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Reinforcement Learning-based Model Predictive Control for Autonomous Truck
Driving
A Hybrid Method with the Focus on Driving an Autonomous Truck Under Con-
strained Operating Conditions and Improving Long Horizon Performance
HOOMAN HAMZE
BENJAMIN HOUSHMAND
Department of Electrical Engineering
Department of Computer Science and Engineering
Chalmers University of Technology

Abstract
Autonomous vehicles have gained significant attention in recent years due to their
potential to improve transportation safety, efficiency, and operational flexibility. In
addition to increasing driver comfort and reducing human error, autonomous driving
systems can enable continuous operation and improve fuel efficiency, which is par-
ticularly important for heavy-duty vehicles such as trucks. However, autonomous
truck control remains a challenging problem due to complex traffic interactions,
strict safety requirements, and the need for long-term decision-making under com-
putational constraints.
This thesis investigates a hybrid control framework that combines Model Predictive
Control (MPC) with Reinforcement Learning (RL) for autonomous truck control
in highway driving scenarios. The proposed approach aims to exploit the safety,
interpretability, and constraint-handling capabilities of MPC while benefiting from
the long-term prediction and computational efficiency provided by RL-based value
approximation methods.
We implement an MPC controller with various safety and operational constraints for
driving in a simulated highway environment. A Deep Q-Network (DQN) based RL
model is trained to estimate the value function, providing a faster and more accu-
rate approximation of terminal cost. We also compare the performance of proposed
framework with various variants such as rollout-based approximations. Further-
more, uncertainties and disturbances in the traffic environment are incorporated to
investigate the robustness of the proposed framework under noisy and unpredictable
conditions.
The results demonstrate that the proposed RL-MPC framework can successfully
satisfy safety and operational constraints in different driving scenarios while im-
proving long-term prediction and reducing overall control cost. The study further
highlights the importance of terminal cost approximation and uncertainty handling
in achieving robust and computationally efficient autonomous truck control.

Keywords: Autonomous Driving, Model Predictive Control, Reinforcement Learn-
ing, Rollout, Stochastic MPC, Dynamic Programming, Heavy Duty Vehicle
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1
Introduction

1.1 Motivation

Autonomous driving has experienced rapid progress in recent years, driven by ad-
vances in sensing technologies, embedded computing, and machine learning. Despite
these developments, achieving safe, efficient, and comfortable vehicle motion in com-
plex traffic environments remains a challenging control problem. This challenge is
particularly prominent for autonomous trucks, which impose stricter operational
constraints due to their larger mass, longer braking distances, and the increased
severity of potential accidents. Beyond safety, the Total Cost of Operation (TCOP)
incorporating factors such as energy consumption, break wear, and even passenger
comfort remains a critical metric for the industrial viability of heavy duty trans-
port [1, 2]. As a result, truck motion control systems must exhibit both short-term
responsiveness and long-term predictive capability.
Model Predictive Control (MPC) has emerged as one of the most successful frame-
works for autonomous vehicle motion control due to its ability to explicitly in-
corporate system dynamics, safety constraints, and actuator limitations within an
optimization-based formulation. MPC has been widely applied to car following, lane
keeping, lane changing, and trajectory tracking tasks in autonomous driving [3]. By
solving a constrained finite-horizon optimal control problem in a receding horizon
manner, MPC generates control actions that optimize objectives in near future while
guaranteeing constraint satisfaction.
However, a fundamental limitation of conventional MPC lies in its reliance on rela-
tively short horizon prediction, which restricts its ability to reason about long-term
consequences. In dense and dynamic highway environments, this often leads to
conservative, suboptimal, or even unsafe behavior, as the controller cannot fully
account for the strategic interactions with other vehicles or distal goals [4]. While
increasing the MPC prediction horizon can partially mitigate this limitation, do-
ing so significantly increases the computational burden, and often makes real-time
implementation on embedded hardware infeasible [5]. Furthermore, long horizon
optimization alone cannot fully capture the stochastic nature of traffic, interactions
with human-driven vehicles, and generally modeling uncertainties [6, 7].
These challenges motivate the integration of learning-based techniques with MPC to
improve long term performance while preserving safety and computational feasibil-
ity. By utilizing Reinforcement Learning (RL) to provide a terminal value estimate,
the effective planning horizon of MPC can be extended, enabling low-level motion
control to better account for long-term tactical objectives [8, 9, 10]. This hybrid
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approach allows the control architecture to inherit the interpretability and robust-
ness of predictive control while gaining the adaptive, long-term foresight of deep
learning.

1.2 Related Works

1.2.1 Model Predictive Control for Autonomous Driving
MPC has become the key methodology of autonomous vehicle motion planning and
control due to its ability to explicitly handle multi-variable system dynamics and
state/input constraints [11]. In the context of highway driving, MPC is frequently
used for trajectory generation and tracking, as it can be optimized for safety, pas-
senger comfort, and fuel efficiency within a receding horizon framework.
Early applications of MPC in this domain often relied on linear time-invariant (LTI)
models to ensure real-time feasibility. However, to capture the highly nonlinear na-
ture of vehicle dynamics, Nonlinear MPC (NMPC) has been increasingly adopted.
For instance, recent work by Börve et al. [4] utilizes NMPC within a distributed
framework to solve interaction-aware trajectory planning in dense highway traffic.
Their approach couples prediction and planning, allowing the ego-vehicle to account
for the future trajectories of surrounding agents, thereby improving safety and co-
ordination in tight merging or lane-changing scenarios.
Despite its strengths, the performance of MPC is heavily dependent on the accu-
racy of the underlying vehicle model, prediction model, optimization horizon, and
the tuning of its cost function parameters. Recent work has explored combining
learning-based and optimization-based approaches to leverage the strengths of both
paradigms. For example, Brito et al. [12] proposed a hybrid framework in which a
reinforcement-learning policy provides interaction-aware guidance to an MPC-based
trajectory optimizer, achieving improved performance in dense traffic scenarios while
preserving safety constraints. Furthermore, the selection of the prediction horizon
remains a critical trade-off, while a longer horizon provides better foresight, it sig-
nificantly increases the computational burden, often requiring specialized solvers or
architectural simplifications to remain viable for real-time deployment.

1.2.2 Reinforcement Learning for Autonomous Driving
RL has emerged as a powerful paradigm for autonomous driving, offering the ability
to learn complex driving strategies directly from data and environmental interaction
[13]. Early research in this area often focused on end-to-end learning, where deep
neural networks map raw sensor inputs, such as images, directly to low-level control
commands like steering and acceleration [14]. While these approaches demonstrate
the potential for capturing human-like driving behavior, they often struggle with
safety guarantees and the massive data requirements needed to handle special cases
in real-world environments.
To mitigate these challenges, recent literature has shifted toward utilizing RL for
high-level tactical decision-making, while leaving low-level execution to traditional
controllers. Pathare et al. [2] demonstrated such an integration, pairing RL-based
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tactical decision-making with low-level controllers for execution, and showed that
separating high-level tactical processes from low-level physical models improves both
safety and overall driving efficiency. Within the same paradigm, Hoel et al. [15]
demonstrated the effectiveness of Deep Q-Networks (DQN) in managing speed and
lane-change decisions for heavy-duty vehicles, showing that RL agents can match or
outperform heuristic-based reference models in highway scenarios. Further advance-
ments have addressed the "black-box" nature of RL by incorporating uncertainty
estimation. By employing a set of neural networks with randomized prior functions,
agents can quantify their confidence in specific actions, allowing the system to fall
back to a safe state when encountering out-of-distribution scenarios [6]. Despite
these successes, the transition from discrete high-level actions to continuous, safe
control remains a primary area of investigation.

1.2.3 Hybrid Model Predictive Control and Reinforcement
Learning Approaches

The integration of MPC and RL has emerged as a dominant research direction to
overcome the individual limitations of each method. While MPC provides safety
guarantees through explicit constraint handling and a physics-based model, it of-
ten suffers from model inaccuracies and short-sightedness due to limited horizons.
Conversely, RL can learn complex behaviors and account for long-term rewards but
lacks inherent safety mechanisms and transparency. Recent research explores various
hybrid architectures to create "Safe RL" or "Learning-based MPC" frameworks.
One prominent hybrid approach involves using RL to dynamically adapt the pa-
rameters of an MPC controller. Zarrouki et al. [10] proposed a Weights-varying
MPC (WMPC) where an RL agent selects optimal cost function weights from a
pre-optimized Pareto set, allowing the controller to adapt to changing environments
while remaining in a stable operating space. Similarly, Chen et al. [9] utilized
Proximal Policy Optimization (PPO) to adjust the MPC prediction horizon online,
significantly improving trajectory tracking performance across varying speeds and
curvatures. In car-following scenarios, Wang et al. [16] demonstrated that RL can
be used to extract features from dynamic traffic scenes to adjust weight coefficients,
improving adaptability to real-world risk levels.
Another research direction uses RL to compensate for unmodeled dynamics within
the MPC framework. Gupta et al. [7] introduced the Actor-Critic Reinforcement
Learning Compensated MPC (AC2MPC) for off-road driving, where the MPC han-
dles the nominal vehicle model and the RL agent learns to compensate for complex
tire-terrain interactions. Similarly, Li et al. [17] proposed using a low-dimensional
residual model to learn deviations in vehicle behavior and incorporate these learned
residuals directly back into the MPC constraints.
Hierarchical structures have also emerged as an effective way to separate tactical
decision-making from low-level motion control. Reiter et al. [18] proposed a hier-
archical motion planning framework in which a high-level policy generates reward
specifications for a low-level NMPC controller while restricting exploration to safe
and feasible trajectories. Similarly, Albarella et al. [19] developed a hybrid archi-
tecture for autonomous highway driving that combines deep reinforcement learning
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for behavioral decision-making with nonlinear MPC for constrained vehicle control
in dynamic traffic scenarios.
A particularly promising class of hybrid methods focuses on using RL to provide
terminal value function approximations for MPC. The theoretical basis for using
learned terminal costs in MPC can be interpreted through the framework of Dy-
namic Programming (DP). Bertsekas [20] formalizes the relationship between MPC
and RL by framing both as forms of approximation in value space. Within this con-
text, the MPC optimization serves as a finite-horizon "lookahead" policy, while RL
provides approximations of the long-term cost-to-go. This theoretical connection
is further expanded in [8], where hybrid MPC-RL architectures are interpreted as
rollout algorithms that combine finite-horizon optimization with approximate value
functions to recover infinite-horizon behavior. These approaches aim to extend the
effective planning horizon without significantly increasing online computational com-
plexity. A good estimation of terminal cost can contribute to closed-loop stability,
recursive feasibility, and safe operation by accounting for the future consequences
of decisions beyond the explicit prediction horizon. Therefore, learning accurate
terminal value approximations may not only improve performance but also support
the robustness and reliability of autonomous driving systems. Morita et al. [21] and
Chintalapudi et al. [22] demonstrated that augmenting the MPC cost-to-go with a
learned terminal value function allows the controller to operate with shorter real-
time horizons while preserving long-term performance and decision quality. Such
formulations are especially attractive for autonomous driving applications, where
computational limitations often restrict the feasible prediction horizon despite the
need for long-term reasoning.
Recent survey works further emphasize the broad unification between MPC and RL
across these hybrid formulations. In particular, Reiter et al. [3] describe MPC as a
deterministic policy derived from an online optimization problem and discuss how
RL components can complement MPC through value approximation, policy adapta-
tion, residual learning, and hierarchical decision-making. Their work highlights that
learned value functions, adaptive policies, and model compensation strategies can all
be interpreted within a common DP-based framework, where MPC provides struc-
tured safety and constraint handling while RL contributes long-term adaptation and
learning capability. Consequently, hybrid RL-MPC methodologies represent one of
the most promising directions toward robust, interpretable, and computationally
efficient autonomous driving systems.

