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DEEPTHI PATHARE
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Abstract

This thesis investigates tactical decision making for autonomous heavy-duty
trucks in highway traffic using deep reinforcement learning, with a particular
emphasis on optimizing safety, efficiency and costs. The key aspects of decision
making include Adaptive Cruise Control (ACC) and lane changes, which
strongly influence energy consumption, travel time, and traffic interactions. To
support a systematic study of this problem, we develop a scalable traffic model
on a simulation platform, providing a controlled and extensible environment
for autonomous truck driving in multi-lane highways.

We propose a hierarchical control architecture in which reinforcement learn-
ing is used for high-level tactical decision making, while low-level tactical
actions are handled by physics-based controllers. This separation is found to
improve the performance by reducing safety risks and facilitates the integra-
tion of learning-based decision making with established control methods. A
realistic reward function is designed to jointly capture safety, efficiency, and
operational costs, and advanced training strategies such as curriculum learning
are investigated to handle conflicting objectives within a scalarized framework.

We further explore a multi-objective reinforcement learning formulation
to explicitly represent trade-offs between competing objectives, enabling the
learning of interpretable Pareto frontiers. The results demonstrate that learning-
based tactical decision making policies can achieve meaningful trade-offs
between safety and various operational costs in abstracted highway scenarios,
and that multi-objective formulations provide valuable insight into the structure
of these trade-offs. Overall, this work contributes to methodological foundations
and evaluation tools for economically meaningful and extensible learning-based
tactical decision making for heavy-duty trucks.

Keywords

Autonomous driving, Tactical Decision making, Deep Reinforcement Learning,
Multi-Objective Reinforcement Learning
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Introductory Chapters






Chapter 1

Introduction

Road freight transport plays a critical role in modern societies, enabling
economic activities by facilitating the movement of goods over long distances.
Heavy-duty vehicles (HDVs), such as long-haul trucks, account for a substantial
share of freight transport and are indispensable to supply chains worldwide. In
Europe, road freight transport carries more than 70% of inland freight, with
HDVs contributing significantly to economic productivity but also to energy
consumption, greenhouse gas emissions, and traffic congestion [1]. Despite
representing a relatively small fraction of the total vehicle fleet, heavy-duty
trucks are responsible for a large share of fuel consumption and CO5 emissions
due to their large mass and high aerodynamic drag [2], [3]. Moreover, even
minor control errors in HDV operation can lead to severe crashes, the majority
of which are caused by human factors such as fatigue, inattention, or suboptimal
decision making [4], [5]. Improving the operational efficiency and safety of
HDVs is therefore of high societal, economic, and environmental importance.

Automation of driving tasks offers a promising avenue to mitigate these
risks by supporting drivers in complex traffic scenarios, reducing human error,
and improving both safety and efficiency [6]. Traditional autonomous driving
systems have primarily relied on rule-based and optimization-based architec-
tures. Rule-based approaches encode expert knowledge through hand-crafted
logic and safety constraints, offering interpretability, predictable behavior,
and real-time performance. However, their reliance on predefined rules limits
adaptability and often results in overly conservative behavior in complex or
rapidly changing traffic [7], [8]. Optimization-based methods, particularly
Model Predictive Control (MPC), provide a principled framework for planning
safe and feasible maneuvers by optimizing cost functions subject to vehicle
dynamics and constraints [9], [10]. However, they depend on accurate models
and can be difficult to scale to traffic scenarios with complex interactions and
long planning horizons [11].

In recent years, advances in machine learning (ML), especially Reinforcement
Learning (RL) have broadened research on data-driven decision making for
autonomous driving in complex and dynamic environments. These approaches
aim to learn decision policies that directly map sensory input and state estimates
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4 CHAPTER 1. INTRODUCTION

to maneuver decisions, and have been explored for tasks such as navigation, lane
changing, and collision avoidance [12], [13]. However, despite these promising
developments, major challenges remain. Notably, when applied to safety-
critical domains, most machine learning—based methods lack formal safety
guarantees and may exhibit limited interpretability, hindering their validation
and acceptance for large-scale deployment in real-world traffic [14], [15].

Most existing studies focus on the automation of passenger cars, and their
findings cannot be directly applied to heavy-duty trucks. HDVs introduce
additional challenges that significantly increase the complexity of decision
making. From a physical perspective, the large mass and inertia of HDVs lead
to longer braking distances and slower acceleration, while fuel consumption
and efficiency are highly sensitive to speed trajectories, traffic interactions,
and road gradients [16], [17]. In addition, HDVs operate under regulatory
constraints such as driving and rest time regulations, and operational decisions
are tightly coupled to logistics objectives, including delivery deadlines and cost
minimization which are rarely considered in passenger car studies. Current
autonomous driving solutions for HDVs remain largely limited to constrained
and well-defined environments where conservative, rule-based decision strategies
dominate [18], [19]. These limitations highlight the need for decision making
approaches specifically tailored to HDVs that can handle uncertainty while
jointly considering safety, efficiency, and operational objectives.

