimum of 3 seconds and a maximum of 6 seconds [1]. Minimal
green time assures that once a lane switches to green, there is a minimal time it needs to
maintain the green state. This is also to assure safety and reliability. These constrains will
play a important role in the development of a high-frequency sampling approach. In the
following section, we will present the traffic flow models and simulation tools.

3-1-2 Simulation models

Real-life traffic scenarios are inherently highly non-linear and chaotic due to the unpredictabil-
ity of driving behavior and the constant cause-and-effect of small movements. Traffic can be
modeled on a macroscopic and microscopic level. On a macroscopic level, the vehicles are
considered as unified flows and not as individual vehicles. A relatively simple approach is to
model these flows as a linear, first order set of differential equations which represent the queue
length per lane over time [2]. To improve the model and better fit the non-linear behavior,
models in increasing complexity exist such as the S-model [20].

The idea of microscopic modeling of traffic flow is to describe the dynamics of each individual
vehicle as a function of the positions and velocities of the neighboring vehicles. In general, the
two dynamical processes have to be considered; a car-following model and a lane-switching
model.

Car-following model

The fundamental model underneath microscopic traffic flow simulators is a car-following model
of which there are many variations in literature. In this thesis, it was decided to use the Krauss
Car-following model [18]. It is a safe-distance model that models how a vehicle adjusts its
speed based on the distance to the vehicle ahead. This model ensures that each vehicle
maintains a safe distance to avoid collisions, accounting for current speed, desired speed,
and the deceleration capabilities of the vehicle. These dynamics are governed by multiple
equations and multiple tuning parameters to adjust the driving behavior. The Krauss model
is computationally efficient, making it suitable for large-scale simulations and widely used in
traffic simulators [18]. An open source traffic simulator that uses this model is Simulator of
Urban MObility (SUMO).

Lane-switching model

Besides the car-following model, ensuring realistic one-dimensional driving behavior, a lane-
switching model is used to replicate driving behavior across multiple lanes. For this thesis,
the ’LC2013’ lane-changing model was used [5]. This model derives lane-changing rules based
on multiple parameters which reflect the decision process of changing lanes from a drivers
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perspective. The ’LC2013’ model formulates safety and incentive criteria, preventing critical
lane changes and considering the advantages and disadvantages of other drivers using the ’po-
liteness factor’. This allows varying motivations from egoistic to cooperative driving behavior,
which creates realistic lane-changing dynamics.

3-1-3 Classical methods

In the following section, two classical Traffic Signal Control methods are presented; a fixed-
time and a max-pressure approach. Fixed-time is a previously defined approach that does
not leverage information of the traffic-state, whilst max-pressure is an adaptive method which
does use real-time information on the state of traffic [4]. Both methods will serve as a baseline
for the Deep Reinforcement Learning approach.

Fixed-time

Fixed-time does not leverage any real-time information of the traffic state. Therefore, it is a
relatively naive approach. the current phase cycles through either the 4-phase or the 8-phase
configuration, according to predefined time-intervals.

Max-pressure

The max-pressure approach is an adaptive approach as it adapts to the traffic conditions
in real-time. For every controlled link, the ’pressure’ difference is calculated between the
incoming lane and the outgoing lane. Pressure in Traffic Signal Control (TSC) is defined as
the difference in density of lanes between the incoming and outgoing lanes. Mathematically,
pressure P for a link (i, o) can be represented as:

Pi,o = Ni

Ni,max
− No

No,max

where Ni is the number of vehicles in the incoming lane, No is the number of vehicles in the
outgoing lane and Ni,max and No,max are the maximal number of vehicles that fit on the lane
in- and outgoing lane, respectively. The phase with the highest pressure is chosen at time
step t:

a(t) = arg max
a∈A

∑
(i,o)∈a

Pi,o

where A is the set of all possible actions or phases, and (i, o) ∈ a represents the links controlled
by phase a. This selection aims to maximize the pressure relief on the network. Since outgoing
lanes have no pressure (i.e., No = 0) the max-pressure approach operates as a greedy method
[37].
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3-2 Deep Reinforcement Learning in TSC

This section presents the application of Proximal Policy Optimization to the Traffic Signal
Control problem. First, the architecture and design choices for the Proximal Policy Opti-
mization agent’s parameters are discussed. Next, the concept of high-frequency sampling is
introduced, opposed to low-frequency sampling. Following this, four strategies are proposed
to address the challenges posed by minimal green time complexities. Finally, a multi-model
DRL framework incorporating both pedestrian and vehicle traffic is presented.

3-2-1 Architecture

In the following section, the design choices and architecture of a Deep Reinforcement Learning
Proximal Policy Optimization approach to a 4-legged single traffic intersection are presented.

Observation space

When using Deep Reinforcement Learning in Traffic Signal Control, the observation space
can be defined in various ways. To include information on the state of the vehicles, the queue
length per lane and the density per lane are commonly considered [42]. The observation space
at time-step t should contain enough information to map the states and actions consistently
to reward. A larger observation space requires more computational demand, while a too small
observation space may lack the information needed for effective decision-making. To find an
effective observation space representation, there are various methods such as self-supervised
and unsupervised pre-training [45]. In this thesis, given the range of computational strength
and time, we have mainly considered the following observation entries for the vehicle 4-legged
intersection. At each time-step t, the observation space can be represented as a vector s⃗t.
This vector equals the st variable as defined in chapter 2.

st : s⃗t = [s⃗CF, sMGT, s⃗QL, s⃗LD]

Where:

• s⃗CF: Current phase (CF) — The current phase active in the environment at time
step t, represented as a one-hot encoded vector. The length is equal to the size of the
action space. Example: [0, 0, 1, 0] indicates that the third phase is active in a 4-phase
configuration.

• sMGT: Minimal green timer (MGT) — A scalar value that indicates whether any
minimal green time constraint is active at time step t. Example: [1] indicates there is
a minimal-green time running.

• s⃗QLi
: Queue length (QL) — The normalized length of the queue of cars per lane

i, where a car is considered part of the queue if it is traveling at a speed lower than
0.1 m/s. The dimension of this part of the vector corresponds to the maximum number
of input lanes lin−max.
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• s⃗LDi : Lane density (LD) — The normalized density of the cars present in lane i at
time step t. If a lane is completely full, the density is equal to 1. The dimension of this
entry also corresponds to the maximum number of input lanes lin−max.

Action space

In literature, many possible action spaces are considered. Whether or not to switch to the
next phase in a cycle based sequence, the phase duration in a cycle based-sequence or what
phase to choose next in a non-cycle based sequence [42]. In this work, we proposed the latter.
As described in subsection 3-1-1, the action space used was either the 4-phase or the 8-phase
configuration, as visualized in Figure 3-2. The agent was free to choose any action from
any previous action. The action space at each time-step t can be represented as a vector of
probabilities conditioned on the current state st, denoted as:

a⃗t = [p(a1|st), p(a2|st), . . . , p(an|st)]

Where p(ai|st) represents the probability of selecting action ai given the state st, and n is the
number of possible actions. As described in subsection 2-2-2, during training the performed
action will be chosen according to the probability distribution. During the testing, the action
with the highest probability will be performed.

• Dynamic transition states: In case the agent wants to switch phase, we calculate a
transition state between the current and the next phase. We check a conflict matrix, a
matrix containing all conflicting lanes, to see if there are any conflicts between the two
phases. In some cases, lanes can maintain the green state over a transition.

• Prolonged green states: If a link ci,o is green in the current phase and in the next,
the green light is maintained. The same goes for a red state.

Reward Function

The reward function guides the learning process of the agent, aiming to minimize the total
time-loss for all traffic. Two reward function options were implemented. The first is the
Negative Summed Queue Length, which penalizes the agent based on the total queue length
across all lanes and vehicles. It is defined as:

rt = −
Lin,max∑

i=1

vlast∑
j=1

qi,j(t) (3-1)

where rt is the reward at time step t, qi,j(t) represents the queue contribution of vehicle j in
lane i at time t, Lin,max is the total number of lanes, and vlast is the index of the last vehicle
in each lane. A smaller queue length results in a less negative reward, encouraging the agent
to minimize queues.
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The second option is the Negative Summed Difference in Delay, which focuses on minimizing
the difference in delays experienced by all vehicles. It measures the change in waiting time
between two time steps and penalizes the agent for increasing delays. It is defined as:

rt = −
Lin,max∑

i=1

vlast∑
j=1

[
delayi,j(t)− delayi,j(t− 1)

]
(3-2)

where delayi,j(t) represents the waiting time of vehicle j in lane i at time t, and delayi,j(t−1)
is the waiting time for the same vehicle in the previous time step. The summation covers
all lanes till Lin,max and vehicles vlast. By penalizing increases in waiting time, this reward
function encourages smoother traffic flow and reduces variations in delays.

3-2-2 A High-Frequency Sampling Approach

To the best of our knowledge, the effect of the sampling frequency for Deep Reinforcement
Learning approaches in Traffic Signal Control has not been thoroughly considered. The time
in between actions is referred to as the delta time ∆t, which is inversely proportional to the
sampling frequency. Some works use variable ∆t with a minimal of 3 seconds [35]. Others
use constant high update delta times between the 5-25 seconds [39, 43]. Other works do not
explicitly mention the ∆t used during training and testing [22]. We propose a high-frequency
sampling approach, where the agent will update its observation space and provide an action
every second. As mentioned in chapter 1, this could lead to a more agile and flexible policy,
which can lead to better performance in terms of time-loss and disturbance rejection.

In Figure 3-3a and Figure 3-3b, a visualization of the low-frequency sampling (LFS) and
high-frequency sampling (HFS) approach is presented. In both figures, the states of the
traffic signalers of three separate lanes, l = 0, l = 1 and l = 2 are depicted. l = 0 maintains
the green state over all of time. l = 1 transitions from green to red and l = 2 transitions from
red to green. The dotted lines indicate the moments in time where the agent observes the
state-space and produces an action. In Figure 3-3a, on t + ∆t, the agent decides to switch
from action a = 1 to action a = 2.

In Figure 3-3b, the sampling occurs every second. Therefore, the agent considers the state-
space and produces an action probability every second. Without any constraints or modifi-
cations, this approach could violate the yellow time and the minimal green time constrains
in l = 1 and l = 2, respectively. In the following paragraphs, four strategies are proposed
to counter-act on this problem; Action Overrule, penalization, Naive Invalid Action Mask-
ing (NIAM) and Non-naive Invalid Action Masking (NNIAM).

3-2-3 Invalid Action Masking

The core idea of Invalid Action Masking is to "mask out" actions that are invalid in the
current state-space. Invalid Action Masking has been extensively applied in solving big open-
map computer games with significantly large discrete action spaces in combination with Deep
Reinforcement Learning [25, 38]. In policy optimization methods, Invalid Action Masking
refers to an extra operation on the output probability distribution of the action space. Invalid
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(a) Low frequency sampling. (b) High frequency sampling.

Figure 3-3: Comparison of low-frequency sampling (LFS) and high-frequency sampling in equal
traffic signaler configurations. The picture displays when the decision moments occur (dotted
vertical lines) and when the actual decision occurs (colored background). In Figure 3-3b, the
constraint states are colored more strongly.

Action Masking can be subdivided into two types; Naive Invalid Action Masking and Non-
naive Invalid Action Masking [13] which will be presented in subsection 3-2-4. In this section,
the case-specific action masking function and the industry standard Action Overrule will be
presented.

Masking function

Invalid Action Masking (IAM) starts with a masking function, m(a|s). This function takes in
a state s and an action a and applied case-specific logic to decide whether the action is valid.
It outputs a 1 if the action is valid in the state and a 0 if it is invalid. The masking vector m
is defined as the action validity for the full action space for a certain state, defined as:

m = [ma (a1 | s) , ma (a2 | s) , · · · , ma (an | s)] ,

where ma (ai | s) =
{

1, if ai is valid in s,

0, if ai is invalid in s.

(3-3)

The masking function build into the single 4-legged intersection produces either a 0 or a 1
based on the yellow times and minimal green times. During simulation, we keep track of the
yellow time and minimal green time per link per time step. If a new action is inserted, every
individual link will be checked on whether it will switch to another state and whether that
would violate any minimal time constraints. Since it is done on link level (per individual link
ci), flexible action transitions are possible, as visualized in Figure 3-4.

Action Overrule

Action Overrule is a relatively straightforward approach. In the case of Proximal Policy
Optimization with deterministic action-sampling, the agent outputs an action for t + 1. This
action is fed to the masking function m(a|s), which will either declare it valid or invalid.
If valid, the environment is fed the preferred action. If invalid, the environment is fed the
previous valid action. In Figure 3-5, a schematic overview of the masking function and Action
Overrule can be observed.
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Figure 3-4: Light green arrows represent green state links which have not fulfilled its minimal
green time yet and dark green arrow means they have fulfilled the minimal green time and can
be changed. Due to link depended masking mechanics, this phase transitions and comparable
transitions are possible, opposed to more strict minimal green time mechanics.

This approach can be considered strongly naive because when an action is invalid and ’over-
ruled’ it is not performed in the actual environment whilst it is fed back to the agent as if it is
performed. This causes the agent to link certain actions in certain states to certain rewards
whilst these actions did not actually occur. Therefore, it can perform random actions during
these occurrences whilst not receiving any constructive feedback. Since there is a MGT timer
in the observation space, the agent can link this "ineffectiveness" to the MGT being 1. When
the MGT is 0, the agent does have effect, since its actions are actually implemented.