1.3 Research Gap and Problem Statement
While MPC provides safety, interpretability, and explicit constraint handling, its
performance is fundamentally limited by the length of the prediction horizon. RL,
conversely, can capture long-term effects but often lacks the safety guarantees and
transparency required for safety-critical applications. These limitations are comple-
mentary: the long-horizon reasoning that MPC lacks is precisely what RL provides,
while the safety and constraint handling that RL lacks are inherent to MPC. Hy-
brid RL-MPC frameworks exploit this complementarity by incorporating a value
function learned through RL into the MPC optimization problem, where it serves
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as a terminal cost that approximates the long-term consequences of actions beyond
the prediction horizon. Recent studies have reported encouraging results for such
frameworks. Nevertheless, a clear research gap remains in bringing these elements
together for autonomous truck control: no existing framework combines safety, inter-
pretability, real-time feasibility, and long-horizon decision-making within a unified
architecture.

1.4 Research Questions
This thesis aims to investigate the following research questions:

1. How can RL value functions be designed to capture long-horizon cost in truck
driving while ensuring compatibility with MPC’s constraint handling?

2. In realistic scenarios, how does an RL-MPC framework perform compared
to a standard MPC controller and to RL-only methods in terms of safety,
coordination, and computational efficiency?

3. To what extent do uncertainties, such as the behavior of surrounding vehicles
and the occurrence of unforeseen events, affect the performance of an RL-MPC
framework, and can these effects be mitigated?

4. How should the MPC horizons and RL discount factor be balanced so that
the controller is both computationally and operationally efficient?

1.5 Objectives and Contributions
The objective of this thesis is to develop, implement, and evaluate a learning-based
Model Predictive Control framework for autonomous truck control in highway traffic
scenarios. The proposed approach integrates a learned terminal value function into a
MPC formulation, thereby extending the effective planning horizon while preserving
safety, interpretability, and computational tractability. Furthermore, the effect of
uncertainty on the performance of the controller is investigated by considering both
process and measurement noises.
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2
Theory

This chapter provides the mathematical foundation for the hybrid control frame-
work proposed in this thesis. We begin by defining the principles of MPC and its
formulation as a constrained optimization problem. Subsequently, we introduce RL
and Markov Decision Process (MDP), focusing on value function approximation as
a means to capture long-term system behavior.

2.1 Model Predictive Control

Model Predictive Control (MPC) represents a family of control algorithms that ex-
plicitly use a process model to predict the future evolution of a system and calculate
an optimal control signal. Since its inception in the late 1970s, MPC has evolved
from a tool primarily used in the chemical process industries to a dominant strat-
egy for high-performance applications, including autonomous vehicle guidance and
aerospace systems [23].

2.1.1 Motivation and Advantages

The widespread adoption of MPC is driven by several key advantages that distin-
guish it from classical control methods like Proportional-Integral-Derivative (PID)
control or Linear Quadratic Regulators (LQR):
Perhaps the most significant advantage of MPC is its ability to incorporate con-
straints on both system states and control inputs. In the context of autonomous
driving, this allows the controller to respect physical limits, such as maximum en-
gine acceleration (amax), while simultaneously maintaining safety-critical bound-
aries, such as minimum following distances [24].
MPC naturally supports the formulation of multi-objective optimization problems,
similarly to other optimal control approaches such as LQR. However, MPC extends
this capability by explicitly handling state and input constraints within the opti-
mization problem.
Furthermore, the controller possesses foresight by utilizing a prediction horizon. It
can begin adjusting control actions (e.g., decelerating) well before a constraint is
reached or a future reference change occurs, rather than merely reacting to an error
after it has appeared.
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2.1.2 Receding Horizon Concept
The defining characteristic of MPC is the receding horizon principle. At each sam-
pling instant, the controller solves an open-loop optimal control problem over a finite
time horizon. Although an entire sequence of future control actions is calculated,
only the first element is applied to the system. At the next time step, the horizon
recedes or shifts forward, and the optimization is repeated using the most recent
state measurements or estimates [23].
This feedback mechanism provides the system with robustness against model mis-
match and external disturbances. By recalculating the trajectory at every step, the
controller can correct itself for errors that occurred between the predicted behavior
and the actual system response.

2.1.3 Mathematical Formulation
The operational logic of MPC is centered on solving a Finite Horizon Optimal Con-
trol Problem (FHOCP) at each discrete time step k. To do so, the system dynamics
are represented by a discrete-time model:

xk+1 = f(xk, uk) (2.1)

where xk ∈ Rn is the state vector and uk ∈ Rm is the control input.
The controller seeks to minimize a cost function J over a prediction horizon H.
This cost function is generally structured as a summation of stage costs g(x, u) and
a terminal cost q(xH) [11]:

min
u0...H−1

J =
H−1∑
h=0

g(xk+h, uk+h) + q(xk+H) (2.2)

subject to:

xk+h+1 = f(xk+h, uk+h) (2.3)
uk+h ∈ U (2.4)
xk+h ∈ X (2.5)

Here, U and X represent the sets of admissible control inputs and states, respectively.
These sets define the physical and safety constraints of the system.

2.1.4 The effect of Terminal Cost
The performance of the MPC controller is critically sensitive to the choice of terminal
cost q(xH). Although infinite-horizon optimal control provides the theoretically ideal
solution, solving such problems online is generally computationally intractable for
autonomous driving applications. MPC therefore approximates the infinite-horizon
problem using a finite prediction horizon.
The terminal cost serves as a surrogate representation of all costs occurring beyond
the prediction horizon. Without a terminal cost, the controller implicitly assumes
that no future cost exists after the horizon. Setting q(xH) = 0 is the simplest choice

8



2. Theory

and implies no cost beyond the horizon, an assumption that causes myopic behavior
in dynamic environments.
From control theory perspective, terminal costs are not only introduced to improve
performance. Properly designed terminal costs contribute to closed-loop stability,
recursive feasibility, and safe operation by encouraging the optimizer to steer the
system toward desirable terminal states. Choosing q(xH) as an approximation of the
infinite-horizon cost-to-go, denoted V̂ (xH) ≈ V ∗(xH), extends the effective planning
horizon without increasing the computational cost of the optimization [8, 11, 20,
21, 22]. This observation motivates the hybrid MPC-RL architecture proposed in
this thesis, where a learned value function provides the terminal cost. The central
idea of this thesis is that reinforcement learning can be used to approximate this
terminal value function, thereby extending the effective planning horizon without
increasing the online optimization burden.

2.1.5 Receding Horizon Implementation
The actual implementation of the controller follows the receding horizon strategy.
Although the optimization yields an optimal sequence of future control actions U∗ =
{u∗

k, u∗
k+1, . . . , u∗

k+H−1}, only the first action u∗
k is applied to the system.

At the next sampling interval k+1, a new measurement of the state xk+1 is obtained,
and the entire optimization process is repeated over a shifted horizon. This repetitive
optimization introduces a feedback loop into the system, which allows the MPC to
compensate for disturbances and modeling inaccuracies that were not accounted for
in the initial prediction.
This approach transforms the control problem into a sequence of optimization prob-
lems that can be solved using various numerical techniques, from quadratic pro-
gramming (QP) for linear systems to dynamic programming (DP) or nonlinear op-
timization for more complex, high-dimensional environments.

2.1.6 Dynamic Programming and the Backward Sweep
The finite-horizon optimal control problem defined in Section 2.1 can be solved
exactly via Dynamic Programming (DP), a general-purpose method for solving se-
quential decision problems introduced by Bellman [25]. DP exploits the Principle
of Optimality, which means an optimal control sequence has the property that,
regardless of the initial state and the first decision, the remaining decisions must
constitute an optimal policy for the sub-problem starting from the state that results
from the first decision. This recursive structure converts the joint minimization over
the full sequence u0, . . . , uH−1 into a sequence of single-step minimizations that can
be solved efficiently [26].