To address this research gap, this thesis investigates how learning-based
decision making frameworks for HDVs can be modeled, evaluated, and optimized
under realistic traffic and operational conditions. For this, we develop a scalable
simulation environment, tailored to truck driving on highway scenarios. In our
setup, we simulate a multi-lane highway segment with heterogeneous vehicles,
and the environment allows configurable parameters for vehicle characteristics,
traffic conditions, and other scenario settings. While the current implementation
focuses on a simple highway scenario, the platform is modular and extensible,
allowing the integration of additional vehicle models, cost components, or traffic
scenarios in future work. In general, the platform serves as a reproducible and
flexible framework to study tactical decision making in heavy-duty trucks.

For commercial truck applications, decision making cannot be evaluated
solely based on safety or efficiency metrics. Instead, it must account for the
cost of operations, which broadly includes fuel or energy costs, time-related
costs such as driver wages and delivery delays, and long-term costs associated
with wear and maintenance. This research is motivated by the need for decision
making frameworks that are not only safe and efficient but also economically
meaningful and adaptable to varying operational requirements. To this end,
we design an objective function that captures the economic reality of truck
operation and enables a principled assessment of trade-offs between efficiency
and performance. Optimizing these objectives at the tactical level is particularly
important, as decisions such as speed adaptation and lane selection directly
affect energy use, trip duration, and interactions with other vehicles. The
different components of operational performance including safety, efficiency,
and cost are inherently conflicting, which further motivates exploring this
problem as a multi-objective decision making problem. We employ approaches



that can learn a set of optimal driving strategies that represent different trade-
offs between different objectives. Such approaches allow for flexible selection of
driving behaviors and strategies without retraining, resulting in a robust and
adaptive decision making framework for autonomous heavy-duty trucks.

The following research questions are considered in this thesis.

e RQ1: How can tactical decision making for autonomous trucks be formu-
lated within a reinforcement learning framework using a realistic reward
function that jointly captures safety, efficiency, and operational costs?

e RQ2: How can physics-based low-level controllers be integrated with a
reinforcement learning framework for tactical decision making in autonom-
ous trucks to promote safe and efficient driving behavior?

e RQ3: How can multi-objective reinforcement learning be used to explicitly
represent and learn the trade-offs between multiple conflicting objectives
in tactical decision making for autonomous trucks?

The thesis is structured as follows. Chapter 2 provides an overview of the
relevant background required to understand the appended papers. Chapter 3
summarizes the problem, methodology, results, and contributions of each paper.
Chapter 4 concludes the thesis and outlines possible directions for future work.
The final part of the thesis contains the two appended papers.



CHAPTER 1. INTRODUCTION




Chapter 2

Background

In this chapter, we provide a background of the topics and concepts discussed
in the appended papers.

2.1 Sequential Decision Making Problems

Sequential decision making is a fundamental framework for modeling problems
where an agent must make a series of decisions over time, often under uncer-
tainty, to achieve a particular objective. Unlike single-step decision problems,
sequential decision making scenarios require consideration of the long-term
consequences of actions, as each decision influences not only the immediate
outcome but also the future state of the system. Such problems arise in di-
verse domains, including autonomous vehicles, robotics, healthcare and finance,
where decisions must be optimized over time to balance one or more objectives.

A defining feature of many real-world decision making problems is uncer-
tainty. The agent that performs the decision making may have incomplete or
noisy information about the system state, limited knowledge of the underlying
dynamics, or restricted ability to predict how the environment will respond
to actions. Moreover, the effects of decisions are often communicated through
feedback signals that summarize performance, rather than through explicit
instructions or labeled examples indicating the correct action. As a result, de-
riving optimal decision rules analytically is often infeasible, and decision making
strategies must instead be learned through interaction with the environment.

A sequential decision making problem is commonly described as a Markov
Decision Process (MDP). An MDP provides a mathematical framework for
modeling decision making problems in stochastic environments and consists of

a tuple (S, A, P, R,~) where,

e S is the state space, describing all possible configurations of the envir-
onment.

e A is the action space, containing all actions available to the agent.

7



8 CHAPTER 2. BACKGROUND

e P:SxAxS — [0,1] is the transition dynamics, capturing the
probability function of state transitions in the environment.

e R:S x A— Ris the reward function, providing the immediate scalar
reward .11 = R(s¢, a;) after taking action a; € A in state s; € S.

e v € [0,1] is the discount factor, which encodes the relative importance
of immediate versus long term outcomes.

The objective of the agent is to learn a policy 7 : S — A which is a mapping
of states to actions in a way that maximizes the discounted cumulative return
given by,

Gy = Z’Vkrt—l—kz—l—l (2.1)
k=0

where t is the current timestep.