Penalizing Invalid Actions

A possible method to minimize invalid actions is by penalizing invalid actions. Every time the
agent takes an invalid action, it is penalized by a certain negative scalar. This method could
learn the agent to not take invalid actions and possible improve or worsen its performance.
However, this can be considered a soft constraint as we still need another mechanism to
overrule the invalid action chosen.

3-2-4 Naive- and Non-Naive Invalid Action Masking

Naive- and Non-Naive Invalid Action Masking in policy optimization methods both employ
the same forward pass: The action probabilities of invalid actions in state s are set to zero,
thereafter the probability distribution is re-normalized and the action is sampled. The differ-
ence between Naive and Non-Naive is in the propagation [14].

Naive Invalid Action Masking

The masked policy is defined as the policy in which the action probabilities of the invalid
actions are set to zero and is notated as πm

θ (a|s). In NIAM, the masked policy is used to
interact with the environment. However, the unmasked policy is used to update the LCLIP

loss function and perform stochastic gradient descent over the parameter θ, as visualized in
Figure 2-4. Therefore, the agent is not updated over the perturbed action probabilities and
is ’naive’ to the masking concept.
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yes

no

no
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Figure 3-5: The forward pass mechanics of action adjustment strategies. In gray, the masking
function is visualized. Below, the Action Overrule and Invalid Action Masking strategy are de-
picted.

Non-naive Invalid Action Masking

Non-naive Invalid Action Masking, as the name suggests, does use the masked probability
distribution to update the Proximal Policy Optimization parameters θ. Therefore, the term
rt(θ) in Equation 2-8 will be constructed with masked distributions:

rt(θ) = πθ(at | st)
πθold(at | st)

→ rm
t (θ) = πm

θ (at | st)
πm

θold
(at | st)

(3-4)

Also, the policy used to calculate the entropy bonus in Equation 2-11 is replaced by the masked
policy. Huang et. al. empirically showed in an experiment that Non-Naive converges slightly
faster during training [14]. Hou et. al. continues on this concept, provides mathematical
proofs and presents a novel Invalid Action Masking approach where Naive and Non-Naive
strategies are combined [13]. In Figure 3-5, the architecture with the (Non)-Naive Invalid
Action Masking functionality is depicted.

In Algorithm 1, a pseudo-code of the full Proximal Policy Optimization algorithm with the
Non-naive Invalid Action Masking implementation is shown. The difference between naive
and non-naive Invalid Action Masking is also visible here; If we use the non-masked policy
πθ in line 22 and 25 to calculate the ratio and the entropy loss, respectively, we would have
Naive Invalid Action Masking. If we do use the masked policy πm

θ , we have Non-naive Invalid
Action Masking.
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Algorithm 1 Proximal Policy Optimization with Non-Naive Invalid Action Masking
1: θ ← initialize random weights
2: while not terminated or truncated do
3: s0 ← initiate state
4: for step = 1, . . . , T do
5: s← s′ previous end state is new state
6: a ∼ πm

θ (a|s) use masked policy to sample action
7: Apply a and simulate forward one step
8: s′ ← end state
9: r ← reward

10: record sample (s, a, r, s′) into memory D
11: end for
12: for each (si, ai, ri, s′

i) in D do
13: Ri ← compute return using R(λ) and add to memory D
14: Âi ← compute advantage using GAE(λ) and add to memory D
15: end for
16: θold ← θ
17: for each epoch do
18: Randomly shuffle samples in memory D
19: for each minibatch do
20: Sample minibatch of n samples {(si, ai, ri, s′

i, Ri, Âi)} from D
21: for each sample in minibatch do
22: Compute policy ratio ri(θ) = πm

θ (ai|si)
πm

θold
(ai|si)

23: Compute policy loss LCLIP
i = min

(
ri(θ)Âi, clip (ri(θ), 1− ϵ, 1 + ϵ) Âi

)
24: Compute value function loss LVF

i =
(
Vθ(si)− V targ

i

)2
note : V targ

i = Ri

25: Compute entropy loss LS
i = −

∑
a∈A πm

θ (a|si) log πm
θ (a|si)

26: end for
27: Compute LCLIP+VF+S = 1

n

∑n
i=0(LCLIP

i + LVF
i + LS

i )
28: θ ← θ + α∇θLCLIP+VF+S

29: end for
30: end for
31: end while

3-2-5 Pedestrian Traffic Flows

In many real-life scenarios, pedestrians form a part of the traffic flow mechanics. Therefore,
pedestrians were included to the framework. In several recent works, pedestrian traffic flows
are included [10]. These do not consider minimal light times and higher sampling frequencies.
In Figure 3-6a, the new intersection layout can be seen in the SUMO simulation environment.

Observation Space

To make the agent aware of the new pedestrian traffic flows, three elements were added to the
observation space, as summarized below. In Figure 3-6b, the new observation space elements
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can be observed. At each time-step t, the extended observation space can be represented as
a vector s⃗t:

st : s⃗t = [s⃗CF, sMGT, s⃗QL, s⃗LD, s⃗WA, s⃗CD, sMGT-PED]

Where:

• s⃗WA: Walking Area Densities — The normalized densities of pedestrians in each
walking area. The walking area is defined as the pedestrian corner on the intersection.
For a four-legged intersection, there are four walking areas in total, labeled "0" to "3" as
can be seen in Figure 3-6b. The normalized density is defined as WAcount/WAmax count.

• s⃗CD: Crossing Densities — The normalized densities of pedestrians waiting to cross
each crossing. There are four crossings labeled "0" to "3". Pedestrians in walking areas
contribute to the crossing densities, providing more precise information on the direction
of the pedestrians.

• sMGT-PED: Minimal Green-time pedestrians — A scalar value that indicates whether
any minimal green time constraint for pedestrians is active at time step t. Pedestrians
need more green time to fully cross; therefore, this timer strictly follows the pedestrian
green times.

As these three elements are added to the observation space, the total number of elements in
the extended observation space is now 44.

(a) 4-legged intersec-
tion with pedestrian
traffic flows.

(b) Observation space extension
visualization for pedestrian traffic
flows.

Figure 3-6: A visualization of the expansion to a pedestrian traffic flow included environment. In
(b) we can observe the "walking areas" in blue, labeled 0 to 3. Also, we can observe the crossings,
indicated with a orange arrow, labeled 0 to 3 in red.

Action Space

To have pedestrians cross, there are pedestrian crossing phases needed. The most basic action
space expansion to include pedestrian crossings is by introducing two new phases which are
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Figure 3-7: Pedestrian actions North-South (Left) and East-West (Right). Long bidirectional
arrows indicate pedestrian crossings. Light-green arrows indicate movement is allowed, but drivers
must yield to pedestrians crossing.

visualized in Figure 3-7. Therefore, the 4- and 8-phase action space configurations as defined
in Figure 3-2 can be expanded to include pedestrians. Adding the new pedestrian phases this
would give two new configurations named: 6-phase and 10-phase action space.

A further expansion can also be done to more possible actions, where it is also allowed to
have partial pedestrian crossings. This included having on only one pedestrian crossing for
instance. The expansion would end up in a 16-phase action space. This would increase the
training time as the agent is to explore more possible state-action configurations.

Reward Function

The reward function is also to include pedestrian traffic flows. This will be a new element in
the reward function. The reward function for the pedestrian traffic flow framework is defined
as:

rt = w1 ×∆Dt,veh + w2 ×∆Dt,ped (3-5)

The reward function consists of the following elements. rt is the total reward at time t. The
term w1 represents the weight factor for vehicle traffic optimization, and ∆Dt,veh denotes
the change in vehicle delay at time t as defined for vehicles in Equation 3-2. Similarly, w2
is the weight factor for pedestrian traffic optimization, and ∆Dt,ped signifies the change in
pedestrian delay at time t.

Pedestrians or vehicles can be prioritized by adjusting the weight factors w1 and w2 in the
reward function. Increasing w1 places more emphasis on reducing vehicle delays, thus prior-
itizing vehicle traffic flow. Conversely, increasing w2 emphasizes reducing pedestrian delays,
thereby prioritizing pedestrian movement.

3-3 Conclusions

In this chapter, we introduced Traffic Signal Control for 4-legged single intersections. We
presented the configuration, the simulation tools and the classical control methods such as a
max-pressure and fixed-time approach. Thereafter, we expanded to using Deep Reinforcement
Learning in Traffic Signal Control. We presented recent works in this field which relate
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to our research and presented the flaws in these works: Low-frequency sampling and little
consideration of pedestrian traffic flows.

Next, we presented the main idea of a high-frequency sampling Deep Reinforcement Learning
approach to the problem and we identified newly introduced complexities. For these complex-
ities, we presented various possible solutions such as NIAM, NNIAM and penalizing invalid
actions. We also introduce a framework which includes pedestrian traffic flow flows and can
potentially prioritize either pedestrians or vehicles on over the other.

In the following chapter, we will present the case studies which were conducted to test the
research questions and hypothesis we presented.
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Chapter 4

Case Study

This chapter presents three case studies. We begin with section 4-1, which outlines the
general setup, including how the Python frameworks, libraries, and simulation tools are in-
terconnected. This section also describes the traffic demands, the evaluation procedures for
traffic control policies, and the performance metrics used.
We then present three case studies: A-I, A-II, and B.
In section 4-2 contains Case Study A: Here, we evaluate the performance of the PPO model
over various sampling frequencies. We approach it in a relatively straightforward manner
as we apply the low-frequency Action Overrule approach to all models. In section 4-3 we
present Case Study A-II: We take a deeper dive into the high-frequency sampling PPO model,
applying NNIAM and parallel training in an effort to improve performance. In this case study,
we also conduct a detailed comparison between the PPO models and baseline models such as
max-pressure and fixed-time. We perform several sensitivity analyses and conclude with an
assessment of how effectively invalid actions are handled. Finally, in section 4-4, we present
Case Study B: It shifts focus from high-frequency sampling to address the second sub-research
question. We apply NNIAM and train models to prioritize between traffic modes in this multi-
modal traffic scenario.

4-1 Set-up

This section outlines the set-up for the case studies. We present the intersection layouts
used, the configuration of the Python classes, the traffic demands and their variations from
the baseline flows, the random seed generators for reproducibility, the testing settings for
evaluating policies, and the performance metrics used to judge and evaluate the models.

4-1-1 Software Design

To facilitate the case studies, we constructed multiple interconnected Python classes that share
information at each time step. Figure 4-1 illustrates the inter connectivity of these classes.
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simulation tool

SUMO bridge library Environment Traffic Signaller

State observations 

PPO
Non-Naive IAM

Traffic Generator

Figure 4-1: Flow of information in the Python setup. This overview provides a general idea of
the various Python classes built to run the experiments. Arrows indicate data flow.

The Env class functions as the environment. We leaverage the open-source Gymnasium library,
which allows us to model custom systems as a Reinforcement Learning framework. This class
communicates with Traffic_sig, which controls the traffic signals. It can overwrite actions
and start a protocol to send actions to the simulation tool SUMO. To communicate with
SUMO, we use the open-source Python library Traci as a data pipeline to communicate with
SUMO. The Stable Baseline 3 (SB3) library allows us to integrate PPO mechanisms
into the environment. The observ class observes the traffic conditions and encodes them
to an observation space. Finally, the Traffic_gen class generates various traffic volumes,
modes, and variations for the environment. This setup provides a general framework for the
configuration and data flows in our experiments.

4-1-2 Simulation Configuration

Intersection Layout

We consider two intersection layouts in the case studies. The first is a vehicle-only, four-legged
single intersection, described in subsection 3-1-1, used in Case Studies A-I and A-II. The
second is an intersection with both vehicle and pedestrian traffic, described in subsection 3-
2-5, used in Case Study B.

Traffic Demand Modeling

We describe the traffic demand settings used in the simulations. Traffic demands are charac-
terized by flow rates, with vehicle inter-arrival times sampled from an exponential distribution
to introduce randomness and mimic real-world traffic conditions. Vehicle dynamics follow
the Krauss car-following model, as described in subsection 3-1-2. In the baseline scenario,
straight-going lanes have a flow rate of 300 vehicles per hour, and turning lanes have a flow
rate of 150 vehicles per hour, establishing a 2:1 ratio between straight and turning move-
ments. Table 4-15 With a total of four straight lanes and eight turning lanes, this gives a
total throughput of 1800 veh/hour for the baseline scenario. In the course of the case studies,
more varying traffic volume scenarios will be introduced and applied.
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4-1-3 Reproducability and Testing

Seeding

In the experiment setup, there are multiple initial values and seeds which influence the final
results. In order to maintain full reproducability and reliability, the existing seeds are stated
below:

1. PPO Seed: This seed is used to initialize the neural network parameters θ in the
Proximal Policy Optimization algorithm. Also, during the training phase, PPO samples
from the action probability distribution, which is seeded here.

2. SUMO Seed: This seed determines the initial positions of vehicles and the sampling
from the exponential distribution for incoming traffic in the SUMO environment. This
also influences traffic behavior over time.

3. Traffic Generator Seed: When generating highly variable traffic patterns, this seed
controls how intervals and volume ranges are sampled from random or normal distribu-
tions.