2.1.6.1 Backward Induction

For a finite horizon H, DP proceeds backward in time from the terminal step. The
cost-to-go at each step h is defined as the optimal cumulative cost from step h to
the end of the horizon:
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Figure 2.1: A concept of how DP solves MPC problem.

Jh(xh) = min
uh,...,uH−1

[
H−1∑
k=h

g(xk, uk) + q(xH)
]

(2.6)

The boundary condition initializes the value at the terminal step with the terminal
cost:

JH(xH) = q(xH) (2.7)

The backward recursion then computes Jh from Jh+1 by solving a one-step mini-
mization at each step:

Jh(xh) = min
uh∈U

[g(xh, uh) + Jh+1(f(xh, uh))] (2.8)

This is the Bellman equation for the finite-horizon problem [25, 26]. By sweeping
from h = H − 1 back to h = 0, the algorithm constructs the optimal value function
J0(x0) and the associated optimal policy u∗

h = arg minuh
[g(xh, uh) + Jh+1(f(xh, uh))]

at every step.
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2.1.6.2 Discrete State and Action Space

In the continuous-state setting, solving the Bellman recursion exactly is generally
intractable. However, when the state and action spaces are discretized to finite
grids, the backward sweep reduces to a table lookup over all reachable state-action
pairs [26, 27]. For each grid point xk in the discrete state space and each candidate
action uk in the discrete action set, the controller evaluates the stage cost g(xk, uk)
and looks up the next state value Jk+1(f(xk, uk)). The minimizing action is stored
as the optimal policy at that state and step.
Once the backward sweep is complete, the optimal action at the current state x0 is
recovered by a single forward lookup.

2.2 Approximate Dynamic Programming (ADP)
While the mathematical framework of MPC is optimal, its practical application in
real-time environments is often limited by the computational cost. This is espe-
cially true in highway driving, where the controller must evaluate a vast sequence
of potential maneuvers within milliseconds.

2.2.1 The Curse of Dimensionality
The primary challenge in solving the FHOCP lies in the exponential growth of the
search space as the prediction horizon H increases. Even when the state vector in
this project is limited to the ego vehicle and does not include surrounding vehicles
, the number of possible control sequences is determined by the branching factor.
For a set of discrete inputs, the total number of possible paths through the decision
tree is NH , where N is the number of available control actions. For a high-resolution
control task with a long horizon, this leads to a "Curse of Dimensionality" [26]. Ex-
haustive search methods or standard nonlinear solvers struggle to find the global
optimum for long horizons within the strict sampling times required for safe au-
tonomous navigation.

2.2.2 Rollout Approximation
To overcome these computational difficulties, approximate dynamic programming
can be used. The core idea of ADP is to solve the Bellman equation approximately
rather than exactly. In a traditional DP setup, the Cost-to-Go must be calculated
for every possible reachable state.
ADP replaces the exact calculation of the future cost with an approximation, often
referred to as a Value Function Approximation [27]. This allows the controller to
focus computational resources on the immediate lookahead horizon while using a
simplified estimate for the remaining steps.
One of the most effective ADP techniques for real-time control is the Rollout Al-
gorithm. Rollout is based on the principle of policy improvement. It uses a base
policy, a heuristic or simplified control law, to estimate the future cost-to-go beyond
a certain point [26].
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In this implementation, the controller:
1. Performs an exact optimization (such as DP) over a short-term lookahead

horizon (H).
2. At the end of this horizon, it rolls out the trajectory for a much longer total

horizon (Htotal) using a greedy base policy.
This ensures that the system makes precise tactical actions in the immediate fu-
ture while still accounting for the long-term consequences without the burden of an
exhaustive search over the long window.

Figure 2.2: A concept of how Rollout works.

The theoretical justification for rollout is provided by Bertsekas [8, 20, 26], who
shows that for any base policy π̃, the rollout policy πR satisfies:

JπR(x) ≤ J π̃(x) ∀x (2.9)

This means that the rollout policy, which is the combination of short-term looka-
head horizon and base policy, achieves a cost no worse than the base policy from
every initial state. This one-step policy improvement property is the key property
that justifies using a greedy rollout over a finite horizon Hroll as a terminal cost
approximation.
By combining a short-term DP with a long-term Rollout, the controller achieves a
balance between foresight and feasibility. The short-term DP ensures safety and
reacts to the immediate changes, while the Rollout ensures the system follows a
globally sensible strategy. This prevents the controller from becoming short-sighted
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and making decisions that look optimal in the next few steps but lead to worse
states or poor performance in the longer period.

2.3 Stochastic Optimal Control
The deterministic MPC formulation presented in Section 2.1 assumes perfect knowl-
edge of the system state and exact prediction of surrounding vehicle behavior over
the horizon H. In autonomous driving, neither assumption holds. Sensor mea-
surements carry noise, and the future trajectories of other vehicles are inherently
uncertain. When these uncertainties are significant relative to the safety margins,
a deterministic controller may produce plans that appear optimal in the model but
are unsafe in reality.
Stochastic Model Predictive Control (SMPC) extends the MPC framework to ex-
plicitly account for such uncertainties. Rather than optimizing over a single pre-
dicted trajectory, SMPC optimizes over the distribution of possible future states,
incorporating uncertainty directly into the cost function and constraints [28, 29].
In the context of collision avoidance for autonomous vehicles, this leads to chance-
constrained formulations that provide probabilistic safety guarantees, ensuring that
the probability of a safety constraint violation remains below a desired risk toler-
ance [30]. The following subsections establish the mathematical foundation for this
framework.

2.3.1 Stochastic Discrete-Time Systems
The foundation of modern control theory for systems operating under uncertainty is
the discrete-time stochastic dynamical system. As established by [26], a nonlinear
system with additive zero-mean Gaussian process and measurement noise can be
written as:

xk+1 = f(xk, uk) + wk, wk ∼ N (0, Σw) (2.10)

yk = h(xk) + vk, vk ∼ N (0, Σv) (2.11)

where xk ∈ Rn is the true state vector, uk ∈ Rm is the control input, wk is additive
Gaussian process noise with covariance Σw representing uncertainty in the system’s
model, yk ∈ Rp is the observation vector, h(·) is the observation model, and vk is
additive Gaussian measurement noise with covariance Σv representing sensor imper-
fections. The two noise sources are assumed to be independent (i.i.d.) of each other
across time steps.
In the highway driving context, process noise wk captures prediction errors arising
from unmodeled dynamics of surrounding vehicles, for example, a vehicle braking
unexpectedly or changing lanes during the prediction horizon. Measurement noise
vk captures sensor uncertainty in the observed states of surrounding vehicles, such
as errors in their reported position, speed, and acceleration. Both sources contribute
to the total uncertainty that the controller must account for when planning over the
horizon H.
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2.3.2 Stochastic Evolution of State Uncertainty
In the presence of both process and measurement noise, the controller does not have
access to the true state xk but instead maintains a belief over it based on the history
of observations {y0, . . . , yk}. For Gaussian noise and linear dynamics, this belief is
exactly a Gaussian distribution xk ∼ N (µk, Pk), maintained by a Kalman filter. For
nonlinear systems, an Extended Kalman Filter (EKF) is used [31].
Assuming that the control input uk is known exactly and deterministic at time step
k, the uncertainty propagation is solely determined by the state uncertainty and the
process noise. Under this assumption, the covariance prediction step of the EKF is
given by:

Pk+1|k = AkPkAT
k + Σw (2.12)

where Ak = ∂f/∂x|x=µk
is the Jacobian of f evaluated at the predicted mean. Sec-

ond, the update step incorporates the new measurement yk+1, reducing uncertainty:

Pk+1 = (I −Kk+1Hk+1)Pk+1|k (2.13)

where Hk+1 = ∂h/∂x|x=µk+1|k is the observation Jacobian and:

Kk+1 = Pk+1|kHT
k+1(Hk+1Pk+1|kHT

k+1 + Σv)−1 (2.14)

is the Kalman gain. The prediction step causes uncertainty to grow due to process
noise, while the update step reduces it by incorporating new measurements. The
balance between these two effects determines the steady-state uncertainty level.
In the MPC prediction horizon, no new measurements arrive after h = 0, so only
the prediction step applies for h = 1, . . . , H. Starting from the initial covariance P0
at observation time, the predicted covariance grows as:

Ph+1 = AhPhAT
h + Σw, h = 0, 1, . . . , H − 1 (2.15)

Even if the initial state is known exactly (P0 = 0), process noise causes the uncer-
tainty to grow with each prediction step. When measurement noise also contributes
to P0 (because the initial observation is itself uncertain), both sources compound
over the horizon.
In this work, empirical analysis of the trajectory prediction error (Section 4.3) shows
that process noise is negligible over the short horizon H ≤ 5 steps used in the
DP. The dominant source of uncertainty is therefore measurement noise at h =
0, which propagates deterministically through the prediction model. The explicit
derivation of this propagation for the constant-acceleration prediction model is given
in Section 3.6.

2.3.3 The Principle of Optimality in Stochastic Environ-
ments

In deterministic optimal control, the objective is to find a sequence of inputs that
minimizes a cost function. However, in the presence of both process noise wk and
measurement noise vk, the true state xk and the observed state yk are both random
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variables. The controller therefore optimizes over the expected cost with respect to
both noise sources [25]:

J(µ0) = min
u0,...,uH−1

E{wk,vk}H−1
k=0

[
H−1∑
k=0

g(xk, uk) + q(xH)
]

(2.16)

where µ0 is the mean of the initial state estimate and the expectation is taken with
respect to the joint distribution of the noise sequences {wk} and {vk}. The stage
costs g(xk, uk) are functions of the true state xk, which is itself a random variable
because it depends on the accumulated process noise up to step k and cannot be
observed exactly due to measurement noise. The terminal cost q(xH) is similarly
stochastic.
According to the Stochastic Dynamic Programming framework, the optimal value
function V ∗(µk, Pk), which is now a function of (µk, Pk) rather than the true state,
satisfies the recursive Bellman equation [26, 27]:

V ∗(µk, Pk) = min
uk

{
Ewk,vk

[g(xk, uk)] + Ewk+1,vk+1 [V ∗(µk+1, Pk+1)]
}

(2.17)

Both the stage cost and the future value function are inside the expectation because
xk is uncertain (measurement noise), and µk+1 and Pk+1 depend on the next obser-
vation which is also uncertain (both noise sources). This formulation ensures that
the controller accounts for all uncertainties, and weights them by their probability
of occurrence.
In practice, solving this belief-space Bellman equation exactly is intractable for gen-
eral nonlinear systems. The chance-constrained approach described in the following
sections provides a tractable approximation. In it, the controller optimizes the cost
evaluated at the mean state µk while enforcing probabilistic safety constraints that
account for the Pk.