A widely used learning-based approach for estimating effective decision
making strategies in such settings is Reinforcement Learning (RL), which is
described later in this chapter.

2.2 Tactical Decision Making in Trucks

Decision making in autonomous driving is commonly structured into three
layers: strategic, tactical, and operational. The strategic level is responsible
for long-term objectives such as route planning and navigation, while the
operational level focuses on translating driving decisions into low-level actuator
commands. Situated between these layers, the tactical decision making level
adapts the strategic plan to the current traffic situation by selecting appropriate
maneuvers, such as speed adjustments and lane changes. These decisions play
a central role in balancing key objectives including safety, efficiency, and traffic
flow.

In this thesis, the tactical decision making framework is further structured
in a hierarchical manner to address Adaptive Cruise Control (ACC), which
regulates vehicle speed and maintains a safe distance to the leading vehicle,
as well as lane changes. The learning agent is designed to select high-level
tactical decisions, such as adjusting the desired speed, selecting a desired time
gap, or initiating a lane change. The realization of these decisions is handled
by physics-based longitudinal and lateral controllers, which perform speed
regulation and the execution of lane change maneuvers.

The decision making problem is formulated as an MDP, as described below.
Individual papers appended to this thesis and the experiments conducted in
those studies may contain slight variations, which are described in the respective
papers.

e State Space (S): The state is designed to provide the agent with
sufficient information about the environment. It includes observations
from the ego vehicle and surrounding vehicles within the sensor range,
capturing kinematic, lane-level, and signaling information.
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Observations of ego vehicle:

© N o ok D

Longitudinal position
Longitudinal speed

Lane change state

Lane number

State of left indicator

State of right indicator
Distance to the leading vehicle
Length of the vehicle

Width of the vehicle

Observations of each surrounding vehicle:

© © N o o WD

Relative longitudinal distance to the ego vehicle

Relative lateral distance to the ego vehicle

Relative longitudinal speed with respect to the ego vehicle
Lane change state

Lane number

State of left indicator

State of right indicator

Length of the vehicle

Width of the vehicle

e Action Space (A): The action space consists of high-level tactical
decisions that the RL agent can select.

The discrete action space includes the following options:

© NS ok W

Set short time gap with leading vehicle (1 s)
Set medium time gap with leading vehicle (2 s)
Set long time gap with leading vehicle (3 s)
Increase the desired speed by 1 m/s

Decrease the desired speed by 1 m/s

Maintain current desired speed and time gap
Change lane to left

Change lane to right

Currently, the action space is simplified such that the agent selects only
one of the discrete maneuvers described above at a time. In future work,
we plan to extend the framework to allow simultaneous longitudinal and
lateral actions, which would better reflect real-world driving behavior.
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e Transition Dynamics(P): The transition dynamics is defined by the
simulation platform, and is not known to the decision making agent.

e Reward Function(R): The design of the reward function plays a central
role in guiding the agent to achieve safe and efficient driving behavior.
In the context of this thesis, three types of reward formulations are
considered, reflecting the progression of our work across the appended
papers.

1. Basic reward function: The initial studies evaluated models using
a simple, safety-oriented reward function. It encourages the agent to
drive at high speed while avoiding hazardous situations and reaching
the target successfully. The reward at each time step is defined as,

Ut

Ty =

_IlPl _IcPc_Inanc_IoPo'*'Itarﬂ (22)
max_v T
Here, v; is the speed of ego vehicle at timestep ¢, maz_v is the
maximum allowed speed of the ego vehicle, I is an indicator function
for various conditions (I - lane change, ¢ - collision, nc - near collision,
o - driving off-road, tar - reaching the target), and P and R are the
associated penalties and rewards. T denotes the total time to reach
the target.

2. TCOP-based reward function: The Total Cost of Operation
(TCOP) of a truck encompasses various expenses incurred during its
operation. To reflect these realistic operational costs in the learning
objective, we design a reward function based on TCOP, given by,

ry = — elet_CdrAt_IcPc_Inanc

(2.3)
_IoPo + ItarRtar

Here, we consider realistic cost or revenue values for each component.
Ce and Cy,. denote electricity and driver costs, e; is electricity
consumed in the time step t, At is the time step duration. The
penalties corresponds to the average costs incurred during hazardous
situations. The reward Ry, denotes the revenue that can be achieved
by the truck when it reaches the target.

3. Vector-based reward for multi-objective learning: In sub-
sequent studies, the problem was addressed using a multi-objective
RL formulation where the reward function is vector-valued, given

by,

Ita'rRta'r - IcPc
ry = —CdrAt (24)
—CUel€t

Each component represents a specific objective: safety, quantified
in terms of collisions and successful completion; energy efficiency,
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quantified by energy cost; and time efficiency, quantified by driver
cost. Vector-based reward formulation is described in more detail
later in this chapter and is used in Paper II.