Testing Procedure

To ensure consistent and reliable performance evaluation, all trained policies are tested under
identical traffic flow scenarios. Each policy is tested over twenty episodes, each lasting 3100
seconds, equivalent to one hour of traffic simulation. During the final 100 seconds of each
episode, no additional traffic inflow is introduced, allowing the policies time to clear the
intersection if possible. The episodes use different SUMO and traffic generator seeds to
introduce variability while maintaining controlled conditions.

One of the visualization methods we use to analyze the testing data is the box plot. A box plot
summarizes key aspects of the data distribution, including the median and the interquartile
range (IQR). The median represents the middle value when the data are ordered from lowest
to highest. The IQR measures the spread of the middle 50% of the data, calculated as the
difference between the third quartile (75th percentile) and the first quartile (25th percentile).
The "whiskers" of the box plot extend to 1.5 times the IQR above the third quartile and below
the first quartile, encompassing most of the data points. Data points outside this range are
considered outliers. Using box plots allows us to compare the performance metrics of different
policies clearly and get an idea of the spreading of the data.

Another common plot is a time-series with a variance indication. Many plots will show the
one standard deviation from the mean value for every time step. This will be display as a
band around the mean. Another displays the median value and three percentile ranges per
time step. These are the 25-75 percentile, 10-90 percentile and finally the 5-95 percentile.
This also gives a proper idea of the distribution of data.

To reduce noise and plot trends more clearly, we apply moving averages to the time-series.
For the performance metrics over an episode, we mostly apply a moving average window of
twenty simulation time steps. As for the learning curves, we apply the exponential moving
average. The exponential moving average at time t, denoted EMAt, is recursively defined by:
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EMAt = α · xt + (1− α) · EMAt−1

where xt is the data point at time t, α (the smoothing factor) is a constant between 0 and 1,
and EMAt−1 is the exponential moving average at the previous time step. This allows us to
see trend more clearly and reduce noise.

4-1-4 Performance Measures

In this subsection, we present the key performance measures used to evaluate the traffic
signal control strategies during the testing and training phases. Below follow the testing
phase metrics.

Name Entity Description
Time Loss Seconds Average extra time spent in simulation compared to free-

flow conditions per traffic mode.
Average Speed Meters/second Average speed of all vehicles.
Number of Vehicles Count The amount of vehicles in simulation.
Total Travel Time Seconds Total travel time of all vehicles over an episode.
Average Duration Seconds Average trip duration for traffic mode over an episode.
Vehicles Halting Count Number of vehicles moving at a speed below 0.1 m/s.

Table 4-1: Performance metrics used to evaluate the testing phase.

Name Entity Description
Reward Over Time Reward Value average reward received per episode over training.
Computational Time Seconds Training time and CPU usage during the training phase.
Invalid Actions Over Time Count Frequency of invalid actions taken by the agent during

training.
Policy Loss Loss Value Measures the loss associated with the policy effectiveness.
Value Loss Loss Value Loss related to the value function, associated with the

agent’s estimation accuracy of future rewards.
Entropy Loss Loss Value Entropy loss, an indicator of how certain the actions are.

Low entropy loss indicates concentrated action probabil-
ities.

Table 4-2: Performance metrics used to evaluate the training phase.

These performance measures will be plotted in the coming case studies. Thereafter, in the
conclusion and discussion, they will be thoroughly evaluated.
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4-2 Case Study A-I: Performance Across Sampling Frequencies

Case Study A-I examines the variations in performance, specifically in terms of time-loss,
across different sampling frequencies. It is presented to observe the effect of varying the
sampling frequency without any improvement efforts. Therefore, the Action Overrule method,
which demonstrates strong performance at a baseline sampling frequency ∆t = 5, is applied
to neighboring frequencies for equal comparison. As mentioned, the case considered is the
4-legged vehicle only single intersection described in subsection 3-1-1. In Table 4-3, the
Reinforcement Learning parameters and environment configuration parameters are stated.
In Table 4-4, the used hyper-parameters for the Proximal Policy Optimization algorithm are
presented.

Parameter Value

Episode Length 3000 seconds
Minimum Green Time 7 seconds
Yellow Time 3 seconds
Delta Time variable
Observation Space CF, MGT, QL, LD*
Action Space Configuration 4-phase**
Reward Function Equation 3-2
Traffic volume straight 300 vehicles/hour
Traffic volume turns 150 vehicles/hour

Table 4-3: Environment and DRL Parameters. *The Observation space abbreviations can be
found in section 3-2-1. **The exact action space can be found in subsection 3-1-1.

In Table 4-3, the observation space is a combined tensor of the mentioned abbreviations,
which can be found in section 3-2-1. For the action space, the 4-phase configuration was
used, which can be found in subsection 3-1-1. The reward function is defined as the negative
summed difference in delay, as defined in Equation 3-2.

Parameter Symbol Value

Policy - MlpPolicy
Learning Rate α 0.001
Number of Steps nsteps 2048
Mini-Batch Size nmini-batch 64
Number of Epochs nepochs 10
Gamma γ variable
GAE Lambda λ 0.95
Clip Range ϵ 0.2
Value Function Coefficient cvf 0.5
Entropy Bonus Coefficient cent 0
Max Gradient Norm - 0.5
Network Architecture - [128, 256, 128]

Table 4-4: Proximal Policy Optimization Configuration Parameters Case Study A-I.

The value of the "policy" in Table 4-4 refers to Multi-Layer Perceptron Policy, which is a
type of fully connected neural network as mentioned in subsection 2-2-2. In Table 4-5, the
parameter variation over the different models can be observed.
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Model ∆t Training steps [s]

A-I-1 1 500000
A-I-2 2 250000
A-I-3 3 166667
A-I-4 4 125000
A-I-5 5 100000
A-I-6 6 83333
A-I-7 7 71429
A-I-8 8 62500
A-I-9 9 55555

Table 4-5: Overview of the various models trained for Case Study A-I.

As we aim to have a clean comparison of varying frequencies, all models should receive the
same amount of information, therefore the training time steps were scaled appropriately. This
way, all models have seen the same amount of input data.

4-2-1 Results

In the following section, the results of the experiment are presented and discussed. In the
first section, the performance of the trained agents against the baseline traffic flow inputs is
shown. It is tested according to the testing procedure as described in section 4-1-3. In the
next section, the results during the training phase are presented and partly discussed. In the
final section, conclusions are drawn and an intro to the Case Study A-2 is given.

Performance

In Figure 4-2, we see the time loss during our testing sessions for all different models. We can
observe an increase in time-loss as we sample more frequently. Also, we see a steep increase in
time-loss as we sample every 9 seconds. In Figure A-5, there are plots which show the vehicles
still running in simulation, the average speed, the average duration of a trip and the total
time spend for all vehicles combined. These median metrics and additional mean metrics are
summarized in Table A-3, and Table 4-6. In Table A-2, the training time and CPU usage are
presented for the training sessions of the various models. In Figure A-10, training data such
as the learning curve can be observed.

∆t Vehicles [#] Speed [m/s] Duration [s] Time Loss [s] TTT [s]

1 2 6.53 50.58 28.75 96583
2 1 6.60 49.61 27.77 94775
3 1 6.71 48.46 26.70 92626
4 1 6.80 47.74 25.89 91262
5 1 6.77 48.02 26.17 91798
6 1 6.85 47.20 25.36 90250
7 0 6.72 48.39 26.56 92482
8 0 6.62 49.76 27.93 95099
9 1 6.37 52.39 30.55 100147

Table 4-6: Mean Metrics for Different ∆t Values.
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Figure 4-2: Time loss observed during testing procedure for all the A-I models. The chart
illustrates a trend of increasing time loss with higher sampling rates, as well as a sharp rise when
crossing the ∆t = 7.

The observation that higher-frequency sampling does not improve performance in terms of
time-loss for PPO raises an important question: Why does this approach fail to yield im-
provements, despite the expectation that finer-grained resolution should enable more precise
decision-making?

A possible explanation concerns the accuracy and variance of the return Rt and the advantage
estimation Â. When sampling every second, we collect calculate a reward (difference in delay)
over every second. Most of the time, vehicles are yet to accelerate from 0 km/hour, which is
only measurable after multiple seconds. This delay is then discounted with γ and summed to
form the return Rt, whereafter it used to calculate the estimated advantage Â, as explained in
subsection 2-2-2. This frequent but minimally informative reward calculation can introduce
noise, increasing the variance of the estimations, ultimately hindering the learning process.
In contrast, the default update interval is five seconds, which has a longer horizon for the
return Rt and less measurements, possibly leading to more stable learning. It is important
to note that this is a hypothesis and not a confirmed explanation for the performance gap.
Further analysis of these findings are discussed in chapter 5.

We can also observe a strong upward trend towards ∆t = 9. A possible explanation is reduced
time it takes to react to a change in traffic, the reason we suggested to increase the sampling
frequency in the first place. Another reason could be insufficient training time. Figure A-6,
suggests that the ∆t = 8 and ∆t = 9 models have not fully converged to an optimum yet.
This cutoff was done to provide equal information to all models.
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4-2-2 Conclusions

Case Study A-1 is an effort to translate the mechanics of the PPO at low sampling frequencies
to high sampling frequencies. From Figure 4-2 and Table A-3, we can conclude that in this
environment and deep reinforcement learning setting a higher sampling frequency does not
improve performance in terms of time loss. We can observe a clear upward trend. When
comparing the best performing frequency ∆t = 6 to the high-sampling frequency model with
∆t = 1 in terms of time-loss in seconds, we can roughly observe a 12 % increase in average
time-loss and a 90 % increase in standard deviation.

To improve the performance of high-frequency sampling models, we have made an effort in
Case Study A-II. This case study is dedicated to finding possible solutions and improving the
performance of the high frequency sampling models.
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4-3 Case Study A-II: High-Frequency Approach Improvements

From Case Study A-I, we learned that simply creating a new high-frequency framework does
not inherently improve performance. Therefore, in this case study, we aim to improve perfor-
mance by implementing and evaluating the NNIAM method, as presented in subsection 3-2-4.
Additionally, we employ parallel training techniques. In the first section, we test and evalu-
ate these two methods based on their training and testing data, focusing on improving the
high-frequency model.

In the subsequent section, we examine six models: the best-performing low-frequency sam-
pling PPO model, the high-frequency sampling PPO model with new implementations, three
max-pressure models, and a fixed-time model. First, we perform a sensitivity analysis with
varying traffic volumes to determine if the models can maintain performance under consis-
tently higher traffic volumes. We also train models for generalization across various traffic
domains to enhance their performance under different traffic conditions. Following this, we
conduct a disturbance rejection experiment to evaluate how the models respond to sudden
increases in traffic flow.

To further understand the handling of invalid actions, we introduce a new set of models
that penalize invalid actions instead of masking them out, as done with NNIAM. Penalizing
invalid actions is a different approach, as it allows the agent to choose any action but imposes
a penalty when an invalid action is selected. In the final section of this case study, we present
and analyze results comparing the effectiveness of NNIAM and the penalty models.

4-3-1 Considered Approaches

In this section, we shortly describe three methods. The first being NNIAM, which as been
extensively described in subsection 3-2-4. The second improvement is parallel training. This
comes down to training one agent with multiple environments at once. The third approach
is penalizing invalid actions, which would minimize the agents deciding on invalid actions
through the reward instead of through the action probability distribution.

Non-Naive Invalid Action Masking

The mechanics of Non-Naive Invalid Action Masking have been in depth explained in subsec-
tion 3-2-4. It uses a masking function m(·) which sets the probabilities of invalid actions to
0. Therefore, they will not be selected during training and testing. After the masking, the
probability distribution is redistributed again to sum to 1. In an 8-phase action space, there
can be multiple options after the masking, as explained in Figure 3-4.

Multiple parallel environments.

Parallel environments in Proximal Policy Optimization (PPO) involve running multiple in-
stances of the environment simultaneously during training, allowing the agent to collect expe-
riences from several sources at once. This improves the variation of the data which improves
general performance [3]. While using parallel environments is common in PPO implementa-
tions, it requires a more complex setup in a Python environment.
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Penalizing invalid actions.

Invalid Action Masking can be considered a hard constraint; it never allows wrong actions.
Therefore, the learning process can be more challenging since there can be little exploration at
times. Penalizing invalid actions would be a soft constraint. However, Traffic Signal Control
does not allow any errors, therefore just penalizing invalid actions would be dangerous. In
this effort, the Action Overrule method is combined with a penalizing method, such that we
ensure safety.

To see the effect of a penalty, it was implemented for both the ∆t = 1 and ∆t = 5 model.
For both models, the penalty was varied over a applicable range. In Table 4-8, the various
trained models with their respective penalties are presented. The new reward function for
the penalized models is as follows:

rt = −
Lin,max∑

i=1

vlast∑
j=1

[
delayi,j(t)− delayi,j(t− 1)

]
− p

Overview models

To maintain an overview of the various models, in the following section, the models are
listed. There are 18 new models in total. The first four are ∆t = 1 models with the various
improvements. The next four are the same, but operating with the ∆t = 5 mechanism. The
latter models are penalty models with varying penalty and update times. In Table 4-7, the
hyper parameters of the models in A-II are presented. In Table 4-8, the overview of all models
trained and tested in Case Study A-II are shown.