2.3.4 Chance-Constrained Optimization
A primary challenge in stochastic control is the satisfaction of state constraints,
such as safety boundaries. Since process and measurement noise both are Gaussian
noise, it is impossible to guarantee that a constraint c(xk, uk) ≤ 0 will hold for all
possible noise realizations. To address this, Charnes et al. [32] introduced Chance-
Constrained Programming (CCP). Instead of hard constraints, CCP requires that
the probability of violation remains below a risk tolerance ϵ ∈ (0, 1):

P{c(xk, uk) ≤ 0} ≥ 1− ϵ (2.18)

where 1 − ϵ is the confidence level. This approach allows the designer to explicitly
tune the trade-off between system performance and safety risk. The total uncertainty
entering the constraint is the sum of contributions from process noise accumulated
over the horizon and measurement noise at the initial observation, both of which
are captured in the covariance Pk.
To solve the optimization problem numerically, the chance constraint must be con-
verted into a Deterministic Equivalent. Following the derivation in [33], assume a
linear constraint c(xk) = aT xk − b ≤ 0 where xk is a Gaussian random variable
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xk ∼ N (µx, Σx), with Σx reflecting the combined effect of process and measurement
noise propagated to step k. The constraint is:

P{aT xk ≤ b} ≥ 1− ϵ (2.19)

By standardizing the variable, we let z = aT xk−aT µx√
aT Σxa

, where z ∼ N (0, 1). The
constraint becomes:

P
{

z ≤ b− aT µx√
aT Σxa

}
≥ 1− ϵ (2.20)

After using the standard normal cumulative distribution function (CDF), Φ(·), it
can be obtained:

Φ
(

b− aT µx√
aT Σxa

)
≥ 1− ϵ (2.21)

By applying the inverse CDF, the deterministic equivalent is:

aT µx + Φ−1(1− ϵ)
√

aT Σxa ≤ b (2.22)

This results in a tightened constraint. The term Φ−1(1 − ϵ)σ is a stochastic safety
buffer that scales with the total standard deviation σ =

√
aT Σxa, which itself grows

with both process and measurement noise contributions. For a 99% confidence level
(ϵ = 0.01), Φ−1(0.99) ≈ 2.33, meaning the mean state must remain 2.33σ away from
the boundary to satisfy the chance constraint.
The integration of these probabilistic constraints into a receding horizon framework
results in Stochastic Model Predictive Control (SMPC). At each time step, the
controller solves an MPC problem where the deterministic safety constraints are re-
placed by their chance-constrained equivalents, with the safety buffer Φ−1(1− ϵ)σh

expanding with the horizon step h as uncertainty accumulates from both process
and measurement noise [33]. When uncertainty is small (high certainty), the tight-
ened constraint is close to the deterministic one and the controller behaves nearly
identically to its deterministic counterpart. As uncertainty grows, whether from a
long prediction horizon, large process noise, or imprecise initial measurements, the
expanding safety buffer forces the controller to adopt a more conservative stance,
maintaining a larger margin from potential constraint violations.

2.4 Reinforcement Learning and Value Function
Approximation

Reinforcement Learning provides a complementary perspective to MPC for sequen-
tial decision making under uncertainty. In contrast to MPC, which solves a con-
strained optimization problem at every time step using an explicit prediction model,
RL learns a control policy by repeated interaction with a stochastic environment and
the maximization of a cumulative reward signal [13]. The two frameworks are con-
nected through the value function, meaning the optimal cost-to-go in MPC can be
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interpreted as the optimal value in RL, and this equivalence is utilized in the hybrid
architecture proposed in this thesis.

2.4.1 The Markov Decision Process
A reinforcement learning problem is commonly formalized as a Markov Decision Pro-
cess (MDP) [34], which provides a mathematical framework for sequential decision-
making under uncertainty. An MDP is defined by the tuple (S,A,P ,R, γ):

• S is the state space, i.e. the set of states that describe the environment.
• A is the set of actions available to the agent.
• P(s′ | s, a) is the state-transition probability, giving the probability of reaching

state s′ after taking action a in state s.
• R(s, a) is the reward function. The scalar reward received at time step t

is denoted rt = R(st, at) and quantifies the immediate desirability of taking
action at in state st.

• γ ∈ [0, 1) is a discount factor that ensures the convergence of infinite-horizon
returns and emphasizes near-term outcomes.

The agent interacts with the environment over a sequence of discrete time steps, as
illustrated in Figure 2.3. At each step t, the agent observes the current state st and
selects an action at according to its policy π(a | s), which specifies a probability
distribution over actions in each state. The environment then transitions to a new
state st+1 according to P and returns a reward rt, and the cycle repeats.

Agent

Environment

action at
state st+1
reward rt

Figure 2.3: The agent-environment interaction loop in reinforcement learning.

The objective is to find a policy that maximizes the expected discounted return,
defined as the cumulative sum of future discounted rewards:

Gt =
∞∑

k=0
γkrt+k. (2.23)

2.4.2 State-Value and Action-Value Functions
Two value functions characterize the long-term consequences of a policy:

1. The state-value function:

V π(s) = Eπ [Gt | st = s] (2.24)

which gives the expected return obtained when the system is initialized in
state s and then follows policy π.
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2. The action-value function, also called the Q-function:

Qπ(s, a) = Eπ [Gt | st = s, at = a] (2.25)

which quantifies the expected return when the agent takes a specific action a
in state s and follows π from the next time step onwards.

The two functions are related by V π(s) = Ea∼π(·|s)[Qπ(s, a)].
The goal of reinforcement learning is to find an optimal policy π∗ that maximizes
the expected return from every state. The corresponding optimal value functions
are defined as the maxima over all policies,

V ∗(s) = max
π

V π(s), Q∗(s, a) = max
π

Qπ(s, a), (2.26)

and represent the best achievable return from a given state, or state–action pair,
respectively. Under the optimal policy π∗, the relation between the two functions
reduces to the deterministic identity

V ∗(s) = max
a∈A

Q∗(s, a), (2.27)

since an optimal agent selects the action with the highest expected return. Identity
(Eq. 2.27) is the central equation linking RL to MPC in the proposed hybrid frame-
work, where the MPC requires a state-value function as a terminal cost, and DQN
naturally produces an estimate of Q∗.

2.4.3 The Bellman Equations
Both value functions satisfy recursive Bellman equations, which decompose the long-
term return into an immediate reward plus the discounted value of the successor state
[25, 26]. For the optimal action-value function, the Bellman optimality equation is:

Q∗(s, a) = Es′∼P

[
R(s, a) + γ max

a′∈A
Q∗(s′, a′)

]
. (2.28)

This provides the basis for value-iteration methods. Any function Q for which the
right-hand side equals the left-hand side at every (s, a) is necessarily Q∗, and iterative
application of the Bellman operator drives any initial estimate towards the unique
fixed point under standard contraction arguments.

2.4.4 Tabular Q-Learning
When the state space is small enough to be enumerated, Eq. 2.28 can be solved
iteratively using sampled transitions. Q-learning [35] maintains an explicit table of
values Q(s, a), and updates them after each observed transition (st, at, rt, st+1):

Q(st, at)← Q(st, at) + αlr

[
rt + γ max

a′
Q(st+1, a′)−Q(st, at)

]
, (2.29)

where αlr is a learning rate and the expression inside the brackets is known as the
temporal-difference error. Under standard conditions, including bounded rewards,
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sufficient exploration, and a decaying learning rate, the iterations converge to Q∗

[13, 35].
Tabular Q-learning is not directly applicable to the highway driving problem consid-
ered in this thesis. If the state vector is considered to contain continuous quantities
such as the longitudinal velocity and the gaps to surrounding vehicles, any enumer-
ation of S would be infeasible. This motivates the use of function approximation.

2.4.5 Function Approximation and Deep Q-Networks
When S is continuous or high-dimensional, the action-value function is parameter-
ized as Q(s, a; θ), where θ denotes the parameters of a function approximator [13, 27].
Deep Q-Networks (DQN) [36] use a deep neural network as the approximator and
learn θ by minimizing a mean-squared temporal-difference loss:

L(θ) = E(s,a,r,s′)∼D
[
(y −Q(s, a; θ))2

]
, y = r + γ max

a′
Q(s′, a′ : θ−), (2.30)

where the expectation is taken over a replay buffer D of past transitions and θ− is a
periodically updated copy of the parameters used to compute the bootstrap target.
Two modifications distinguish DQN from naive Q-learning with a neural network
and are essential for stable training:

1. Experience replay stores transitions in D and trains on uniformly sampled
minibatches. This prevents correlations between consecutive updates and im-
proves sample efficiency [36, 37].

2. A target network with parameters θ− supplies the bootstrap target in Eq.
2.30 and is held fixed for a number of updates before being synchronized with
θ. This prevents the moving target problem that arises when the same network
is used to both define and optimize the loss [36].