These reward formulations reflect the evolution of the problem formulation
in this thesis, from a basic safety-focused design to a more realistic
economic perspective and finally to a multi-objective framework suitable
for heavy-duty highway driving.

e Discount Factor(vy): + is set to 0.99.

2.3 Reinforcement Learning

Agent

State Reward Action
St rt at

rt+1
S Environment
\

Figure 2.1: Schematic diagram of interaction between agent and environment
in Reinforcement Learning.

~

A

Reinforcement Learning (RL) is a machine learning paradigm that learns
optimal sequential decision making policies through interaction with an envir-
onment [20]. An RL problem is commonly modeled as MDP, defined by the
tuple (S, A, P, R,~) as described in section 2.1. At each time step ¢, an agent
observes the current state of the environment s; € S and selects an action
a; € A according to a policy 7(a | s). As a consequence of this action, the agent
receives a scalar reward 111 as feedback, and the environment transitions to a
new state s;11. Through repeated interaction with the environment, the agent
aims to learn a policy that maximizes the discounted cumulative return G,
given by,

G = Z’Ykrt+k+1 (2.5)
k=0

The expected discounted return obtained by starting from state s, and
following policy 7 is captured by state-value function defined as,

VT (s) =E, [Gt | st = 5] (2.6)

Similarly, action-value Q™(s,a) represents the expected return obtained by
taking action a at state s and subsequently following policy T,

QW(S,(J/) = ]E’T(' [Gt | St = S,a¢ = Cl,] (27)
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An optimal policy 7* maximizes the expected return for all states and
satisfies

V*(s) = max V7T(s), Q%(s,a)= max Q7 (s,a). (2.8)

for all s € S and all a € A.

When the state or action spaces are large or continuous, function approx-
imation is commonly used to represent value functions or policies. Deep
reinforcement learning leverages neural networks as function approximators,
enabling RL methods to scale to high-dimensional settings.

Reinforcement learning algorithms can be broadly categorized into value-
based methods and policy-based methods. Value-based methods aim to learn
an approximation of the action-value function Q(s,a) from which a policy is
implicitly derived by selecting the action that maximizes the estimated value.
In contrast, policy-based methods directly parameterize the policy my(a | )
and optimize it by maximizing the expected return using optimization methods
such as gradient ascent.

From the perspective of environment modeling, RL methods are commonly
divided into model-based and model-free approaches. Model-based methods
explicitly learn or assume access to a model of the transition dynamics and use
that model for planning the actions. In contrast, model-free methods do not
assume the transition dynamics to be known but instead learn decision making
strategies directly through the interactions with the environment. Model-free
RL is particularly attractive in complex systems where accurate modeling of
the environment is difficult, such as the tactical decision making problem.

In this thesis, we have considered the following model-free reinforcement
learning methods, including both value-based and policy-based algorithms.

2.3.1 Deep Q-Network (DQN)

DQN is a value-based reinforcement learning algorithm that approximate the
action-value function (s, a) using a deep neural network [21]. The objective
is to learn an approximation of the optimal Q-function from which a policy is
implicitly derived by selecting the action that maximizes the estimated Q-value
at each state. The optimal Q-function that satisfies the Bellman optimality
equation,

Q*(s,0) = Ey |r +ymaxQ"(s',a)] . (2.9)

which expresses the recursive relationship between the value of a state—action
pair and the expected return obtained from the subsequent state. In practice,
this equation is used as a target for learning.

Training stability is a key challenge when combining Q-learning with non-
linear function approximation. To address this, DQN introduces two important
mechanisms: experience replay and a target network. Experience replay stores
previously observed transitions in a replay buffer and samples mini-batches
uniformly during training, which reduces temporal correlations between con-
secutive updates. The target network, whose parameters are updated less
frequently than those of the main network, is used to compute stable target
values, and it is periodically synchronized with the main network.
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DQN employs temporal-difference (TD) learning, where value estimates are
updated by minimizing the difference between the current Q-value prediction
and a bootstrap target that combines the observed immediate reward with
an estimate of future returns [20]. The main network parameterized by 6 is
trained by minimizing the temporal-difference loss,

L(0) = E(s,a,r,5)~D l(r +ymaxQ(s',a’;07) — Q(s, a; 0))21 , (2.10)

where D is the experience replay buffer and 6~ denotes the parameters of a
target network. By iteratively minimizing this loss, the Q-network converges
toward an approximation of the optimal action-value function.

2.3.2 Advantage Actor-Critic (A2C)

A2C is a policy-based reinforcement learning algorithm that belongs to the
family of actor—critic methods [22]. Actor—critic approaches combine the
strengths of value-based and policy-based methods by learning a parameterized
policy (the actor) together with a value function (the critic), which provides a
learning signal to guide policy updates.