Parameter Symbol Value

Policy - MlpPolicy
Learning Rate α 0.001
Number of Steps nsteps 2048
Mini-Batch Size nmini-batch 64
Number of Epochs nepochs 10
Gamma γ 0.99
GAE Lambda λ 0.95
Clip Range ϵ 0.2
Value Function Coefficient cvf 0.5
Entropy Bonus Coefficient cent 0
Max Gradient Norm - 0.5
Network Architecture - [128, 256, 128]
Training time-steps Ttotal 500000

Table 4-7: Proximal Policy Optimization hyper parameters for Case Study A-II.

4-3-2 Results

In the following section, we will present the results of Case Study A-II. We will present data
that provides insights into the performance of the models, as well as point out interesting
results and discuss possible causes for these results. A more detailed analysis of several
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Model ID Env. Type NNIAM ∆t Penalty Traffic Scenario

A-II-1 SE No 1 - Baseline Scenario
A-II-2 SE Yes 1 - Baseline Scenario
A-II-3 PE No 1 - Baseline Scenario
A-II-4 PE Yes 1 - Baseline Scenario
A-II-5 SE No 5 - Baseline Scenario
A-II-6 SE Yes 5 - Baseline Scenario
A-II-7 PE No 5 - Baseline Scenario
A-II-8 PE Yes 5 - Baseline Scenario
A-II-9 SE No 5 1 Baseline Scenario
A-II-10 SE No 5 2 Baseline Scenario
A-II-11 SE No 5 3 Baseline Scenario
A-II-12 SE No 5 4 Baseline Scenario
A-II-13 SE No 5 5 Baseline Scenario
A-II-14 SE No 1 0.2 Baseline Scenario
A-II-15 SE No 1 0.4 Baseline Scenario
A-II-16 SE No 1 0.6 Baseline Scenario
A-II-17 SE No 1 0.8 Baseline Scenario
A-II-18 SE No 1 1 Baseline Scenario
A-II-19 SE No 5 - Scenario 2
A-II-20 SE No 5 - Scenario 3
A-II-21 SE No 5 - Scenario 4
A-II-22 SE No 5 - Scenario Gaussian
A-II-23 SE No 5 - Scenario Random

Table 4-8: Overview of Trained PPO Models for Case Study A-II. The baseline traffic scenario
is defined in Table 4-15, and the other traffic scenarios are elaborated in section 4-3-2.

findings and their possible causes is provided in chapter 5. The results of Case Study A-
II are structured into five parts: performance of NNIAM and parallel training, Sensitivity
analysis on input traffic volumes, analysis of generalization capabilities, disturbance rejection
capabilities and an analysis of the effectiveness of handling invalid actions.
In section 4-3-2, we present the performance of the models with the notable improvement ef-
forts. We will evaluate the effect of NNIAM and parallel training on the performance through
the testing metrics and at the training phase through the training data. Thereafter, in sec-
tion 4-3-2, a sensitivity analysis of the five models is presented. In total, four traffic scenarios
are evaluated. Also, in section 4-3-2, we display results concerning generalization over vari-
ous traffic input domains. Next, in section 4-3-2, we will evaluate the disturbance rejection
capacities of the best performing models against baseline performers such as max-pressure
and fixed time methods. We will introduce a disturbance and evaluate the performance.
Finally, in section 4-3-2, we present results to gain more insights into the effectiveness of
the approaches to minimize invalid actions. We will plot the results of the trained penalty
models and compare them to the performance of the NNIAM models in terms of time-loss
and percentage of actions chosen which were invalid.

Performance NNIAM and Parallel Training

In the following section, the performance plots of the models with and without Non-naive
Invalid Action Masking and with and without parallel training are presented. In Figure 4-3,
the performance of four different high frequency models is presented. These are the models
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A-II-(1-4) in Table 4-8. Again, the testing is done according to the testing protocol described
in section 4-1-3. In Table 4-9, the mean values of the performance metrics of the tests are
shown. In Figure A-15, the performance parameters are shown more extensively.
Considering the training phase, we can look at the training metrics, one of which is the
average return of reward over time, as displayed in Figure 4-4. To evaluate reproducability
and robustness of these models, two extra models for both A-II-1 and A-II-2 were trained
with the exact same hyper parameters but different initial weights. In Figure 4-5, the mean
and standard deviation over the learning curves of these models is shown.
As the performance improvements are not significant they could be merely coincidental. As
we can observe, the distributions are very similar in Figure 4-3, with slight improvements in
median, mean and variance as we introduce more improvement efforts. The slightly improved
performance for parallel trained models opposed to single trained models is expected. Parallel
training has proven to improve performance for DRL approaches in various scenarios. For
the slight improvement of the NNIAM approach there is no strong scientific explanation yet.
Possible causes for the similarity in performance are discussed in chapter 5.
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Figure 4-3: Time loss observed during testing procedure for the A-II-(1-4) models: Single en-
vironment (SE) and parallel environment (PE) PPO with and without Non-naive Invalid Action
Masking. From left to right, we see can observe a slight downward trend in both median time
loss and variance.

Metric SE PPO SE PPO+NNIAM PE PPO PE PPO+NNIAM

Veh. Running [#] 2.27 2.0 2.0 2.5
Speed [m/s] 6.4561 6.5272 6.5478 6.5522
Duration [s] 51.1839 50.3633 50.1483 50.0406
Time Loss [s] 29.3444 28.5283 28.3089 28.1994
TTT [s] 97775 96270 95827 95609

Table 4-9: Mean Metrics for models A-II-(1-4). The parallel training PPO with NNIAM shows
superior performance in most metrics compared to other high-frequency models.

To compare the improved high-frequency sampling model to the low-frequency sampling
model in terms of performance, we present the next plot. Here we compare the performance
of the low frequency ∆t = 5 model, the high-frequency NNIAM parallel training ∆t = 1
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Figure 4-4: The learning curves for the
A-II-(1-4) models. For smoothing, an ex-
ponential moving average was used with a
smoothing factor of α = 0.3.
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Figure 4-5: Learning curves of SE PPO
(A-II-1) and SE PPO + NNIAM (A-II-2)
models over training iterations. Each curve
represents the mean performance across
three training runs, with standard deviation
and an exponential moving average with
smoothing factor α = 0.3.

model, a max-pressure and a fixed-time approach. The performance in terms of time-loss can
be observed in Figure 4-6 and all the performance indicators can be seen in Table 4-10. This
is the final indicator of the performance on average.
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Figure 4-6: The performance in terms of time-loss for the Low Frequency Sampling PPO (∆t =
5), the Parallel Environment High Frequency Sampling (∆t = 1) PPO with Non-Naive Invalid
Action Masking, Max-pressure method and fixed-time method.

Master of Science Thesis K. F. Ceton



46 Case Study

Metric LF PPO PE HF PPO + NNIAM MP FT

Vehicles Running [#] 1.0 2.5 0 3.5
Speed [m/s] 6.77 6.56 6.61 5.78
Duration [s] 47.8 49.93 49.51 59.94
Time Loss [s] 25.95 28.03 27.68 37.97
Total Travel Time [s] 91597.5 94908.5 96181.5 112899.5

Table 4-10: Median Metrics for Different Models for Final Comparison. We can observe that
the ∆t = 5 PPO outperforms the other methods.

During the training phase, we can observe in Figure 4-4 that the models that we parallel
trained converge slower. This is merely due to the fact that it runs 10 environments in parallel.
Therefore, it takes 10 times as many steps but collects the same amount of experiences. In
Figure 4-5, we can observe that a masked PPO approach converges faster than a non-masked
PPO approach. However, it does also experience more variance.

As we can observe in Figure 4-6, the LF PPO performs best in terms of time loss. However,
the performance of max-pressure and the HF PE PPO with NNIAM follow it closely. A
fixed-time approach shows significant worse performance. This suggests that the adaptive
models strongly profit from their real-time traffic data. In the next section, we will continue
to see how these four methods uphold against disturbances and varying traffic volumes.

Sensitivity Analysis: Traffic Volume

In this next section, we will further evaluate and test the four final models of previous sec-
tions: We take the best performing PPO model in general (A-II-5), the best performing
high-frequency PPO model (A-II-4), a max-pressure and a fixed-time approach. In this sec-
tion, we will evaluate the performance in varying traffic scenarios. The flow rate in increased
gradually three times, which brings us to a total of four traffic scenarios which can be ob-
served in Table 4-12. The baseline scenario is the traffic volume on which the PPO agents
are trained.

During testing, it was noted that the max-pressure approach suffered from too frequent
changes of phase. Therefore, we introduce a second max-pressure approach, named Max-
pressure extended. This approach maintains minimal green times (13 seconds), which im-
proves the performance in higher traffic flow scenarios. In Table 4-11, a table is shown to
give an overview of what models are being tested. These five models were tested for the four
traffic scenarios.

In Figure 4-7, the performance of the four various models over the various traffic scenarios
is depicted. We can observe an upward trend for all models, which is deemed logical since
more traffic will induce more waiting time. For the HF PPO, we see a strong increase in
time-loss, both in median and in variance. It still outperforms the HF PPO and the max-
pressure approach. The max-pressure approach shows a significant increase in performance
and performs worst in scenario three. This can be related to the frequent changing of phase
since the max-pressure extended follows the same logic but maintains longer green times.
This approach performs significantly better in scenario 2, 3 and 4. The fixed time approach
has a relatively constant performance over the higher traffic volume scenarios. In Table 4-13,
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Model ID Name Description

A-II-5 LF PPO The best performing PPO model in general performing
at ∆t = 5.

A-II-4 HF PE PPO + NNIAM A PPO model trained with parallel environments with
Non-Naive Invalid Action Masking performing at ∆t = 1

MP max-pressure A max-pressure model that adapts based on current traf-
fic pressure.

MP Ext max-pressure extended A modified max-pressure model with minimal green
times to reduce phase change frequency.

MP adpt. max-pressure adaptive A modified max-pressure which has minimal green times
proportional to the traffic volumes.

FT Fixed-Time A fixed-time approach which cycles through the possible
phases without any real-time adaptability

Table 4-11: Overview of Models used for the traffic volume sensitivity analysis of Case Study
A-II.

the extended data on the performance of all model over the various performance metrics is
shown.

Traffic Busyness Flow Rate Straight [veh/h] Flow Rate Turn [veh/h]

Baseline 300 150
Scenario 2 400 200
Scenario 3 500 250
Scenario 4 600 300

Table 4-12: Traffic flow rate scenarios for the traffic volume sensitivity analysis of Case Study
A-II.

To gain more insight into the actual performance over the episode, we have plotted the
traffic behavior over the 20 episodes. In Figure 4-8, we can observe the amount of vehicles
in the simulation environment over every time-step for each scenario. Subfigure (a) shows
the baseline scenario, while subfigure (b) displays scenario 2. Similarly, subfigures (c) and
(d) illustrate the evolution of the amount of vehicles for scenarios 3 and 4, respectively.
These figures show that in the baseline scenario, all methods are able to maintain a constant
amount of vehicles in simulation and empty the simulation as soon as the traffic flows stop.
The fixed-time approach has most trouble and seems to increase slightly over time, in mean
and in variance. As we increase the volume to scenerio 2, we can observe that the amount of
vehicles in simulation continues to rise over the episode. The max-pressure extended methods
strongly outperforms the other methods. In scenario 3 and 4 all models suffer from the high
traffic volumes.

In Figure A-23, Figure A-28 and Figure A-33, the amount of vehicles halting in the sim-
ulation, the average driving speed and the average travel time over the testing episodes is
displayed. These metrics mainly display the same trends that the time-loss plots over the
varying scenarios show us. High mean speed correlates with low time-loss which correlates
with little vehicles halting which correlates with a low mean travel time.
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Figure 4-7: Performance of five models across the traffic scenarios defined in Table 4-12. All
models exhibit an increasing trend. The LF PPO model’s performance decreases significantly
in busier scenarios but still surpasses the HF PPO. The max-pressure approach performs poorly,
while its extended version improves notably in scenario 2. The fixed-time approach maintains
relatively constant performance in higher-volume scenarios.
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(a) Baseline Scenario
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(b) Scenario 2
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(c) Scenario 3
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(d) Scenario 4

Figure 4-8: The amount of vehicles in simulation over time for the baseline scenario (a), Scenario
2 (b), Scenario 3 (c), and Scenario 4 (d).