DQN is restricted to discrete action spaces, since the greedy action arg maxa Q(s, a :
θ) requires enumeration over A. This is consistent with the application in this thesis.
The control of the truck is naturally decomposed into a finite set of acceleration levels
combined with three lateral commands (left, stay, right), and a discrete action space
is therefore well suited to the problem. Further details about the dynamic of system
is presented in Chapter 3. Exploration during training is performed using an ε-
greedy policy that selects the greedy action with probability 1− ε and a uniformly
random action otherwise, with ε transformed from a high initial value to a small
final value over the course of training [13, 36].

2.4.6 The Bridge to Model Predictive Control
As discussed in Section 2.2, the backward DP requires a terminal cost q(xH) to
initialize the recursion, and the quality of the resulting policy depends directly on
how well this terminal cost approximates the true infinite-horizon cost-to-go V ∗(xH).
Section 2.2.2 described one approximation approach, rolling out a base policy for
Hroll additional steps and using the accumulated stage cost as a approximation for
V ∗(xH). While rollout provides a policy improvement guarantee over the base policy
[8, 26], its quality is fundamentally bounded by the quality of the base policy itself.
If the base policy is myopic or poorly tuned for a particular traffic scenario, the
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rollout estimate will be incorrect. Furthermore, the rollout horizon Hroll must be
kept finite for computational reasons, meaning the true infinite-horizon tail beyond
H + Hroll is still ignored.
A more powerful alternative is to learn the terminal cost directly from experience.
Rather than constructing q(xH) analytically from a known base policy, a trained
function approximator on interaction data from the same environment can yield
a better estimate. DQN provides such approximation, Q(s, a : θ) of the optimal
action-value function Q∗. These two quantities are connected by identity Eq. 2.27,
which yields:

V̂ (xH) = max
a∈A

Q(xH , a : θ) ≈ V ∗(xH). (2.31)

The terminal cost used in the hybrid controller is therefore obtained by a single for-
ward pass of the trained Q-network at the terminal state, followed by a maximization
over the discrete action set. Because the rewards used during DQN training are the
negatives of the stage costs in the MPC, the sign of Eq. 2.31 is flipped before being
inserted into the FHOCP, and the resulting terminal cost is on the same scale as
the stage costs by construction.
This structure has two good properties. First, the computational cost of the terminal
evaluation is independent of H and consists of a single neural-network operation per
terminal state, which is compatible with the real-time requirements of receding-
horizon control. Second, because Q function is trained on long trajectories from the
same simulator, the resulting terminal cost captures information that lies beyond
any practical MPC horizon, including the consequences of multi-step lane changes
and traffic that becomes visible only after the planning window has elapsed.

2.5 Approximation Error, Terminal Cost Weight-
ing and Discount Factor

Whether the terminal cost is obtained from a rollout or from a learned value function,
it is in general only an approximation of the infinite-horizon cost-to-go. As noted
in [11], an approximation of the infinite horizon cost has to be made whenever
the prediction horizon is finite, and the resulting mismatch might cause the loss of
closed-loop stability. This observation has motivated a substantial literature on the
design and tuning of terminal ingredients [38, 39, 40].
A practical consequence is that the relative magnitude of q(xH) and the stage costs
g(xh, uh) has a direct effect on closed-loop behavior. If q(xH) is too large, the
controller is dominated by an approximate quantity and may take actions that
are good according to the approximation but suboptimal with respect to the true
objective. If q(xH) is too small, the controller becomes effectively myopic and the
benefit of the extended horizon is lost. As discussed in [41], a good terminal cost
is often tuned empirically by observing performance, which reflects the absence of
closed-form rules for selecting its scale in nonlinear settings. To make this trade-
off explicit, one approach is that the terminal cost is multiplied by a non-negative
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weight α,

J =
H−1∑
h=0

g(xk+h, uk+h) + α q(xk+H) (2.32)

which acts as a scalar tuning knob between purely stage-cost-driven behavior (α = 0)
and full reliance on the approximate cost-to-go (α = 1). The role of α is particularly
important when the prediction horizon H is short relative to the dynamics of the
surrounding traffic, since in that regime stability and performance must be enforced
primarily through the terminal cost rather than through horizon length.
Another approach is the use of a discount factor. Discounting is most commonly
associated with RL and DP, where future rewards or costs are weighted less than
immediate ones in order to improve convergence and represent long-term uncertainty.
In infinite-horizon RL problems, the discounted return is typically written as:

J =
∞∑

h=0
γhg(xk+h, uk+h), (2.33)

where 0 ≤ γ < 1 is the discount factor. A smaller γ places more emphasis on
short-term behavior, while values close to one increase the influence of long-term
predictions, as described in Section 2.4.1.
Although discounting originates primarily from RL, similar ideas have also been in-
vestigated in MPC and optimal control. In discounted MPC, future stage costs are
weighted according to their prediction step, which can improve robustness to approx-
imation errors and reduce the sensitivity of the controller to inaccurate long-horizon
predictions [42, 43]. In the context of rollout-based terminal costs, discounting can
also reduce the influence of uncertain trajectory predictions far into the future, where
modeling errors and interaction uncertainties become more significant.
The discounted finite-horizon cost can therefore be written as

J =
H−1∑
h=0

γhg(xk+h, uk+h) + q(xk+H), (2.34)

where the terminal cost also has its own discounting. Further discussion regarding
the use of discounting in reinforcement learning and value-function approximation
is provided in Section 3.5.2.
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Methods

This chapter presents the complete technical formulation of the proposed control
framework. It begins by defining the Pure MPC method in Section 3.3. Section 3.5
describes the rollout-based terminal cost approximation, which extends the effective
planning horizon using a computationally efficient base policy. In section 3.6, the
stochastic MPC method is explained to handle traffic’s uncertainty. Section 3.7
formulates the reinforcement learning method, and finally, Section 3.8 combines
these components into the hybrid MPC-RL architecture and derives the terminal
cost integration.

3.1 SUMO Simulation Environment
The proposed control framework is developed and evaluated using the Simulation
of Urban MObility (SUMO) platform, an open-source microscopic traffic simulator
developed by the German Aerospace Center (DLR) [44]. SUMO provides a realistic
multi-vehicle traffic environment in which each vehicle evolves according to its own
motion and lane-changing models. Through the Traffic Control Interface (TraCI),
the controller can access vehicle states such as position, velocity, acceleration, and
lane index, while also issuing control commands to the ego vehicle.
The simulator serves as the environment in which the MPC, rollout, and reinforcement-
learning components operate. In particular, the traffic prediction models, state
representation, observation design, and controller evaluation procedures presented
throughout this chapter are all formulated with respect to the information available
from SUMO. Consequently, several aspects of the proposed framework, including
vehicle interactions and traffic evolution, are naturally tied to the simulation envi-
ronment.
A detailed description of the highway scenario, traffic generation process, vehicle
parameters, and simulation settings used for evaluation is provided in Chapter 4.1.1.

3.2 Proposed Framework
Figure 3.1 illustrates the overall architecture of the proposed method.
The control loop operates within the SUMO traffic simulation environment. At
each decision step, the simulator provides the current traffic state, including the ego
vehicle state and information about surrounding vehicles. This information is passed
to the MPC controller, which performs a finite-horizon optimization and evaluates
candidate trajectories.
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Figure 3.1: Overview of the proposed hybrid MPC-RL framework.

Then the terminal states generated by the MPC are converted into RL observa-
tions and evaluated by a reinforcement learning agent. The RL agent estimates
the expected long-term return associated with each terminal state and returns a
corresponding terminal cost approximation to the MPC optimizer.
The MPC combines this terminal cost estimate with the accumulated stage costs
along the prediction horizon and selects the action sequence that minimizes the
resulting objective function. Only the first action of the optimal sequence is applied
to the simulator, after which the process repeats at the next control step according
to the receding-horizon principle.

3.3 MPC Mathematical Formulation
The MPC controller solves a finite-horizon optimal control problem at each time
step k, selecting a sequence of longitudinal accelerations and lateral lane-change
commands that minimize a cumulative cost over a prediction horizon H. The for-
mulation operates on a discrete-time kinematic model of the ego truck. The receding-
horizon principle then applies only the first element of the optimal sequence before
re-solving at the next time step.

3.3.1 States and Inputs
The state of the ego vehicle at time step k is defined by the vector:

xk = [sk, lk, vk, ck]T (3.1)

where:
• sk ∈ R: Front-end longitudinal position (m).
• lk ∈ {0, 1, . . . , Nlanes − 1}: Lane index.
• vk ∈ [vmin, vmax]: Longitudinal velocity (m/s).
• ck ∈ {0, 1, . . . , Csteps − 1}: Counter managing the lane-change transition and

the cooldown period.
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The control input is defined as:

uk = [ak, ∆lk]T (3.2)

where ak ∈ [amin, amax] is the discrete longitudinal acceleration with the step of
1m/s2 and ∆lk ∈ {−1, 0, 1} is the lateral lane change command.

3.3.2 System Dynamics
The state transitions follow a discrete-time kinematic model with a sampling time
∆t. The longitudinal position is modeled using a double-integrator kinematic model,
where the position is updated using the current velocity and acceleration:

sk+1 = sk + vk∆t + 1
2ak∆t2 (3.3)

The velocity evolves according to the applied acceleration. To remain consistent
with the discretized state space used by the DP solver, the velocity is clipped to the
admissible range [vmin, vmax]:

vk+1 =


vmax if vk + ak∆t ≥ vmax

vmin if vk + ak∆t ≤ vmin

vk + ak∆t otherwise
(3.4)

The lane state is governed by both the lane-change command ∆lk and the lane-
change counter ck. A lane-change command can only be executed when the vehicle is
not actively performing a lane change. Otherwise, the lane index remains unchanged:

lk+1 =

lk + ∆lk if 0 ≤ ck ≤ Cstart

lk if ck > Cstart (Constraint: ∆lk = 0)
(3.5)

ck+1 =


Csteps − 1 if 0 ≤ ck ≤ Cstart & ∆lk ̸= 0
ck − 1 if ck > Cstart or (0 < ck ≤ Cstart and ∆l = 0)
0 otherwise

(3.6)

The counter ck serves two purposes:
1. Transition Lock: When ck > Cstart, the vehicle is actively performing a

lane change in the simulator. During this period, ∆lk is forced to 0 to ensure
the maneuver is completed and there are no multiple lane changing penalties
during transition.