In A2C, the actor represents a stochastic policy mg(a | s), while the critic
estimates the state-value function V,(s), which approximates the expected
return from a given state under the current policy. The critic is used to reduce
the variance of the policy gradient estimates by evaluating how favorable an
action is relative to the expected value of the state.

Policy optimization in A2C is based on the advantage function, defined as

Ap = e +7Ve(se1) — V(se), (2.11)

which measures how much better or worse the observed result of taking an
action in a state is compared to the current value estimate for that state.
A positive advantage indicates that the action taken performed better than
expected, while a negative advantage suggests the opposite. This advantage is
used to update the actor’s policy parameters 6 as

Al = ag Ay Vglogmg(as | st), (2.12)

where ay is the actor’s learning rate. The critic’s parameters ¢ are updated to
minimize the difference between its value estimate and the observed return,

A¢ = Qg At V¢V¢(St), (2.13)

with a4 being the critic’s learning rate. By iteratively updating both actor and
critic in this manner, the algorithm converges toward a policy that maximizes
expected return.

2.3.3 Proximal Policy Optimization (PPO)

PPO is an actor-critic algorithm designed to improve the stability and reliability
of policy gradient methods [23]. Compared to other policy gradient approaches,
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PPO constrains the magnitude of policy updates to avoid large changes that
degrade performance.

PPO optimizes a clipped surrogate objective function based on the probab-
ility ratio between the new and old policies,

7T9(CLt ’ St)
0) = ———— 2.14
pt( ) 0014 (at | St) ( )
The clipped surrogate objective is defined as
L (0) = [min (py(6) Ay, lip(pi(6),1 - €1+ )4, )], (2.15)

where A; is the advantage function and € is a hyperparameter that controls the
allowed deviation from the previous policy. The clipping operation ensures that
the policy update does not move too far in a single step, stabilizing learning
while still allowing improvement in the expected return. An entropy term is
often added to the actor loss to encourage exploration. The critic in PPO is
trained similarly to A2C by minimizing the squared error between its value
estimates and observed returns.

PPO strikes a balance between sample efficiency and training stability,
making it well-suited for complex environments with high-dimensional state
and action spaces.

2.4 Multi-Objective Reinforcement Learning

The reinforcement learning formulation introduced in Section 2.3 assumes a
scalar reward signal and a single notion of optimality. However, many real-
world decision making problems, including the tactical decision making problem
considered in this thesis, involve multiple, often conflicting objectives such
as safety, efficiency, and traffic low. To explicitly model and reason about
trade-offs between such objectives, these problems can be formulated within a
multi-objective reinforcement learning (MORL) framework.

In MORL, the standard Markov Decision Process is extended to a Multi-
Objective Markov Decision Process (MOMDP), defined by the tuple M =
(S, A, P,R,~) where the state space S, action space A, transition dynamics P,
and discount factor v retain the same interpretation as in the single-objective
MDP. The key distinction lies in the reward function R : S x A x S — RY,
which provides a vector-valued reward r;11 = R(s¢, at, S¢+1) at each timestep
t. Here, d € N denotes the number of objectives, and each component of the
reward vector corresponds to a distinct objective.

As in a single-objective setting, a policy 7(a | s) defines the agent’s decision
making behavior. The value of a policy is naturally generalized to a vector-
valued state-value function, defined as the expected discounted cumulative
reward for each objective,

o
k
g YV Titk41

k=0

V7™ (s) =E,

st = s] , (2.16)
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where V7 (s) € R?. Unlike in single-objective RL, these value vectors cannot,
in general, be totally ordered. Optimality in MORL is therefore defined in
terms of Pareto dominance. A policy 7’ is said to dominate another policy 7
if it performs at least as well in all objectives and strictly better in at least
one. The set of non-dominated policies forms the Pareto front, as shown in
Figure 2.2, which characterizes the achievable trade-offs among objectives.
Consequently, the goal in MORL is not to learn a single optimal policy, but
rather to approximate this Pareto front.

4 Best policy e Non-dominated
2 for objective 1 policies
Dominated

olicies
Pareto Front polid

Objective 1

Best policy
~¥ for objective 2

Objective 2

Figure 2.2: Pareto front for a multi-objective optimization problem with two
objectives.

To achieve this, the agent must explore the policy space to identify policies
corresponding to different objective trade-offs, and thereby approximate the
set of Pareto-optimal solutions. To enable the use of standard reinforcement
learning methods for policy optimization, scalarization is introduced via a
utility function

u: R 5 R,

which maps the multi-objective value vector to a scalar value. The most widely
used scalarization, and the one adopted in this thesis, is linear scalarization,

d
u(V5w)=w'V™ = Zinf, (2.17)
i=1

where the weight (preference) vector w € RY satisfies w; > 0 for all i and

Z?Zl w; = 1. Each weight vector defines a corresponding single-objective
optimization problem with scalarized rewards

rw(s,a,s) =w'r(s,a,s). (2.18)

The set of policies that are optimal for some weight vector w constitutes the
Convex Hull (CH) of the achievable value set. The minimal subset containing
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one optimal policy per weight vector is known as the Convex Coverage Set
(CCS), which provides a compact representation of all linearly Pareto-optimal
solutions.