The sensitivity analysis gives great insight into the performance of the models over constant
higher traffic volumes. Figure 4-8a shows us that all five approaches can maintain a steady-
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Scn. Metric LF PPO HF PPO MP MP ext. FT
B

as
el

in
e Veh. Running [#] 1.0 2.5 0 0 3.5

Speed [m/s] 6.775 6.565 6.615 6.415 5.78
Duration [s] 47.8 49.93 49.515 53.58 59.945
Time Loss [s] 25.95 28.03 27.68 31.725 37.975
TTT [s] 91597.5 94908.5 96181.5 101932.0 112899.5

Sc
en

ar
io

2 Veh. Running [#] 63.5 90.0 94.5 2.5 70.0
Speed [m/s] 4.14 3.75 3.67 5.535 4.35
Duration [s] 102.085 121.055 120.0 63.305 99.93
Time Loss [s] 80.26 99.185 98.08 41.43 78.135
TTT [s] 274788.5 310087.0 312843.0 173057.5 257608.0

Sc
en

ar
io

3 Veh. Running [#] 115.5 102.0 117.5 76.0 70.0
Speed [m/s] 3.54 3.365 3.215 3.985 4.12
Duration [s] 128.815 137.515 143.505 100.295 104.0
Time Loss [s] 106.98 115.645 121.725 78.47 82.15
TTT [s] 379528.5 373167.0 397876.5 327074.5 295065.0

Sc
en

ar
io

4 Veh. Running [#] 122.0 130.5 138.0 130.0 72.0
Speed [m/s] 3.3 2.825 2.855 3.51 3.78
Duration [s] 138.24 156.54 156.16 121.45 108.875
Time Loss [s] 116.425 134.745 134.295 99.61 87.07
TTT [s] 420727.5 437062.5 444485.5 418333.5 334756.5

Table 4-13: Median Metrics for the five models described in Table 4-11 on the varying traffic
volume scenarios. Considering the five performance metrics, we can see a significant shift towards
max-pressure extended and finally a fixed-time approach.

state in the baseline traffic scenario. However, once we move to scenario 2, most models
experience a constant increase in amount of vehicles in simulation. In Figure 4-8b, we can
observe that only the extended max-pressure can effectively keep the amount of vehicles in
simulation low and in steady-state. Fixed-time also maintains steady-state but at a much
higher average. So, this suggests that the PPO models trained on baseline traffic conditions
do not generalize well to busier traffic scenarios. Therefore, we aimed to develop a Proximal
Policy Optimization approach capable of performing effectively across diverse traffic scenarios
in the next section.

Training for Better Generalization

The sensitivity analysis on traffic volumes revealed that PPO models trained on specific traffic
conditions struggle to generalize when exposed to different traffic volumes. This limitation
poses a significant challenge for real-world traffic management systems, where traffic patterns
can fluctuate widely. To address this issue, we explored whether training models on varying
traffic volumes would improve their generalization capabilities.
To address the challenge of generalization in our traffic management models, we trained a total
of five new Proximal Policy Optimization (PPO) models. Three of these models—designated
as A-II-19, A-II-20, and A-II-21—were trained on progressively higher fixed traffic volumes
to assess performance under increased load conditions.
In addition, we developed two models, A-II-22 and A-II-23, trained on dynamically varying
traffic volumes over the training time steps. Model A-II-22 was trained using traffic volumes

Master of Science Thesis K. F. Ceton



50 Case Study

sampled from a Gaussian distribution, as detailed in Table 4-14. Model A-II-23, on the other
hand, was trained on traffic volumes randomly sampled from a predefined range specified in
the same table.

For both A-II-22 and A-II-23, the intervals at which traffic volumes switch were also random-
ized. The timing of these switches was sampled from a uniform distribution within a range
of 200 to 400 seconds. Importantly, these volume changes occurred independently for each
lane, introducing asynchronous variability across the network. For example, lane 1 might
experience a traffic volume change from 160 vehicles per hour to 290 vehicles per hour at time
step 230, while lane 2 might switch from 550 to 420 vehicles per hour at time step 390. This
methodology ensures significant variability in traffic patterns across all directions, improving
the models’ ability to generalize to fluctuating traffic conditions.

Model ID Straight [veh/h] Turn [veh/h] Scenario Avg. throughput [veh/h]

A-II-5 300 150 Baseline 1800
A-II-19 400 200 Scenario 2 2400
A-II-20 500 250 Scenario 3 3000
A-II-21 600 300 Scenario 4 3600
A-II-22 µ = 450, σ = 75 µ = 225, σ = 37 Scenario Gaussian 2700
A-II-23 [300, 600] [150, 300] Scenario random 2700

Table 4-14: Overview of PPO models trained on different traffic volumes. Each model is
identified by its ID and the traffic scenario it was trained on.

To evaluate the generalization performance of the newly trained models, we assessed each one
across all four predefined traffic volume scenarios. As the main performance indicator, we
evaluate average time loss per episode over the testing episodes.

In Figure 4-9, we present the performance of the models trained on constant traffic volumes;
A-II-5, 19, 20, 21. The testing procedure for each model was also done on each traffic
volume. We can observe the following; Training on the baseline traffic scenario does not
generalize well to busier traffic scenarios. Also, training on either scenario 2 to 4 does perform
substantially better on scenarios 2 to 4. However, the model trained on the baseline scenario
still outperforms the other models on the baseline tests. This suggests that the traffic flow
dynamics of scenario 2 to 4 behave slightly similar as the models perform equally well over
these scenarios.

In Figure 4-10, we include the performance of models A-II-22 and A-II-23. Note that in
this plot, we have tested four models: A-II-19, A-II-22 and A-II-23 and the adaptive max-
pressure approach. The adaptive max-pressure approach adjusts its minimal green times
dynamically, maintaining longer durations as traffic volume increases to optimize flow. The
primary objective of incorporating this adaptive functionality is to assess how effectively a
control policy can perform under varying traffic conditions. In Figure 4-10, we tested the
models on all scenarios as defined in Table 4-14.
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Figure 4-9: Performance comparison of the PPO models (A-II-5, 19, 20, 21) each trained on
the traffic scenarios specified in Table 4-14. Each model’s average time-loss per vehicle is plotted
for all scenarios to evaluate generalization.
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Figure 4-10: Performance comparison of PPO models A-II-19, A-II-22 and A-II-23, along with
the adaptive max-pressure approach. We can observe a strong performance of the adpt. max-
pressure in all scenarios as well as high variance in performance over all scenarios.

In Figure 4-10, we can observe two more models trained on Gaussian and randomly sampled
traffic as explained previously. We can observe high variance in the testing procedure of the
Gaussian scenario. The large data spread can be explained by the Gaussian distribution,
which has no upper limit and can generate very high traffic volumes. These high volumes can
cause severe congestion, which is hard to resolve once it starts. This could lead to episodes
with much higher time-loss, increasing the variation in the results.
Also, it is notable that the adaptive max-pressure approach outperforms all other PPO ap-
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proaches except for the baseline scenario. Also, training on randomly sampled traffic (A-II-23)
seems to perform better that models trained on Gaussian sampled traffic volumes (A-II-22).
The strong performance of the adaptive max-pressure approach suggests that maintaining a
phase longer and switching less frequency leads to better performance in terms of time loss.

Sensitivity Analysis: Disturbance Rejection

In this section, we will test four models with disturbance rejection: The LF PPO, HF PE
PPO + NNIAM, the max-pressure and the fixed time approach as described in Table 4-11.
To introduce disturbances and assess the robustness of the control strategies, we increase the
flow rates threefold for a duration of 300 seconds during the simulation. The flow rates are
shown in Table 4-15. This increased traffic flow will come from four directions: North to
South, North to West, South to North and South to East. This temporary surge in traffic
demand is designed to test the system’s ability to handle sudden changes in traffic volume.
The flow rates and the corresponding vehicle insertion times into the simulation are illustrated
in Figure 4-11.

Lane Type Flow Rate Baseline [veh/h] Flow Rate Disturbance [veh/h]

Straight-going lanes 300 900
Turning lanes 150 450

Table 4-15: Traffic flow rates in vehicles per hour. The baseline traffic flow and a disturbance
flow rate.
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Figure 4-11: Traffic input flow rates (blue) and vehicle insertion times (gray lines) into the
simulation, where inter-arrival times are sampled from an exponential distribution. The upper
plot represents a turning lane, while the lower plot represents a straight lane.

In Figure 4-12, the amount of vehicles in simulation over the test episodes is plotted. It
displays a mean with a moving average over 20 time steps and a standard deviation. In
Figure A-38, other performance metrics are plotted. We can observe the sudden surge of
vehicles in simulation for all models around 300 seconds. At 600 seconds, the increased
volume returns to the baseline volume and we see a decrease of vehicles in simulation for all
four models. The LF PPO returns to a steady state value for amount of vehicles in simulation
fastest. Thereafter, the HF PPO and max-pressure, which display very similar performance.
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A fixed-time approach does not seem to handle these sudden spikes in traffic properly and
cannot return to steady state value. To show the percentiles of the performance, in Figure 4-
13 the 25-75, 10-90 and 5-95 percentiles of the time-loss are shown for all four models. In these
plots, we observe the lowest spread in performance for the fixed-time approach. However, this
comes with the worst performance in terms of returning to steady state. The HF PPO and
max-pressure have the biggest spread in data.
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Figure 4-12: Disturbance rejection over time for LF PPO, HF PE PPO + NNIAM, max-pressure,
and fixed-time approaches, showcasing the number of vehicles in simulation across test episodes.
The figure shows the mean with a 20-step moving average and standard deviation. We observe a
surge in vehicle volume around 300 seconds, with LF PPO returning to steady-state fastest, while
the fixed-time approach struggles to manage it.
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(a) Low-frequency PPO.
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(b) Max-pressure.
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(c) Fixed-time.
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(d) High-Frequency PE PPO + NNIAM.

Figure 4-13: Percentile analysis of time-loss performance for four traffic control models: LF
PPO, max-pressure, fixed-time, and HF PE PPO + NNIAM. Each sub-figure displays the 25-75,
10-90, and 5-95 percentile ranges.
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An interesting result is that similarity for the HF PPO and the max-pressure approach.
As we can observe in Figure 4-12, the amount of vehicles running in simulation are oddly
similar. We currently lack data to support a specific explanation for this behavior. The
strong performance of an LF PPO against the fixed-time approach is also promising; This
could indicate that the PPO approach has learned behavior to from the data which can solve
big traffic congestion. This is one of the key elements of the first research sub-question.

Effectiveness Invalid Action Approaches

To evaluate the effectiveness of Non-naive Invalid Action Masking in handling invalid actions,
we present the following results. We consider three approaches: a PPO model with action
overrule without any penalty on invalid actions, PPO models with various penalties on invalid
actions (models A-II-9 to A-II-18 in Table 4-8), and the Non-naive Invalid Action Masking
approach. We evaluate these models at both high and low frequencies, operating at ∆t = 1
and ∆t = 5.

In Figure 4-14, we present the performance of the 10 penalized models during training, along
with the number of invalid actions chosen per episode plotted on a secondary y-axis. This
analysis is conducted for both high-frequency and low-frequency PPO models. For the low-
frequency PPO, there is no observable trend in performance across varying penalty values, al-
though a high variance in performance is relatively high. Regardless of the penalty magnitude,
there is a significant decrease in the number of invalid actions chosen. The high-frequency
PPO at ∆t = 1 shows a slight increase in time-loss as penalties increase. The number of
invalid actions chosen significantly decreases with higher penalties as well. This suggests that
it is possible to substantially reduce invalid actions per episode without adversely affecting
performance.
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at ∆t = 1.

Figure 4-14: Performance comparison of 10 penalized models during training at different ∆t (5
and 1). Both low- and high-frequency models do not show a clear trend in performance and keep
within performance bounds. However, both models are effective at minimizing invalid actions
chosen per episode, with the low-frequency PPO (∆t = 5) reducing it to close to 0 and the
high-frequency PPO (∆t = 1) pushing it down to 100 to 200 invalid actions per episode. In
Figure A-42, the figures are shown magnified.

To evaluate the effectiveness of NNIAM compared to penalizing methods in handling invalid
actions, we present Figure 4-15. These plots show the percentage of invalid actions chosen per
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episode over the training time steps for both ∆t = 5 and ∆t = 1 models. Initially, all models
exhibit similar percentages of invalid actions. In the non-penalized model, this percentage does
not decrease over time and even slightly increases for ∆t = 5. In contrast, the penalized model
quickly reduces the percentage of invalid actions to near zero for both operating frequencies.
For the Non-naive Invalid Action Masking approach, the agent continues to select invalid
actions despite continuous masking, with a more pronounced decrease observed in the ∆t = 5
model compared to the ∆t = 1 model. Further discussion on this behavior is provided in
chapter 5.
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(a) Invalid actions per episode over training
time at ∆t = 5.
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(b) Invalid actions per episode over training
time at ∆t = 1.

Figure 4-15: Percentage of invalid actions chosen per episode over training time for different
models at different ∆t. The penalized models rapidly reduce invalid actions to near zero, while
the NNIAM models show a gradual decrease, more pronounced at ∆t = 5. Non-penalized models
do not decrease invalid actions over time and may even exhibit a slight increase. In Figure A-44,
a magnified version of the plots are shown.

4-3-3 Conclusions

In this case study, we investigated the performance of high-frequency sampling Proximal Pol-
icy Optimization models. We presented improvement efforts such as Non-naive Invalid Action
Masking and Parallel Training and evaluated these against the low-frequency sampling Prox-
imal Policy Optimization model, a max-pressure and a fixed-time approach. Thereafter, we
conducted sensitivity analysis for both varying traffic volumes and sudden traffic disturbances.
Finally, we conducted experiments to gain insights into methods to manage invalid actions
during training and testing. In the following sub-sections, we will draw conclusions on each
of the five sub-sections of this case study.
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Conclusions Non-naive Invalid Action Masking and Parallel Training

From Case Study A-I, we concluded that the high-frequency sampling approach did not pro-
duce the performance as expected in the hypothesis. Therefore, we made several improvement
efforts. One of which is Non-naive Invalid Action Masking and the other is training on multiple
environments in parallel. From Figure 4-3, Table 4-9, we can observe gradual improvements
in performance with the proposed improvements. In terms of time-loss seconds during the
testing phase, we observe a 4 % decrease in mean time and a 36 % decrease in standard
deviation. This improvement is small can can be attributed to randomness. Figure 4-5 also
shows that methods with Non-naive Invalid Action Masking converge faster. We can observe
a higher average reward per episode for all episodes in the training phase.