2. Behavioral Cooldown: When 0 < ck ≤ Cstart, the physical maneuver is
finished, but a high penalty (PCD) is applied to any new lane-change command.
If a change is initiated anyway, the counter resets to Csteps − 1, restarting the
full cycle.

This state-dependent restriction on the action space ensures the optimization only
explores executable trajectories, preventing command conflicts while the simulator’s
lateral actuator is active.
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3.4 MPC Solver
Although MPC is often implemented using quadratic or nonlinear programming
solvers, the present work adopts a Dynamic Programming formulation. This choice
is motivated by two factors. First, the state and action spaces are discretized, making
backward DP a natural solution method. Second, the DP formulation allows direct
incorporation of alternative terminal-cost approximations, including rollout-based
and reinforcement-learning-based value functions, while maintaining a common op-
timization framework across all controller variants.

3.4.1 Optimization Objective
The controller minimizes the cumulative cost function J over the horizon H:

J∗ = min
u0,...,uH−1

H−1∑
h=0

g(xh, uh) + q(xH) (3.7)

The stage cost g(x, u) is:

g(x, u) =Costspeed + Costaccel + CostLC + CostSafety+
CostCD + CostLL + Costcol

(3.8)

where the terminal cost is set to zero (q(xH) = 0) for pure MPC baseline and is
replaced by a learned or rollout-based approximation of the infinite-horizon cost-to-
go for hybrid variants.
The speed cost shown in Eq.3.9 penalizes deviations from the target speed vref to
ensure that the vehicle maintains a steady traffic flow.

Costspeed = wv(v − vref )2 (3.9)

The acceleration cost in Eq.3.10 penalizes high-magnitude control actions to priori-
tize passenger comfort and ensure the longitudinal movement of the truck remains
smooth. In the next section, the other constraints are described in detail in Sections
3.4.2.1 through 3.4.2.5.

Costaccel = waa2 (3.10)

3.4.2 Constraints
Although MPC is often formulated using explicit hard constraints, most safety and
operational requirements in this work are implemented as large penalty terms in the
objective function. This formulation is adopted because the backward DP framework
evaluates a finite set of discrete states and actions, making soft constraints more
practical to integrate while still strongly discouraging unsafe behavior.
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3.4.2.1 Lane Change Cost

The lane changing penalty is defined to discourage frequent or unnecessary lateral
maneuvers. To make the transition realistic, a lane change is a non-instantaneous
process that requires a fixed duration TLC to complete in SUMO (the simulator
introduced in Section 4.1.1). To model this, the state vector is augmented with a
counter c ∈ {0, 1, . . . , Csteps−1}, where Csteps = TT D/∆t. TT D is the cooldown time,
which will be discussed in 3.4.2.3.
The lane changing cost is defined as:

CostLC =

PLC if c ≤ Cstart and ∆l ̸= 0
0 otherwise

(3.11)

The counter c locks the vehicle into a maneuver once initiated. By enforcing ∆l = 0
whenever c > Cstart, the controller is prevented from commanding another lane
change during the transition period TLC . This mechanism ensures that the lane
changing penalty PLC is only considered once at the start of the action, preventing
multiple penalties from being triggered while the vehicle is still in the process of
reaching the target lane.

3.4.2.2 Safety Cost

Safety is enforced via a quadratic penalty when the gap g to surrounding vehicles is
less than the safe distance dsafe. The total safety cost is:

CostSafety = Costfront + Costback (3.12)
• Costfront: For the vehicle ahead in the target lane corresponding to action ∆l:

Costfront = wfront ·max(0, dsafe − gfront)2, dsafe = D0 + Theadv (3.13)

• Costback: This cost is active only when a lane change is commanded (∆l ̸= 0),
and applies to the follower on the target lane:

Costback =

0 if ∆l = 0
wback ·max(0, dsafe − gback)2, dsafe = D0 + Theadvfollow if ∆l ̸= 0

(3.14)
Further details for the lane change logic and target lane follower will be provided in
3.4.3.

3.4.2.3 Lane Change Cooldown Penalty

To prevent dangerous behavior of vehicle that could lead to frequent lane changing
and having a realistic behavior, a temporal cooldown penalty is implemented. The
cooldown cost CostCD penalizes the initiation of a new maneuver if a minimum
time threshold TCD has not passed since the completion of the previous one. While
the total cycle duration is TT D, the first TLC seconds are physically locked by the
simulator. This leaves an effective cooldown period TCD where a new lane change is
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technically possible but heavily penalized by PCD. This reflects human-like driving
behavior on the road, prioritizing safety and predictability over marginal gains in
target speed.
The reason a separate penalty was considered for this issue from the lane change
penalty is that if the lane change penalty were set too high, the controller might
fail to take action even when a maneuver is necessary. So by separating them and
assigning a higher value to PCD, two consecutive lane changes is avoided, but at the
same time, the controller can change the vehicle’s lane when necessary and after the
required time has passed since the previous action.
The cooldown cost is defined as:

CostCD =

PCD if ∆l ̸= 0 and 0 < c ≤ Cstart

0 otherwise
(3.15)

3.4.2.4 Left Lane Occupancy Penalty

To encourage the vehicle to return to the slow-traffic lane after completing an over-
taking maneuver, a progressive penalty is applied for occupying the left-most lanes.
This reflects standard traffic regulations and social norms for heavy vehicles, prior-
itizing the availability of high-speed lanes for passenger cars.
The left lane cost is defined as:

CostLL =

wLL · lego if lego > 0
0 otherwise

(3.16)

where l ∈ {0, 1, . . . , Nlanes−1} is the current lane index, with l = 0 representing the
right-most (slowest) lane.
This creates a continuous pressure on the controller, and the vehicle will only occupy
the left lanes when the functional benefits, such as maintaining the reference velocity
vref or avoiding a slow-moving leader. This formulation ensures that the truck
naturally goes back to the slow lane as soon as it is safe and efficient to do so.

3.4.2.5 Collision Cost Logic

The controller uses a large collision penalty Pcol to prevent collisions to surrounding
vehicles, and fires when the gap falls within a physically unsafe range. Similar to
safety cost, it has two parts:

Costcol = Costcol−front + Costcol−back (3.17)

where:
Costcol−front = Pcol if gfront ≤ 0 (3.18)

and:

Costcol−back =

0 if ∆l = 0
Pcol if ∆l ̸= 0 and gback ≤ (vfollow−v)2

2abreak

(3.19)

where abreak is the maximum deceleration of the following vehicle, which is assumed
to be equal to the maximum deceleration value of the ego truck for a more conser-
vative lane change.
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The condition gback ≤ (vfollow − v)2/(2abreak) is more conservative than the simple
gback ≤ 0 check that is used for the front gap. This change is intentional. In early
evaluations, a repeated collision scenario was observed. In some case, the ego truck
faced a slow leader ahead and a fast follower in the side lane with a positive but
small rear gap. The DP computed that staying in the current lane would accumulate
several steps of front safety cost, whereas executing a lane change would have only a
single step back safety cost, making the lane change appear cheaper. After the lane
change, the fast follower, now in the same lane as ego, continued to get closer rapidly,
resulting in a rear-end collision that the DP had not penalized because penalty for
the collision from behind on the same lane is not defined to it. This problem is
solved with a physics-based condition. If the follower is traveling faster than ego
and the gap is insufficient for it to brake to ego’s speed before reaching ego’s rear
bumper, the collision penalty Pcol is applied regardless of whether the physical gap
is currently positive.

3.4.3 Lane Change Commitment and Model Mismatch
A critical challenge in the proposed controller is the discrepancy between the Discrete
State Space of the DP formulation and the Continuous Lateral Physics of the SUMO
simulator. While a lane change command is triggered at a single time step, the
physical transition requires a duration of TLC (equivalent to Nsteps) to complete. This
creates a divergence between the Backward DP and the Forward step Execution:

1. Backward DP: Immediate State Assignment
In the backward pass, the algorithm treats the lane transition as an instan-
taneous shift in logical occupancy to evaluate the long-term benefit of the
maneuver.

lDP
h+1 = lh + ∆lh for ∆l ̸= 0 (3.20)

As a result, from the very first step of the transition (ch = Csteps − 1), the
safety costs constraint in the DP is calculated with respect to the target lane
leader. This logic allows the value function J to capture the immediate flow
advantages of the new lane.

2. Forward Simulation: Persistent Physical Occupancy
In contrast, the forward simulation recognizes that the vehicle remains physi-
cally present on the original lane lh for a part of the duration of Nsteps.

lSIM
h+1 =

lh + ∆l only at the step of lane change command
lh for the rest of transition, before it physically crosses the line

(3.21)
By using counter ch, the multiple lane changing cost is avoided during transi-
tion. However, the mismatch between DP and simulation remains, which can
cause a problem in other constraints, specially safety cost.

3. Bridging the Gap
To make the DP and simulation have the same logic, the controller maintains
a separate variable lreg (the logical lane), which tracks the lane the controller
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considers itself committed to:

lreg,k =

lSUMO,k if ck < Cstart (No active transition)
lreg,k−1 if ck ≥ Cstart (Transition in progress)

(3.22)

where lSUMO,k is the lane index reported by SUMO.
This ensures that during active lane change, the DP plans from the target lane,
correctly computing the cost of remaining behind the target lane’s leader.

3.4.4 Traffic Environment Prediction
To evaluate the stage costs in Eq. 3.7 at each step h of the horizon, the controller
requires predicted trajectories (si,h, vi,h, li,h) for all surrounding vehicles i over h =
0, . . . , H. Two methods were considered for this purpose.