In practice, approximating CCS by solving a separate reinforcement learn-
ing problem for every possible weight vector w is computationally infeasible.
Consequently, several algorithmic frameworks have been proposed to efficiently
approximate the Pareto front or CCS, typically by employing extended versions
of traditional RL algorithms for policy optimization. These include evolutionary
approaches that maintain a population of policies to evolve toward the Pareto
optimal set [24]; preference-conditioned policies, such as Pareto Conditioned
Networks, that use a neural network to generalize across desired returns or
weights [25]; and decomposition-based methods that break the Pareto front
into simpler sub-problems solved concurrently [26]. In Paper II, appended to
this thesis, we implement a multi-objective extension of PPO and utilize a
sample-efficient approach for prioritizing the weight vectors for training based
on Generalized Policy Improvement (GPI) [27], [28]. This strategy identifies
weight vectors where the existing learned policies have the highest potential
for improvement, allowing for a more effective refinement of the CCS.

2.5 Traffic Environment Modeling

To enable systematic and reproducible investigation of tactical decision mak-
ing for autonomous heavy-duty trucks, a scalable simulation environment
is developed using the Simulation of Urban Mobility (SUMO) platform [29].
SUMO is an open-source microscopic traffic simulator that models individual
vehicles and their interactions while supporting large-scale experiments with
heterogeneous traffic compositions.

The simulation environment represents a highway driving scenario as shown
in Figure 2.3, composed of a three-lane road segment with configurable length.
Traffic consists of a heterogeneous mixture of passenger vehicles and heavy-
duty trucks. The ego heavy-duty truck is controlled by a learning-based
tactical decision making policy while surrounding vehicles are controlled using
SUMO’s default car-following and lane-changing models. A moving window
of surrounding vehicles is maintained around the ego truck to maintain a
stationary traffic distribution, with vehicles dynamically re-spawned at the
boundaries of the window. Traffic density, vehicle composition, and their
characteristics are configurable parameters that enable experiments in different
levels of congestion and traffic settings. Simulation episodes end when the ego
vehicle reaches the end of the road segment, a crash occurs, or a predefined
maximum simulation time is exceeded.

2.5.1 Car-Following Models

Car-following models describe how a vehicle adjusts its speed based on the
motion of the leading vehicle. These models aim to maintain safe distances
with leading vehicle and avoid collisions while not lag too far behind.
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Figure 2.3: Simulated traffic environment in SUMO with the illustration of
moving window. The ego vehicle is described by its position and velocity
(20, Y0, V20, Vyo) and surrounding vehicles are characterized by (x;, yi, Vgi, Uyi)-
The relative longitudinal and lateral distances of surrounding vehicles are
represented by dg;,d,; while djcqq denotes the longitudinal distance to the
leading vehicle. The moving window size [l,;ndow, road length [,.,.q and traffic
density are configurable parameters.

There are several car-following models in traffic literature. In this work,
we implement Intelligent Driver Model (IDM) [30] for low-level speed control
for the ego truck. IDM computes the longitudinal acceleration a of following
vehicle o as a function of its current speed v, the speed difference Av, with
respect to the leading vehicle, and the gap s, to the vehicle ahead:

Do = dsta - (1 - (Z—i)é - <%ﬂm0‘)>2> (2.19)

where the desired gap s*(v, Av) is defined as

Vo AVqy
2/ab

Here, vq is the desired speed of the vehicle, sy is the minimum spacing, T
is the desired time gap to the leading vehicle, a is the maximum acceleration,
b is the comfortable deceleration and § is an exponent (typically 4).

The acceleration computed by IDM is composed of two terms. The first

$* (Va, Avg) = 50 + v, + (2.20)

5
term, a (1 — (Z—g) ) defines the desired acceleration on a free road, driving

the vehicle towards the desired speed vg. As the current speed v, approaches
Vg, this term smoothly decreases from the maximum acceleration a to zero.

5" (Vo , Avey,)

2
2 ) represents the deceleration induced by the

The second term —a (

leading vehicle, comparing the actual gap s, to the desired gap s*(va, Avy).
This term ensures that the vehicle decelerates smoothly when approaching a
slower vehicle, maintaining a safe following distance and avoiding collisions.
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The desired gap accounts for minimum spacing, desired time gap, and relative
speed, allowing IDM to produce realistic transitions between free driving,
car-following, and braking.