Thereafter, this model was compared to the low-frequency sampling model, a max-pressure
and fixed-time approach. In Figure 4-6, we can observe that a low-frequency sampling model
still outperforms the high-frequency model in terms of time-loss tested against the baseline
traffic scenario.

Conclusions Sensitivity Analysis: Varying Volume

In conclusion, the sensitivity analysis demonstrated that all models experienced increased
time-loss as traffic volumes rose, which is expected due to higher demand. The Low-Frequency
sampling PPO model has a significant drop in performance: As the traffic volumes are in-
creased by 33 %, the time-loss mean increases by roughly 300 % and the standard deviation
by 850 %. This suggests ineffective generalization over other traffic volumes. The perfor-
mance continues to decrease as the traffic volumes get increased, but more gradual than the
first jump. The high-frequency sampling PPO with NNIAM performed similar, however, the
Low-frequency sampling PPO model did consistently outperform the High-Frequency PPO
model.

The standard Max-Pressure approach performed poorly in higher traffic scenarios. This could
be due excessive phase changes as the Max-Pressure Extended model, which introduced min-
imal green times to reduce phase change frequency, showed substantial performance improve-
ments in scenarios with increased traffic flow. The Fixed-Time approach maintained relatively
constant performance across higher-volume scenarios and even outperformed other models in
certain metrics under the highest traffic conditions. The fixed-time approach maintained a
relatively constant mean and variance over the higher traffic volumes.

These results suggest that when training on PPO models on certain traffic scenarios with
these configurations, they do not perform well in higher traffic volumes scenarios. The max-
pressure and max-pressure extended results also suggest that maintaining longer green light
times improves performance at higher traffic volume scenarios.

Conclusions generalization

The experiments reveal that PPO models trained on specific traffic volumes have limited
generalization capabilities when faced with different traffic conditions, which is a significant
challenge for real-world traffic management systems with fluctuating patterns. Training mod-
els on higher traffic volumes improves performance in similarly high-volume scenarios but fails
to generalize back to the baseline scenario—where the baseline-trained model (A-II-5) still
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outperforms others. Aside from generalization, PPO models are outperformed by approaches
such as extended max-pressure and fixed time in heavier traffic volume scenarios.
Models trained on varying traffic volumes over time, particularly the one trained on randomly
sampled volumes (A-II-23), demonstrate slightly generalization than the model trained on
Gaussian-sampled volumes (A-II-22). However, the adaptive max-pressure approach consis-
tently outperforms the PPO models across most scenarios except the baseline. These findings
suggest PPO models still struggle to match the adaptability of traditional control methods
like adaptive max-pressure in dynamic traffic environments.

Conclusions Sensitivity Analysis: Disturbance Rejection
In the disturbance rejection sensitivity analysis the models were subjected to a threefold in-
crease in vehicle arrival rates for 300 seconds. All models experienced a significant rise in the
number of vehicles within the simulation. The low-frequency sampling PPO best managed to
bring down the spike in vehicles in simulation to a steady state in roughly 550 seconds, out-
performing the high-frequency sampling PPO, max-pressure and fixed-time approach. The
high-frequency PPO and max-pressure model exhibit significantly similar behavior, both re-
turning to steady state after roughly 800 seconds. The fixed-time approach does not aquire
a low steady-state value in terms of vehicles in simulation after the disturbance. It maintains
a high steady-state of roughly 60 vehicles in simulation. The steady-state of vehicles in sim-
ulation of the low-frequency PPO is around 30 vehicles, whilst the high-frequency sampling
PPO and max-pressure are slightly above.
This suggests that while the fixed-time approach performed best at constant high volumes,
it struggles with disturbance rejection and maintaining steady state. Something the high-
and low-frequency sampling ppo and max-pressure are able to do. The percentile analysis
highlighted that while the fixed-time approach had the lowest variability in performance
metrics, it also had the poorest ability to manage the increased traffic demand. These findings
suggest that the low-frequency sampling PPO model is more effective in rejecting disturbances
and maintaining traffic flow stability, making it possibly a more robust choice for scenarios
with sudden changes in traffic volume.

Conclusions methods handling invalid actions
The evaluation demonstrates that penalizing invalid actions in PPO models significantly re-
duces their occurrence without adversely affecting overall performance. At both low frequency
(∆t = 5) and high frequency (∆t = 1), introducing penalties leads to a rapid decrease in in-
valid actions chosen by the agents. For low-frequency sampling models, the amount of invalid
actions per episode can be brought to close to 0, whilst for high-frequency sampling mod-
els, it remains around 100 invalid actions every 3000 decisions. For low- and high-frequency
sampling PPO models, the results suggest that penalizing invalid actions does not effect
performance and reduces invalid actions strongly. In contrast, the Non-naive Invalid Action
Masking (NNIAM) approach is less effective in decreasing invalid actions over time. As we
have learned from Figure 4-15, the amount of invalid actions chosen by the agent at ∆t = 5
and ∆t = 1 when no invalid action strategy is employed is roughly 30% to roughly 70 %. After
training with Non-naive Invalid Action Masking, this reduces to 10% and 40%, respectively.
This indicates that penalty-based methods are more effective than action masking in guiding
agents away from invalid choices during training.
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4-4 Case Study B: Prioritization of Traffic Modes

In this final Case Study B, pedestrian traffic flows are introduced to the Reinforcement Learn-
ing framework. This introduces an extra layer of complexity. We aim to answer the second
sub research question: Can a Deep Reinforcement Learning Agent effectively balance prioriti-
zation between pedestrians and vehicles in terms of time-loss? To do this, we constructed the
pedestrian included framework as described in subsection 3-2-5. Compared to the previous
frameworks, the observation space, action space and reward function get extended to include
the pedestrian traffic flows. Also, we have applied the Non-naive Invalid Action Masking
mechanic to this framework.

In this section, we will elaborate shortly on various design choices and present the hyper
parameters and various models trained. In subsection 4-4-1, we will present the results from
the experiment. Finally, in subsection 4-4-2, we will draw conclusions from the conducted
experiments and gathered results.

For the pedestrian framework, the environment changes in comparison to the vehicle only
environment. In simulation, pedestrians behave as small vehicles. The differences are the
moving speed and acceleration speed, which are significantly lower. Also obviously, pedestrian
traffic flows move over pedestrian roads, which are located on the outside of the vehicle roads.

In Figure 3-6a, we can observe the difference in framework. As for the observation space,
it gets extended with the three observations as mentioned in subsection 3-2-5: The minimal
green pedestrian timer, the walking area densities and the crossing densities. The action
space also gets extended to the 6-phase configuration. In Table 4-17, an overview of the
environment parameters can be seen. In Table 4-16, an overview of the parameters for the
PPO can be seen.

Parameter Symbol Value

Policy - MlpPolicy
Learning Rate α 0.001
Number of Steps nsteps 2048
Mini-Batch Size nmini-batch 64
Number of Epochs nepochs 10
Gamma γ 0.99
GAE Lambda λ 0.95
Clip Range ϵ 0.2
Value Function Coefficient cvf 0.5
Entropy Bonus Coefficient cent 0
Max Gradient Norm - 0.5
Network Architecture - [128, 256, 128]
Training time-steps Ttotal 500000

Table 4-16: Proximal Policy Optimization hyper parameters for Case Study B.
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Parameter Value

Episode Length 3000 seconds
Minimum Green Time 7 seconds
Minimum Green Time Pedestrians 17 seconds
Yellow Time 3 seconds
Delta Time 5 seconds
Observation Space CF, MGT, QL, LD, MGT, MGTP, WA, CD
Action Space Configuration 6-phase**
Reward Function Equation 3-5
Vehicle Traffic Flow Straight 300 veh/hour
Vehicle Traffic Flow Turns 150 veh/hour
Pedestrian Traffic Flow Straight 300 ped/hour
Pedestrian Traffic Flow Turns 150 ped/hour

Table 4-17: Selected Environment and DRL Parameters. *The Observation space abbreviations
can be found in section 3-2-1. **The exact action space can be found in subsection 3-1-1.

We take a step back from the the high-frequency approach and use the best performing PPO
model with the pedestrian parameters as described above in Table 4-17. The framework is
described in subsection 3-2-5. The used reward function to balance vehicle and pedestrian
prioritization is defined as:

rt = wv ×∆Dt,veh + wp ×∆Dt,ped (4-1)

Again, here wv and wp are the weights for vehicles and pedestrians, respectively. In Table 4-
18, an overview of the trained models for Case Study B can be observed, including their
respective weights.

Model ID Weight wv Weight wp NNIAM

B-1 10 1 no
B-2 5 1 no
B-3 3 1 no
B-4 2 1 no
B-5 1 1 no
B-6 1 2 no
B-7 1 3 no
B-8 1 4 no
B-9 1 5 no
B-10 1 10 no
B-11 1 15 no
B-12 1 20 no
B-13 10 1 yes
B-14 1 1 yes
B-15 1 10 yes

Table 4-18: Overview of Trained Models for Case Study B.
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4-4-1 Results

In this section, we present the results of the experiment. In Figure 4-16, we observe the total
time loss over all vehicles and pedestrians during the testing procedure. It is evident that to
minimize the total time loss for both parties, a balanced weighting ratio between wv and wp is
most effective. To determine whether pedestrians and vehicles can be prioritized, we examine
Figure 4-17. In this plot, the waiting times for both traffic groups are displayed per model.
As the balance between the weights shifts towards either wv or wp, there is a clear trend
in time loss. The vehicle time loss shows more variability in the data. Additionally, as the
weights become larger for one mode, the lesser-weighted traffic mode experiences increased
neglect.

As shown in Figure A-48, the number of vehicles that do not complete their trip rises sig-
nificantly in models B-10, B-11, and B-12, which correspond to vehicle-pedestrian weighting
ratios of (1, 10), (1, 15), and (1, 20). Conversely, pedestrian time loss experiences a sharp
increase in models B-1 and B-2. In Table 4-19, the mean and standard deviation per model
for each traffic mode are presented. This data also indicates a clear trend, with model B-1
prioritizing vehicles the most—having the lowest average vehicle time loss and the lowest stan-
dard deviation—and model B-12 prioritizing pedestrians the most, having the lowest average
pedestrian time loss.
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Figure 4-16: Total time loss for vehicles and pedestrians across different weighting ratios with
mean and variance. The minimal total time loss occurs when the weighting ratio between wv and
wp is balanced.
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Figure 4-17: Time loss for vehicles and pedestrians per model with varying weighting ratios.
As the weighting shifts towards one traffic mode, the time loss for the other mode increases,
indicating prioritization.

Model ID (wv, wp) µ Time-Loss veh. σ veh. µ Time-Loss ped. σ ped.

B-1 (10, 1) 31.93 1.03 44.95 0.79
B-2 (5, 1) 32.25 1.19 42.36 0.86
B-3 (3, 1) 34.32 1.11 37.25 0.48
B-4 (2, 1) 34.89 1.34 36.59 0.58
B-5 (1, 1) 34.67 1.46 35.94 0.46
B-6 (1, 2) 35.68 1.26 35.65 0.38
B-7 (1, 3) 36.20 1.60 35.48 0.39
B-8 (1, 4) 37.03 1.59 35.17 0.26
B-9 (1, 5) 36.94 1.35 35.46 0.27
B-10 (1, 10) 39.14 1.38 34.94 0.41
B-11 (1, 15) 43.18 1.98 34.47 0.27
B-12 (1, 20) 48.99 1.60 34.36 0.30

Table 4-19: Summary of mean and standard deviation of time loss for vehicles and pedestrians
for each model. The lowest mean time-loss values are highlighted in bold.

In the following, we will show the results of using Non-naive Invalid Action Masking in the
pedestrian framework against an Action Overrule method. In this scenario, the masking
function has more functionality since there are more scenarios in which there are multiple
actions possible after the masking. In Figure 4-18, we can observe the performance in terms
of time-loss, split in the vehicle- and pedestrian time-loss. For the models with weights (10, 1),
(1, 1) and (1, 10), a masked version was trained. These correspond to models B-13, B-14 and
B-15 in Table 4-18.
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Figure 4-18: The performance in terms of time-loss of Action Overrule (AO) against NNIAM.
The methods are compared at three different weight scenarios: (10, 1), (1, 1) and (1, 10). We
can observe similar performance for masked and unmasked models.

In terms of performance, we can observe roughly similar performance for the AO and NNIAM
methods. This suggests that NNIAM can be incorporated without effecting performance.

4-4-2 Conclusion

This case study is dedicated to managing The data demonstrates that prioritization between
vehicles and pedestrians can be effectively managed by adjusting the weighting ratios wv

and wp in the deep reinforcement learning model. As evidenced by the plots in Figure 4-17,
shifting the weights towards one traffic mode increases the time loss for the other, confirming
successful prioritization. However, an optimal balance is achieved at the (1, 1) weighting
ratio, where both vehicles and pedestrians experience moderate time loss. Also, NNIAM can
effectively be applied in a pedestrian framework and shows similar performance compared to
a non-masked alternative in terms of time-loss.