3.4.4.1 Method 1: Reactive Multi-Agent Projection

To achieve a high prediction accuracy based on a realistic policy, this method im-
plements a reactive simulation where surrounding vehicles act as intelligent agents
with a heuristic policy.
In this predictive framework, the Ego vehicle is projected forward at a constant ve-
locity and fixed lane to serve as a stable agent for surrounding vehicles. Surrounding
vehicles also have fix lane policy:

sh+1 = sh + v0 ·∆t (3.23)

vh+1 = v0 (3.24)

lego,h+1 = lego,0 (3.25)

Fixing the Ego’s state and surrounding vehicles’ lane simplifies the prediction by
avoiding a loop between the controller’s and other vehicles logic, which does not
have huge impact over a short lookahead horizon.
Every neighboring agent i updates its state at each discrete step h based on the
collective environment snapshot Xh. The state transition follows the same logic as
described in Section 3.5.1, but without the lane changing:

[si,h+1, vi,h+1, li,h+1, ci,h+1] = πSUMO(si,h, vi,h, li,h, ci,h, Xh) (3.26)

The snapshot Xh includes the positions and velocities of all neighboring agents and
the Ego vehicle. This allows the prediction to capture reactive behaviors.
However, a practical limitation arises at the boundary of the sensor range (see
Section 3.4.4.4). Vehicles at the front of each lane within the sensor range have
no visible leader, and their true leader lies beyond the sensing horizon. Without
modification, the policy πSUMO treats these boundary vehicles as having a clear
road ahead and accelerates them toward their maximum speed. This triggers a
chain reaction:

1. The vehicles immediately behind the boundary leaders also accelerate unnec-
essarily,
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(a) Actual traffic

(b) Traffic within sesnor range

Figure 3.2: A simple demonstration of the effect of sensor range in the Method 2
prediction (simulated in SUMO).

2. producing growing position errors over longer horizons that are not represen-
tative of true traffic behavior.

To address this, the lead vehicle in each lane at the start of the prediction (the
furthest-ahead vehicle within the sensor range) is identified at h = 0 and assigned
a constant-speed, fixed-lane trajectory for the duration of the horizon. All other
vehicles then react to these frozen leaders and to the ego vehicle using the standard
πSUMO policy. This ensures that the boundary condition does not corrupt the reac-
tive behavior of the follower vehicles, while avoiding unrealistic acceleration at the
sensor edge.

3.4.4.2 Method 2: Constant Acceleration

By using a simple approach, the vehicle forward problem is solved by using its
current acceleration ai,0:

si,h+1 = si,h + vi,h ·∆t (3.27)

vi,h+1 =


vi,max if vi,h + ai,0 ·∆t ≥ vi,max

0 if vi,h + ai,0 ·∆t ≤ 0
vi,h + ai,0 ·∆t otherwise

(3.28)

By comparing the error between predicted and actual states of surrounding vehicles
after H steps, Method 2 has the lower error. A comparison of prediction error across
two methods confirmed that Method 2 achieves the lowest mean position error at the
short horizons (H ≤ 5 steps, 1 second) used in the DP, because at these timescales
the current acceleration is the dominant predictor of near-term position. Tables A.1
- A.10 show the mean and standard deviation of error for each method.
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3.4.4.3 Ghost Vehicle Representation for Lane-Changing Traffic

The Method 2 described in Section 3.4.4.2 assumes all surrounding vehicles maintain
their current lane throughout the prediction horizon. This assumption breaks down
when a vehicle within sensor range is actively executing a lane change at time step
k. In this case, the vehicle’s true lane occupancy is ambiguous, as it is physically
transitioning between its origin lane li and its target lane l∗

i = li ± 1, and it is
uncertain whether, from the perspective of the ego vehicle’s safety constraints, the
vehicle should be treated as occupying the origin lane, the target lane, or both.
To handle this uncertainty, the prediction model adopts a ghost vehicle representa-
tion. Rather than assigning the lane-changing vehicle to a single lane, it is repre-
sented by two vehicles in the predicted trajectory set.
The original vehicle i remains assigned to the origin lane li. A ghost vehicle ĩ is placed
on the target lane, with the same longitudinal position, speed, and acceleration as
vehicle i.
This is equivalent to a probability problem, assuming that the lane changing vehicle
simultaneously occupies both lanes at the moment of prediction. The ghost ensures
that the DP evaluates the safety cost against the merging vehicle in the target
lane. Without the ghost, the DP would perceive the target lane as unoccupied
and potentially plan a lane change into a gap that is already being closed by the
merging vehicle, or accelerate if the target lane of other vehicle is same as ego’s
current lane. The ghost vehicle thus acts as a worst-case occupancy assumption
that makes the controller robust to the uncertainty in the vehicle’s lateral position
during the transition.
To identify a vehicle is in mid-lane-change, the lateral deviation from lane center is
used. If this deviation exceeds a threshold, the controller assumes that that vehicle
is changing its lane.

3.4.4.4 Sensor Assumptions

The prediction uses position, velocity, acceleration, length, and maximum speed of
all vehicles within the sensor range. Also, the maximum acceleration and maximum
deceleration are used for the rollout policy which will be discussed in the Section
3.5.
In a real deployment, position and velocity are directly measurable by sensors such
as radar or lidar, and the acceleration can be derived from consecutive velocity
measurements or from an inertial measurement unit. These quantities are therefore
practically obtainable for all vehicles within the sensor range with sufficient accuracy.
Vehicle length and maximum speed, by contrast, are not directly observable from
standard onboard sensors. However, for vehicles in the immediate neighborhood of
the ego truck, within close radar or camera range, length can be estimated from
point-cloud segmentation or bounding-box detection, and maximum speed may be
inferred from vehicle class identification.
For vehicles further away, such estimation becomes less reliable. Making these quan-
tities available for all vehicles within the full sensor range, particularly those not in
the immediate neighborhood, may become feasible as Vehicle-to-Everything (V2X)
communication infrastructure matures, which may enable direct broadcast of vehicle
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type and capability parameters.
Maximum acceleration and maximum deceleration present a similar challenge. In
this work they are read directly from the simulator, which has access to the ground-
truth vehicle type parameters. In practice, these quantities are not directly mea-
surable. A realistic approximation would be to estimate the vehicle type from its
observed length, for example, classifying vehicles into passenger car, van, or heavy
truck categories based on length thresholds, and then look up nominal acceleration
and deceleration values from a predefined table for each class. Such an approach in-
troduces uncertainty, but provides physically plausible bounds that are sufficient for
the Krauss safe-speed computation in the rollout policy (see Section 3.5.1). How-
ever, this uncertainty is addressed in 3.6 by considering a gaussian noise in our
measurements.

3.4.5 Reachable State Space
To maintain computational efficiency within the DP framework, the algorithm only
considers reachable states at each step h of the prediction horizon H. Given the
current state xh and the physical limits of the vehicle, the set of reachable states
Xh+1 is constrained by the longitudinal and lateral dynamics.

3.4.5.1 Longitudinal Position Reachability

The longitudinal search space is bounded by the vehicle’s maximum acceleration
amax and minimum acceleration (maximum braking) amin. For each horizon step
h ∈ {1, . . . , H}, the maximum and minimum reachable longitudinal positions are
calculated as follows:

smax,h = s0 + h · v0 ·∆t + 1
2amax(h∆t)2 + 2SST EP (3.29)

smin,h = s0 + h · v0 ·∆t + 1
2amin(h∆t)2 − 2SST EP (3.30)

where s0 and v0 are the vehicle’s position and velocity at the beginning of the
planning horizon.
This ensures that the vehicle only evaluates trajectories that are physically achiev-
able, and prevents unrealistic longitudinal shifts. The reason that 2SST EP was added
is due the rounding problem during grid indexing in Python. This ensures that the
conversion from continuous coordinates to discrete indices does not result in out-of-
bounds errors or unwanted exclusion of valid trajectories.

3.4.5.2 Velocity Reachability and Initial State

The reachable velocity at each step h is constrained by the vehicle’s acceleration
limits and the global system boundaries [vmin, vmax]. To account for discretization
resolution VST EP , a numerical safety margin is applied:

vmax,h = min(vmax, v0 + amax(h∆t) + 2VST EP ) (3.31)
vmin,h = max(vmin, v0 + amin(h∆t)− 2VST EP ) (3.32)
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3.4.5.3 Lateral Reachability

The reachable lane lh+1 should also be within available lanes:

lh+1 ∈ {lh − 1, lh, lh + 1} ∩ {0, . . . , Nlanes − 1} (3.33)

3.4.5.4 Initial State Constraint

To ensure the continuity of the optimized trajectory from the current physical ob-
servation, the search space at the initial time step (h = 0) is strictly anchored to
the vehicle’s observed state:

x0 = [s0, l0, v0, c0]T (3.34)
By enforcing this initial condition, the Dynamic Programming algorithm effectively
roots the decision tree in the real-time sensor data provided by the SUMO envi-
ronment. This ensures that the first control action u∗

0 is directly applicable to the
current simulation step.
Combined with the longitudinal, velocity, and lateral reachability pruning, this for-
mulation significantly reduces the number of state-transition evaluations required.

3.5 Rollout-Based Policy Implementation
The rollout-based policy implemented for this project approximates the optimal
control policy by evaluating a set of candidate actions (acceleration and lane change
decision) over a long (but not infinite) horizon Hroll.
Unlike a complete ADP approach which utilizes a pre-calculated cost-to-go function
J(s) derived from the Bellman equation via backward dynamic programming, this
implementation does not use a precomputed value function terminal cost. Instead,
the terminal cost is approximated online through rollout simulation. It selects the
immediate action with minimum stage cost by a heuristic base policy, and accumu-
late them over the prediction horizon, without considering a terminal cost for the
final state in the horizon.