The surrounding vehicles in the simulation uses the default car-following
model implemented in SUMO, known as Krauss model [31]. Unlike IDM,
which computes acceleration, the Krauss model determines the maximum safe
velocity for a following vehicle by considering the current speed of the leading
vehicle, the gap between vehicles, the driver’s reaction time, and the braking
capabilities of both vehicles. The model also incorporates stochastic noise to
capture variability in driver behavior, ensuring realistic traffic dynamics.

2.5.2 Lane-Change Models

Lane-change models describe how vehicles decide when and how to change
lanes in multi-lane traffic. The default lane-change model in SUMO, known as
LC2013 [32], evaluates both motivations and safety criteria for performing a
lane change. Motivations include strategic lane changes to follow the planned
route, cooperative lane changes to allow other vehicles to perform maneuvers,
tactical lane changes to gain speed or improve travel time, and lane changes
due to obligations, such as clearing the overtaking lane. The safety criterion
ensures that sufficient gaps exist in the target lane to avoid collisions. Once a
lane-change decision is made, LC2013 computes the lateral trajectory required
for the vehicle to transition smoothly to the target lane.

In this work, the lane changes for surrounding vehicles are completely
controlled by LC2013 model. However, for the ego vehicle, lane changes are
initiated by a learned policy whereas the LLC2013 is used only to compute the
lateral motion for performing the lane change.



Chapter 3

Summary of Included
Papers

In this chapter, we provide a summary of the two papers appended to this
thesis.

3.1 Paper I

The first paper included in this thesis addresses tactical decision making for
autonomous heavy-duty trucks in highway traffic, focusing on Adaptive Cruise
Control (ACC) and lane change maneuvers. The study uses a simulation of a
three-lane, 3 km highway segment with 15 vehicles. The ego vehicle is modeled
as a truck-trailer combination and all surrounding vehicles are passenger cars.

Many existing studies apply RL directly to safety-critical decisions such
as speed control. However, RL policies inherently involve uncertainties that
pose risks in safety-critical applications. To mitigate this, the paper proposes a
hierarchical decision making framework that integrates RL with physics-based
controllers. High-level decisions including changing desired speed, desired
timegap or lane are handled by RL, while low-level control is executed by
traditional controllers. Specifically, we use the Intelligent Driver Model (IDM)
for low-level speed regulation and SUMO’s default LC2013 model handles the
execution of lane changes. This hierarchical architecture is evaluated against a
baseline that includes only an RL agent making decisions about both speed and
lane changes. Using DQN, A2C, and PPO algorithms with a safety-focused
reward function, the results show that the hierarchical approach consistently
outperforms the baseline, regardless of the RL algorithm used.

For heavy-duty trucks, operational efficiency and cost are critical due to their
commercial nature. This motivates a framework that explicitly incorporates
economic considerations alongside safety objectives. To capture these, we
design a reward function based on the Total Cost of Operation (TCOP),
which jointly reflects efficiency, safety, and operational cost within a single
learning objective. These composite rewards also introduce challenges related
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to conflicting objectives and learning stability.

The paper systematically explores strategies for handling multi-component
rewards within a scalar RL framework including weighted scalarization of reward
components, reward normalization and reward based curriculum learning.
Weighted scalarization combines reward components with fixed weights, offering
simplicity and efficiency but requiring careful tuning. Reward normalization
is implemented by dividing each cost component by the distance traveled per
step, improving stability and convergence. Curriculum Reinforcement Learning
(CRL) is explored as a strategy to manage complexity in multi-component
rewards. By gradually introducing new reward aspects, the agent first learns
stable behaviors for simpler objectives before facing complex trade-offs. We
could observe that reshaping the reward function with weights or normalization
significantly improves the performance whereas CRL shows comparable results
with non-CRL approach. In general, this complex cost-based reward function
poses challenges in terms of computation and stability, compared to a simple
safety-focused reward function.

Contributions Deepthi Pathare performed the main work, including the
design and implementation of the framework and simulation environment,
training of the models, and conducting the experimental studies. The project
was jointly supervised by Morteza Haghir Chehreghani and Leo Laine.

3.2 Paper II

Building on the insights and limitations identified in the first paper, the second
paper shifts focus from scalarized reward formulations to an explicit treatment
of competing objectives in tactical decision making for heavy-duty trucks.
While the earlier work demonstrates that the tactical decision making problem
can be tackled using a deep RL framework with a scalar reward function,
it also reveals challenges related to reward tuning and convergence. These
observations motivate a reformulation of the decision making problem that
directly acknowledges its multi-objective nature rather than collapsing multiple
components into a single scalar signal.

To address this, the second paper formulates the tactical decision making
problem within a multi-objective reinforcement learning (MORL) framework.
Instead of aggregating different aspects of driving performance into a single
reward signal, MORL models each objective separately using a vector of
rewards. In this work, we consider three objectives: safety, quantified in terms
of collisions and successful task completion; energy efficiency, quantified through
energy cost; and time efficiency, quantified through driver cost.