This case study suggests that deep reinforcement learning can be utilized to prioritize certain
traffic modes during specific times, enhancing traffic management strategies through flexible
and adaptive control.
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Chapter 5

Conclusions and Discussion

In this thesis, we investigated the application of Deep Reinforcement Learning, specifically
Proximal Policy Optimization with Invalid Action Masking, in multi-modal Traffic Signal
Control environments. By integrating TSC, we addressed the complexities associated with
minimal signal timing constraints, ensuring safety and compliance with traffic regulations at
intersections.

We analyzed the impact of high-frequency sampling intervals, particularly a one-second inter-
val (∆t = 1), on the performance of PPO in various traffic scenarios. Our approach included
sensitivity analyses on traffic volumes, assessments of generalization capabilities, disturbance
rejection tests, and comparisons of methods for handling invalid actions. Through reward
shaping, we demonstrated effective prioritization of different traffic modalities, providing a
means for decision-makers to balance time-loss between vehicles and pedestrians.

In this concluding chapter, we consolidate the findings of our research by addressing the
main and sub-research questions, discussing the implications of our results, acknowledging
the limitations of our study, and proposing future directions for advancing DRL applications
in real-world TSC systems.

5-1 Conclusions

The main research question of this thesis was:

What are challenges in applying Deep Reinforcement Learning to real-world traffic signal
control, and how can these be addressed?

To properly answer this extensive research question, we presented two research sub-questions.
Below, we will draw our final conclusions on the sub-questions:
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• How does sampling frequency affect the performance of Deep Reinforcement Learning
approaches to Traffic Signal Control, specifically in terms of reducing time-loss and
rejecting input disturbances?
To address this question, we implemented a PPO model for TSC of a four-legged single
intersection, capable of operating at various sampling intervals. In Case Study A-I, we
found that an optimal sampling interval (∆t) of 4 to 6 seconds minimizes time-loss. A
PPO approach using short sampling intervals, such as 1 second, resulted in increased
time-loss. Methods proposed to improve the performance of the high-frequency sampling
(∆t = 1 second) model, such as IAM or parallel training, did not improve performance.
In terms of rejecting input traffic volume disturbances, a PPO model with ∆t = 5 sec-
onds demonstrated superior performance, achieving steady-state roughly 250 seconds
faster than the high-frequency sampling PPO with IAM. It also outperformed tradi-
tional approaches such as max-pressure and fixed-time strategies in terms of overshoot
and settling time.

• Can a Deep Reinforcement Learning Agent effectively prioritize between pedestrians and
vehicles in terms of time-loss?
In Case Study B, we addressed this sub-question by developing a dual-modal DRL
framework which included both vehicle and pedestrian traffic flows. It utilized methods
such as IAM to manage minimal signal timing constraints of the different traffic modal-
ities. The results indicated a clear proportional decrease in time-loss for the prioritized
group. Again, IAM did not improve performance in terms of time-loss compared to
the more straightforward Action Overrule method. The results of this thesis show that
PPO can be effectively used to prioritize traffic modes in multi-modal TSC scenarios.

With the research sub-questions addressed, we now turn to the main research question. This
study has identified four challenges in applying DRL to TSC in real-world scenarios, and made
an effort to address these challenges. The following section provides an informed response to
the main research question:

Sampling Frequency. Selecting an appropriate sampling frequency is critical, as it influ-
ences the agent’s ability to make timely and effective decisions. A frequency that is too high
may introduce excessive noise, leading to suboptimal performance, while a frequency that is
too low may cause the agent to react too slowly to changing traffic conditions.

Our results empirically show that increasing the sampling frequency for a Proximal Policy
Optimization (PPO) model in a four-legged single-intersection traffic control problem does
not improve performance in terms of time-loss. We found that an optimal sampling interval
(∆t) of 4 to 6 seconds minimizes time-loss. The hypothesis that a higher sampling frequency
would result in better performance was not supported in our experimental setup. However,
this does not necessarily mean that PPO cannot perform better at higher frequencies in other
contexts; further research is needed to explore this possibility. The challenge of improving
responsiveness for DRL agents in traffic signal control without sacrificing performance remains
unresolved.
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Prioritization in Multi-Modal Traffic Environments. Real-world intersections often
involve diverse road users, such as vehicles, pedestrians, bicyclists, etc. A Traffic Signal
Control system should effectively manage various traffic modes to minimize overall time-loss
while allowing for dynamic prioritization.

In Case Study B, we built a multi-modal Traffic Signal Control environment and applied PPO
with IAM to manage the traffic signaler. The environment consisted of a 4-legged intersection
with vehicle- and pedestrian traffic flows. We have shown that PPO can effectively prioritize
different modalities in a two-modal traffic scenario, displaying a clear proportional decrease
in time-loss for the prioritized modality. This suggests that DRL can be used to address the
multi-modality in real-world Traffic Signal Control scenarios.

Robustness Against Varying Traffic. Urban traffic flows naturally fluctuate throughout
the day, presenting a challenge for designing DRL agents that can effectively handle varying
scenarios in real-world implementations.

In Case Study A-II, we trained PPO models on various traffic scenarios, ranging from constant
light traffic (1800 vehicles per hour) to constant heavy traffic (3600 vehicles per hour). Results
showed that PPO operating at ∆t = 5 seconds was ineffective at higher traffic volumes, being
outperformed by an adaptive max-pressure approach in all but the light traffic scenario.

We also trained PPO models on fluctuating traffic scenarios but did not observe performance
improvements across different conditions. This suggests that training a PPO model on highly
varying traffic does not improve its ability to handle diverse traffic scenarios.

However, a PPO model trained on light traffic effectively mitigated a threefold increase in
traffic volume over a 300-second period. It outperformed methods such as max-pressure and
fixed-time by producing a smaller rise in vehicle numbers and achieving the fastest settling
time. This indicates a degree of resilience against traffic volume disturbances when overall
throughput is relatively low.

These findings suggest that while DRL shows promise in managing certain traffic conditions,
the highly varying patterns observed in real-world settings remain too complex for consistent
handling. Therefore, DRL is not yet fully prepared to manage all such disturbances effectively.

Managing Minimal Signal Timing Constraints. In real-world TSC, different traffic
modalities require varying minimal signal timings, with pedestrians often needing longer min-
imal green times. Ensuring safety necessitates a reliable method to enforce these constraints,
which poses significant challenges for DRL agents in complex TSC environments.

We experimented with various methods to manage minimal signal timing constraints, in-
cluding a straightforward Action Overrule method, Invalid Action Masking (IAM), and pe-
nalization of invalid actions. In Case Studies A-II and B, we showed that applying IAM
to vehicle-only and multi-modal traffic environments did not affect performance in terms of
time-loss compared to the Action Overrule method. Both methods were effective at nullifying
invalid actions and ensuring safety. A safety mechanism is essential in applying DRL to TSC
due to safety requirements. Therefore, IAM is a viable method for DRL approaches in TSC,
ensuring safety without compromising performance.
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5-2 Scientific Contributions

This thesis has identified and investigated numerous aspects of the application of DRL in
TSC, bringing the field a step closer towards real-world implementation. Below, we name the
key contributions to the field of TSC and DRL:

• An application of PPO with IAM to a set of control problems: Multi-Modal Traffic
Signal Control of 4-legged single intersection.

• A parametric analysis of the sampling frequency for PPO methods in a 4-legged single
intersection.

• An extensive comparison of PPO methods against baseline methods in terms of sensi-
tivity analysis on traffic volume, generalization and disturbance rejection.

• Provide insight into the effectiveness of IAM against other invalid action approaches
such as penalization.

• A demonstration of the capacity of PPO to prioritize traffic modes in an intersection
with both vehicle and pedestrian traffic flows.

5-3 Limitations and Future work

Although this thesis showed promising results, in the following sections we mention limitations
of the research and suggestions for future work.

High Speed Traffic Scenario. To assess the effect of high-frequency sampling in TSC cases,
we propose exploring scenarios where high-frequency sampling is more advantageous. One
such scenario is ramp metering, where a traffic signal controller manages vehicles merging
onto a highway.

Incorporating Prior Knowledge into Action Selection. Given a certain state, only a limited
number of action combinations are possible, as defined by the traffic signal configuration
known a priori. However, the PPO agent spends considerable time learning these restrictions.
An interesting approach would be to incorporate this prior knowledge into the action selection
process. By predefining available lanes and actions, we could use a policy decision maker,
such as PPO, more efficiently. This might involve deploying multiple PPO agents, each with
its own action and state space.

Invalid Action Masking Scenario. An observation of the mechanics of a PPO with Invalid
Action Masking (IAM) in a 4-phase action space is that only one decision is possible when
actions are masked. In other words, when unmasked, all actions are valid choices; when
masked, only one action remains available, as shown below:

p(a|s) = [0.05, 0.8, 0.1, 0.05] m(·)−−→ pm(a|s) = [0, 1, 0, 0]

K. F. Ceton Master of Science Thesis



5-3 Limitations and Future work 67

Therefore, any advantage Â linked to the action is irrelevant since the action is predetermined
in this state s. Consequently, we update the policy loss LCLIP based on samples that cannot
be improved. In bigger action spaces, where multiple actions are possible after the masking
procedure, IAM might be more interesting. In these scenarios, it is more useful for DRL
agents to be directed to valid subset of actions. Masking is primarily used in scenarios with
very large and complex action spaces [25, 38]. For more complex traffic control scenarios,
action masking could become a more relevant topic for future research.

Improved Observation and Action Space. Expanding the observation space to include mul-
tiple measurements of lanes, or even encoded video material, would allow the agent to see
incoming cars rather than just queue length and density. This could drastically improve
performance. In complex traffic scenarios such as big, a larger action space could also be
beneficial.

Model Predictive Control with Deep Reinforcement Learning. Combining Model Predic-
tive Control (MPC) for a stable, robust baseline with Deep Reinforcement Learning (DRL)
for flexible, high-frequency adjustments is a promising approach, especially in traffic signal
control scenarios. While not explored in this thesis, it represents an interesting direction for
future research. Sun [32] provides an excellent review of MPC and DRL integration in urban
traffic control. Remmerswaal et al. [27] use a DQN agent to adaptively adjust the controller
input uc = uMPC + uRL, where uRL is a continuous variable representing the percentage of
green time. In short, merging the robustness of MPC with the adaptability of DRL remains
a compelling area for future work.

Ensemble Methods. Ensemble methods can improve robustness in Traffic Signal Control
(TSC) by combining the decisions of multiple DRL agents trained with different initializations
or data subsets. This approach reduces individual model biases and improves generalization to
unseen traffic patterns. By aggregating decisions through techniques like voting or averaging,
ensemble methods enhance stability and adaptability, making them promising for real-world,
dynamic TSC scenarios.

Self-supervised pre-training Finding the most effective observation space before using deep
reinforcement learning approaches could be done by leveraging self-supervised learning. An
approach could be to train a neural network to predict returns for predefined state-action
pairs. If the neural network achieves constant predictions, one could argue that the ob-
servation space contains enough information to effectively predict returns. This way, the
dimensions of the DRL agent can be defined more effectively.
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Appendix A

Supportive Figures

A-1 Case Study A-I
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Figure A-1: Vehicles Running:
Number of vehicles running over
time (seconds).
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Figure A-2: Duration: Total du-
ration (seconds) for different sim-
ulation runs.
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Figure A-3: Average Speed:
Speed (m/s) over time for vary-
ing models during the testing
phase.

t = 1 t = 2 t = 3 t = 4 t = 5 t = 6 t = 7 t = 8 t = 9
Models

24

25

26

27

28

29

30

31

Ve
hi

cl
e 

Tr
ip

 T
im

e 
Lo

ss
 [s

ec
on

ds
]

Figure A-4: Total Travel Time
(TTT): Total time (seconds)
spent by all vehicles in the sim-
ulation.

Figure A-5: Overview of key metrics for Case Study A-1, illustrating vehicle dynamics and
performance over time.
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∆t Speed [m/s] Duration [s] Time Loss [s] Total Travel Time [s]

1 0.0119 1.93 1.88 14875035
2 0.0151 1.71 1.75 16365516
3 0.0068 0.69 0.55 7676896
4 0.0056 0.41 0.39 6663728
5 0.0128 0.85 0.81 8641622
6 0.0079 0.55 0.52 7174361
7 0.0046 0.29 0.27 5443347
8 0.0078 0.45 0.42 6461675
9 0.0040 0.35 0.33 6289215

Table A-1: Variance of Metrics for Different ∆t Values.

Metric A-I-1 A-I-2 A-I-3 A-I-4 A-I-5 A-I-6 A-I-7 A-I-8 A-I-9

Training Time [s] 4963.91 2587.09 1824.13 1486.52 1284.75 1119.27 1017.38 954.32 881.32
CPU Usage [%] 54.04 43.67 37.71 37.75 37.87 28.98 25.85 24.76 22.23

Table A-2: Training Time and CPU Usage for Different Models.
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Figure A-6: Mean episode re-
ward over time with exp. moving
average with α = 0.3
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Figure A-7: Entropy Loss: The
entropy loss over training steps.
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Figure A-8: Entropy Loss: The
entropy loss over training steps.
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Figure A-9: Gradient Loss: The
Gradient loss over training steps.