In contrast to the first paper, which focuses on learning a single policy
optimized for multiple objectives, this work aims to learn a set of Pareto-
optimal policies. In the multi-objective setting, a policy is considered Pareto-
optimal if no objective can be further improved without degrading at least
one other objective. By approximating the Pareto frontier, the proposed
framework provides a structured representation of the achievable trade-offs
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between safety, energy consumption, and travel time. This shifts the emphasis
from identifying a single best policy to exploring a space of viable tactical
behaviors. This approach better reflects real-world freight transport operations,
where improvements along one dimension often incur costs in another, and
where no single policy is universally optimal across all operational preferences.

We use Proximal Policy Optimization (PPO) as the underlying reinforcement
learning algorithm due to its proven performance in Paper I. We develop a
multi-objective extension of PPO architecture that employs a vector-valued
critic together with an actor network producing per-objective action logits,
while applying scalarization only at the loss level. The actor—critic networks
are trained iteratively by selecting preference weight vectors expected to yield
the highest improvement based on Generalized Policy Improvement (GPI).

The experimental results demonstrate that the proposed MORL framework
successfully learns diverse and interpretable tactical driving behaviors corres-
ponding to different trade-offs between successful completion, driver cost and
energy cost. The learned policies exhibit consistent and meaningful structure
across the Pareto frontier, revealing clear behavioral patterns such as conservat-
ive, energy efficient driving versus more time efficient but aggressive strategies.
Furthermore, experiments across different traffic density settings show that
the nature of the learned Pareto-optimal policies depends on the interaction
dynamics of the environment. While the MORL framework captures trade-offs
between objectives, the specific behaviors that emerge along the Pareto frontier
vary with traffic conditions, reflecting differences in vehicle interactions and
complexity.

Contributions Deepthi Pathare performed the main work, including the
design and implementation of the MORL framework, training of the models,
and conducting the experimental studies. The project was jointly supervised
by Morteza Haghir Chehreghani and Leo Laine.
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Chapter 4

Concluding Remarks and
Future Work

In this thesis, we investigate learning-based tactical decision making for
autonomous heavy-duty trucks, focusing on high-level driving decisions such
as Adaptive Cruise Control and lane selection. The two papers in the thesis
provide a coherent methodological progression, examining both the capabil-
ities and limitations of reinforcement learning for economically meaningful
autonomous driving.

The first paper demonstrates that reinforcement learning can be effectively
applied to tactical decision making when combined with a hierarchical control
architecture. By limiting RL to perform high-level tactical decisions and
delegating low-level tactical control to physics-based controllers, the approach
improves safety and overall performance. In this study, we also introduce a
realistic reward function that captures the economic aspects of truck driving.
However, the findings highlight the challenges of scalar reward formulations in
such settings in terms of convergence and learning stability.

The second paper addresses these limitations through a multi-objective
reinforcement learning formulation, explicitly modeling safety, energy efficiency,
and time efficiency as separate objectives. This approach approximates a
Pareto front, providing transparent insight into trade-offs, enabling flexible
choices of policies without retraining.

While the presented framework demonstrates the feasibility and benefits
of learning-based tactical decision making for autonomous heavy-duty trucks,
several important extensions remain for future research. First, the current
hierarchical framework adopts a simplified action space in which the agent
selects only one discrete maneuver at a time, such as performing Adaptive
Cruise Control adjustments or initiating a lane change. However, driving
in the real-world requires the simultaneous coordination of longitudinal and
lateral actions. Future work will therefore extend the action space to enable
concurrent longitudinal and lateral decision making. In addition, mechanisms
will be incorporated to facilitate cooperative interactions with surrounding
vehicles, particularly during lane change maneuvers. Such extensions are
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expected to enhance behavioral realism, promote cooperative driving behavior,
and enable smoother maneuver execution.

Second, while the current work focuses primarily on truck-level objectives
such as safety, efficiency, and operational costs, broader system-level objectives
remain largely unexplored. Heavy-duty trucks play a significant role in overall
traffic dynamics, and their decisions can substantially influence traffic flow
efficiency and congestion patterns. Future work will therefore investigate the
integration of macro-level goals, such as traffic flow efficiency and cooperative
behavior, into the decision making framework. To achieve more realistic and
interactive traffic modeling, surrounding vehicles will be represented using multi-
agent reinforcement learning formulations rather than predefined behavioral
models. The framework should also be further tuned and evaluated in more
complex scenarios to fully assess robustness and scalability.

Finally, integrating real-world operational data collected from trucks through
offline reinforcement learning techniques would enable more informed decision
making, improve generalization, and support data-driven calibration of objective
trade-offs grounded in operational realities.
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