Figure A-10: Overview of key metrics for the training phase, illustrating loss functions and reward
collection over time for Case Study A-1.
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∆t Vehicles [#] Speed [m/s] Duration [s] Time Loss [s] TTT [s]

1 2 6.55 50.34 28.58 96237
2 1 6.61 49.52 27.71 94886
3 1 6.72 48.41 26.61 92683
4 1 6.79 47.76 25.96 91685
5 1 6.78 47.80 25.95 91598
6 1 6.85 47.26 25.49 90216
7 1 6.73 48.39 26.59 92352
8 0 6.62 49.87 28.04 95526
9 1 6.36 52.46 30.56 100859

Table A-3: Median Metrics for Different ∆t Values.

A-2 Case Study A-II
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Figure A-11: Vehicles Running:
Number of vehicles running over
time (seconds).
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Figure A-12: Duration: Total
duration (seconds) for different
simulation runs.
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Figure A-13: Average Speed:
Speed (m/s) over time for vary-
ing models during the testing
phase.
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Figure A-14: Total Travel Time
(TTT): Total time (seconds)
spent by all vehicles in the sim-
ulation.

Figure A-15: Overview of key metrics for Case Study A-II, illustrating vehicle dynamics and
performance over time.
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(a) Entropy Loss: Entropy loss over train-
ing epochs.
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(b) Gradient Loss: Gradient loss during
training.
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(c) Total Loss: Overall loss during train-
ing.
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(d) Value Loss: Loss related to the value
function.

Figure A-16: Overview of key training metrics for Case Study A-II, illustrating different losses
over the training process.
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(a) Entropy Loss: Entropy loss over train-
ing epochs.
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(b) Gradient Loss: Gradient loss during
training.
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(c) Total Loss: Overall loss during train-
ing.
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(d) Value Loss: Loss related to the value
function.

Figure A-17: Overview of key training metrics with variance for Case Study A-II, illustrating
different losses over the training process.
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(a) Comparison of best-performing mod-
els based on vehicles running.
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(b) Comparison of best-performing mod-
els based on trip duration.
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(c) Comparison of best-performing mod-
els based on average speed.
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(d) Comparison of best-performing mod-
els based on total travel time.

Figure A-18: Overview of performance metrics for the best models across different scenarios,
highlighting trip duration, vehicles running, speed, and total travel time for Case Study A-II.

Metric SE PPO SE PPO+NNIAM PE PPO PE PPO+NNIAM

Veh. Running [#] 2.0 2.0 2.0 2.5
Speed [m/s] 6.475 6.51 6.51 6.565
Duration [s] 51.065 50.465 50.355 49.93
Time Loss [s] 29.255 28.65 28.54 28.03
TTT [s] 98448.0 96854.0 96873.5 94908.5

Table A-4: Median Metrics for models A-II-(1-4). In most performance metrics, the parallel
training PPO with NNIAM outperforms the other high-frequency models.

Metric SE PPO SE PPO+IAM PE PPO PE PPO+IAM

Veh. Running [#] 1.10 N/A 1.00 1.69
Speed [m/s] 0.1473 0.1430 0.1479 0.1078
Duration [s] 1.9247 1.6652 1.6838 1.2773
Time Loss [s] 1.9105 1.6575 1.6661 1.2689
TTT [s] 4876.69 4288.27 4453.04 3706.38

Table A-5: Standard Deviation of Metrics for models A-II-(1-4). The parallel training PPO with
NNIAM shows lower variability in most metrics, indicating more stable performance.
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Scn. Metric LF PPO HF PPO MP MP ext. FT
B

as
el

in
e Veh. Running [#] 1 2 0 0 5

Speed [m/s] 6.7733 6.5522 6.5839 6.4117 5.7867
Duration [s] 48.0156 50.0406 49.8156 53.4139 59.9667

Time Loss [s] 26.1717 28.1994 27.7729 31.5617 38.1156
TTT [s] 91798 95609 95252 102045 114548

Sc
en

ar
io

1 Veh. Running [#] 62 90 89 4 70
Speed [m/s] 4.2283 3.7533 3.6829 5.5417 4.3567
Duration [s] 101.1694 120.6683 119.7406 63.2389 99.7839

Time Loss [s] 79.3267 98.8339 97.9 41.3811 77.9372
TTT [s] 272116 308950 314525 174216 256646

Sc
en

ar
io

2 Veh. Running [#] 114 100 117 74 70
Speed [m/s] 3.5212 3.3250 3.1867 3.9711 4.1267
Duration [s] 129.5633 138.0994 144.1161 101.0261 104.1994

Time Loss [s] 107.7439 116.2828 122.2939 79.1750 82.3550
TTT [s] 379098 372567 398888 329629 295326

Sc
en

ar
io

3 Veh. Running [#] 121 134 137 130 74
Speed [m/s] 3.2844 2.7900 2.8594 3.5028 3.7783
Duration [s] 136.5939 157.1317 156.08 121.1383 109.2606

Time Loss [s] 114.7950 135.3144 134.2733 99.3117 87.4300
TTT [s] 418031 438019 445962 415650 334212

Table A-6: Mean Metrics for models on varying traffic volume scenarios. Performance metrics
are compared across LF PPO, HF PPO, Max-pressure, Max-pressure Extended, and Fixed-time
models.

Scn. Metric LF PPO HF PPO MP MP ext. FT

B
as

el
in

e Veh. Running [#] N/A 1.69 N/A N/A 2.84
Speed [m/s] 0.11 0.11 0.14 0.06 0.14
Duration [s] 0.92 1.28 1.64 0.59 2.55

Time Loss [s] 0.90 1.27 1.45 0.59 2.56
TTT [s] 2939.66 3706.38 4377.24 2363.12 6536.44

Sc
en

ar
io

1 Veh. Running [#] 15.77 5.68 15.50 3.52 1.82
Speed [m/s] 0.20 0.11 0.15 0.07 0.08
Duration [s] 7.57 5.13 6.55 1.10 2.86

Time Loss [s] 7.56 5.14 6.54 1.10 2.87
TTT [s] 21770.98 13797.10 18725.00 5216.13 8119.63

Sc
en

ar
io

2 Veh. Running [#] 6.71 6.32 8.14 16.22 1.75
Speed [m/s] 0.13 0.13 0.10 0.17 0.07
Duration [s] 3.48 3.89 2.97 5.44 1.56

Time Loss [s] 3.49 3.88 2.94 5.44 1.58
TTT [s] 10340.09 9332.50 8360.20 18982.42 5240.54

Sc
en

ar
io

3 Veh. Running [#] 4.24 15.73 4.49 2.47 3.69
Speed [m/s] 0.15 0.16 0.08 0.06 0.08
Duration [s] 3.86 6.19 2.17 2.53 1.53

Time Loss [s] 3.84 6.17 2.18 2.52 1.53
TTT [s] 9024.30 14728.57 6232.27 9393.99 6443.00

Table A-7: Standard deviation metrics for models on varying traffic volume scenarios. The table
displays standard deviations for key performance metrics across LF PPO, HF PPO, Max-pressure,
Max-pressure Extended, and Fixed-time models.
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Figure A-19: Vehicles Halting - Sce-
nario Baseline
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Figure A-20: Vehicles Halting - Sce-
nario 2
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Figure A-21: Vehicles Halting - Sce-
nario 3
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Figure A-22: Vehicles Halting - Sce-
nario 4

Figure A-23: Vehicles Halting in Different Traffic Scenarios
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Figure A-24: Mean Speed - Scenario
baseline
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Figure A-25: Mean Speed - Scenario
2

0 500 1000 1500 2000 2500 3000
Time [seconds]

0

1

2

3

4

5

6

7

8

M
ea

n 
Sp

ee
d 

[m
/s

]

LF PPO
PE HF PPO + NNIAM
Max-pressure
Max-pressure Extended
Fixed-time

Figure A-26: Mean Speed - Scenario
3
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Figure A-27: Mean Speed - Scenario
4

Figure A-28: Mean Speed in Different Traffic Scenarios
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Figure A-29: Mean Travel Time
- Scenario 300
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Figure A-30: Mean Travel Time
- Scenario 400
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Figure A-31: Mean Travel Time
- Scenario 500
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Figure A-32: Mean Travel Time
- Scenario 600

Figure A-33: Mean Travel Time in Different Traffic Scenarios

0 500 1000 1500 2000
Time [seconds]

0

20

40

60

80

Ve
hi

cl
es

 in
 S

im
ul

at
io

n 
[c

ou
nt

]

LF PPO
MP
FT
PE HF PPO + NNIAM

Figure A-34: Mean Travel Time -
Scenario Baseline
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Figure A-35: Mean Travel Time -
Scenario 2
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Figure A-36: Mean Travel Time -
Scenario 3
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Figure A-37: Mean Travel Time -
Scenario 4

Figure A-38: Mean Travel Time in Different Traffic Scenarios
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78 Supportive Figures

0 20000 40000 60000 80000 100000 120000 140000
Episode

0

5

10

15

20

25

30

35

In
va

lid
 a

ct
io

ns
 (%

)

p=0
p=1
p=2
p=3
p=4
p=5

Figure A-39: Training with Penalization
(Invalid Actions, d5).
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Figure A-40: Training with Penalization
(Invalid Actions, d1).

Figure A-41: Comparison of training results with penalization for invalid actions under different
discount factors (d5 and d1).
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Figure A-42: Time-loss and amount of invalid actions at ∆t = 5. These results highlight the
performance of penalized models at a lower sampling frequency.
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Figure A-43: Time-loss and amount of invalid actions at ∆t = 1. These results emphasize the
performance of penalized models at a higher sampling frequency.
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Figure A-44: Magnified view of invalid actions per episode over training time at ∆t = 5. The
penalized models rapidly reduce invalid actions to near zero, while NNIAM models show a gradual
decrease.
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Figure A-45: Magnified view of invalid actions per episode over training time at ∆t = 1. The
penalized models rapidly reduce invalid actions to near zero, while NNIAM models show a gradual
decrease.

A-3 Case Study B

(10, 1) (5, 1) (3, 1) (2, 1) (1, 1) (1, 2) (1, 3) (1, 4) (1, 5) (1, 10) (1, 15) (1, 20)
Models

0

2

4

6

8

10

12

14

16

Ve
hi

cl
es

 R
un

ni
ng

 [c
ou

nt
]

Figure A-46: Amount of vehicles in sim-
ulation as simulation ends.
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Figure A-47: Amount of finished vehicle
trips.

Figure A-48: These plots display the decrease in priority for vehicles as the pedestrian weighing
factor grows. We see a rise in unfinished vehicle trips.
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(a) Weight scenario (10,
1).
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(b) Weight scenario (1,
1).
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(c) Weight scenario (1,
10).

Figure A-49: Comparison of Action Overrule against NNIAM across different weight scenarios.
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Glossary

List of Acronyms

RL Reinforcement Learning

DRL Deep Reinforcement Learning

MDP Markov Decision Process

DP Dynamic Programming

MC Monte-Carlo

TD Temporal Difference

TSC Traffic Signal Control

SUMO Simulator of Urban MObility

PPO Proximal Policy Optimization

TRPO Trust Region Policy Optimization

NN neural network

GAE Generalized Advantage Estimation

IAM Invalid Action Masking

NIAM Naive Invalid Action Masking

NNIAM Non-naive Invalid Action Masking
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86 Glossary

List of Symbols

Number Sets

R Set of Real numbers.

R≥0 Set of Non-negative real numbers.

N Natural numbers (positive integers).

Reinforcement Learning Symbols

st State in the environment at time t.

s Realization of state in environment.

S Set of all possible states (state space).

at Action at time t.

a Action taken by the agent.

A Set of all possible actions (action space).

p(st+1 | st, at) Transition function, probability of state st+1 given state st and action at.

T Transition function.

r(st, at, st+1) Reward function, immediate reward from a transition.

R Reward function.

π(a | s) Policy, probability of taking action a in state s.

π∗ Optimal policy that maximizes expected return.

γ Discount factor.

Rt Return, cumulative discounted reward from time t.

Eπ[Rt | st = s] Expected return under policy π starting from state s.

V π(s) Value function, expected return starting from state s under policy π.

Qπ(s, a) Action-value function, expected return starting from state s, taking action
a, and following policy π.

Aπ(s, a) Advantage function, the relative benefit of taking action a in state s under
policy π.

Proximal Policy Optimization Symbols

θ Parameters of the neural network (weights and biases).

θw Weights in the neural network.

θb Biases in the neural network.

ϕ(z) Activation function applied to z.
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Vθ(st) Value function estimator at state st.

V targ
t Target value function at time t.

R
(1)
t 1-step return at time t.

R
(n)
t n-step return at time t.

R
(∞)
t Monte-Carlo return from time t.

Rt(λ) λ-return at time t.

λ Decay parameter for GAE (0 ≤ λ ≤ 1).

Ât Estimated advantage (GAE) at time t.

LCLIP+VF+S
t (θ) Full loss function in PPO.

rt(θ) Probability ratio between new and old policy at time t.

ϵ Clipping parameter in PPO (0.2).

cvf Value function coefficient.

cent Entropy bonus coefficient.

πθ(at | st) Policy parameterized by θ.

πθold(at | st) Old policy.

α Learning rate.

nsteps Number of steps per update.

nbatch Batch size.

nepochs Number of epochs per update.

T Number of steps per update (T = nsteps)

D Trajectory memory.

B Mini-batch sampled from trajectory memory.
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