3.5.1 System Dynamics and Implementation
The rollout policy utilizes SUMO’s built-in simulation engine as the base policy
to propagate the vehicle state x = [s, l, v, c]T over the horizon Hroll. However, it
should be noted that implementing SUMO’s exact logic can make the computation
much slower. Therefore, in order for our prediction to be close to the behavior
of SUMO’s built-in dynamics at each step of the horizon, the rollout base policy
re-implements the Krauss car-following model [45], matching SUMO’s longitudinal
dynamics without invoking the SUMO simulator at runtime.
The Krauss model determines the maximum safe speed vsafe for a vehicle based on
the front gap g and the lead vehicle speed vl. The safe speed for a surrounding
vehicle i following its leader is:

vsafe(t) = −bτ +
√

(bτ)2 + v2
l (t) + 2bg(t) (3.35)
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where τ is the reaction time and b is the maximum deceleration. In this way, the
surrounding vehicles will propagate at each step of rollout.
For the ego vehicle, a modified safe-speed gap using the MPC headway parame-
ters D0 and Thead is used instead of the SUMO’s default minimum gap, ensuring
consistency with the DP safety cost:

g(t) = gactual −D0 (3.36)

τ = Thead (3.37)
Surrounding vehicles in the rollout are assumed to maintain their current lane
throughout the rollout horizon. This is a simplifying assumption, in the actual
simulation surrounding vehicles may change lanes, and it causes the rollout to be
optimistic about situations where a vehicle cuts in front of or behind ego during
the rollout extension. Addressing this limitation by adding a simplified lane-change
model to the rollout is left for future work.
To simplify the rollout policy, it utilizes an Immediate Lane Assignment logic, similar
to the backward DP formulation (Section 3.4.3), where it updates the vehicle’s lane
state to the target lane (lh+1 = lh+∆lh) at the exact moment a lane change command
is triggered. However, lane change is allowed only if three conditions are met:

1. The gap from the leader on the target lane is safe.
2. The gap from the follower on the target lane is safe.
3. The allowed speed on the target lane is better (closer to vref ).

The allowable velocity vallow at each step of the rollout is calculated by computing
the safe speed for the current lane and also, if a lane change is considered, the
safe speed for the target lane. The target velocity is taken as the minimum of the
reference velocity vref and the safe speeds across considered lanes:

vtarget = min(vref , vsafe current, vsafe target) (3.38)
The acceleration ak is then calculated to reach this target velocity, bounded by
maximum acceleration limits. Finally, the state is updated using kinetic equations
similar to SUMO’s internal state update mechanisms, Euler’s method, which is
different from equations 3.3-3.6:

vk+1 =


vmax if vk + ak∆t ≥ vmax

vmin if vk + ak∆t ≤ vmin

vk + ak∆t otherwise
(3.39)

sk+1 = sk + vk+1∆t (3.40)
lk+1 = lk + ∆lk (3.41)

ck+1 =


Csteps − 1 if ck = 0 & ∆lk ̸= 0
ck − 1 if ck > 0
0 otherwise

(3.42)

At each step, the rollout stage cost is calculated, using the same stage cost for-
mulation in Eq. 3.8. Then, the approximated terminal cost q̂roll is computed by
accumulating all stage costs in the rollout horizon.
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3.5.2 Discount Factor
Both the backward DP and the rollout base policy apply an exponential discount
factor γ to stage costs, weighting immediate costs more heavily than costs further
into the future. The discounted MPC objective becomes:

J∗ = min
u0,...,uH−1

H−1∑
h=0

γh · g(xh, uh) + q(xH) (3.43)

and the discounted rollout cumulative cost starting from the terminal state xH is:

q̂roll(xH) =
Hroll−1∑

j=0
γj · g(xH+j, πroll(xH+j)) (3.44)

where πroll is the rollout base policy. Applying the same γ to both MPC and rollout
has two effects. First, it provides a principled connection between the finite-horizon
DP and the rollout extension, where the cost at step h within the horizon carries
weight γh, and a cost incurred at rollout step j beyond the horizon carries total
weight γH · γj = γH+j. The discounting is therefore continuous and consistent
through the whole horizon H + Hroll. Second, it aligns the MPC cost formulation
with the RL value function used in the hybrid controller, where the DQN agent
was trained with discount factor γ, so its Q-values represent a γ-discounted infinite-
horizon cost.

3.6 Stochastic Extension

3.6.1 Noise Model
The trajectory prediction method described in Section 3.4.4 (Constant-acceleration
extrapolation) was evaluated against ground-truth vehicle positions across all pre-
diction steps h = 1, . . . , H. The results, summarized in Tables A.6 - A.10, show
that the mean prediction error is near zero with a very small standard deviation at
all horizon steps. This indicates that the system does not have a large process noise
in the vehicle dynamics and vehicles largely follow constant-acceleration trajectories
over the short horizon, e.g. H ≤ 5 steps (1 second). Therefore, to make our method
more realistic, we introduced measurement uncertainty in the sensor observations
at time step k.
This uncertainty is modeled as additive Gaussian measurement noise applied once at
h = 0 to the observed position, speed, and acceleration of each surrounding vehicle
i within the sensor range:

s̃i,0 = si,0 + ϵi
s, ϵi

s ∼ N (0, σ2
s) (3.45)

ṽi,0 = vi,0 + ϵi
v, ϵi

v ∼ N (0, σ2
v) (3.46)

ãi,0 = ai,0 + ϵi
a, ϵi

a ∼ N (0, σ2
a) (3.47)

where σs, σv, and σa are the measurement noise standard deviations for position,
speed, and acceleration respectively.
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The noises are independent across vehicles and across the three quantities. The
noisy observations (s̃i,0, ṽi,0, ãi,0) replace the ground-truth values as inputs to the
constant-acceleration prediction model, after which the trajectory is propagated
deterministically forward for h = 1, . . . , H steps using Equations 3.27 and 3.28.

3.6.2 Propagation of Uncertainty Through the Prediction
Horizon

According to Equations 3.27 and 3.28, the prediction model uses a discrete Euler
integration where position at each step is updated using the speed from the current
step, and speed is then updated using the fixed initial acceleration ai,0.
By expanding the position recursive function, the predicted position at step h is:

si,h = si,0 + h · vi,0 ·∆t + h(h− 1)
2 · ai,0 · (∆t)2 (3.48)

By substituting the noisy initial observations (s̃i,0, ṽi,0, ãi,0) from Eqs. 3.45 - 3.47,
the predicted position at step h is:

s̃i,h = s̃i,0 + h · ṽi,0 ·∆t + h(h− 1)
2 · ãi,0 · (∆t)2 (3.49)

Since s̃i,0, ṽi,0, and ãi,0 are mutually independent Gaussian random variables, s̃i,h is
also Gaussian. Its mean and variance at step h are:

µi
s,h = si,0 + h · vi,0 ·∆t + h(h− 1)

2 · ai,0 · (∆t)2 (3.50)

(σi
s,h)2 = σ2

s,h = σ2
s + (h ·∆t)2 · σ2

v +
(

h(h− 1)
2 · (∆t)2

)2

· σ2
a (3.51)

The standard deviation σs,h grows with h, reflecting increasing positional uncertainty
as the prediction horizon extends. For the specific values ∆t = 0.2 s and h = 1, . . . , 5,
the acceleration contributions h(h−1)

2 (∆t)2 are 0, 0.04, 0.12, 0.24, 0.400 meters per
unit of σa, showing that acceleration uncertainty becomes non-negligible at ≥ 3
steps.
The front bumper-to-bumper gap between ego at deterministic position sh and ve-
hicle i ahead is:

g̃i
front,h = s̃i,h − sh − ℓi (3.52)

Since sego,h and ℓi are deterministic, the gap g̃i,h is Gaussian with:

µi
gfront,h = µi

s,h − sh − ℓi, σi
gfront,h = σs,h (3.53)

The velocity of vehicle i at step h under constant acceleration extrapolation is:

ṽi,h = ṽi,0 + h · ãi,0 ·∆t (3.54)

Since ṽi,0 and ãi,0 are independent Gaussian random variables, ṽi,h is also Gaussian
with:

µi
v,h = vi,0 + h · ai,0 ·∆t (3.55)
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(σi
v,h)2 = σ2

v,h = σ2
v + (h ·∆t)2 · σ2

a (3.56)

The velocity uncertainty σv,h is used in the robust rear safety and collision costs, as
described in Sections 3.4.2.2 and 3.4.2.5. For the rear bumper-to-bumper gap to a
following vehicle i behind ego on the target lane:

g̃i
back,h = sego,h − ℓego − s̃i,h (3.57)

which is Gaussian with:

µi
gback,h = sego,h − ℓego − µi

s,h, σi
gback,h = σs,h (3.58)

3.6.3 Chance-Constrained Safety
The deterministic safety constraint gfront ≥ dsafe,front from Section 3.4.2.2 is re-
placed by a probabilistic requirement. It requires that the probability of the gap
remaining above the safe distance exceeds a confidence level 1− ϵ:

P
(
g̃i

front,h ≥ dsafe,front

)
≥ 1− ϵ (3.59)

where ϵ ∈ (0, 1) is the risk tolerance. Following the deterministic equivalent deriva-
tion in Section 2.3.4, this probabilistic constraint is converted to a tightened deter-
ministic constraint on the mean gap. Standardizing the gap:

z =
g̃i

front,h − µi
gfront,h

σs,h

∼ N (0, 1) (3.60)

the chance constraint becomes:

Φ
(

µi
gfront,h − dsafe,front

σs,h

)
≥ 1− ϵ (3.61)

Applying the inverse CDF Φ−1 yields the deterministic equivalent:

µi
gfront,h ≥ dsafe,front + Φ−1(1− ϵ) · σs,h (3.62)

This is equivalent to replacing the nominal safe distance with a tightened safe dis-
tance that grows with horizon step h to account for the increasing positional uncer-
tainty:

drobust
safe,front(h) = D0 + Thead · vh + Φ−1(1− ϵ) · σs,h (3.63)

where the stochastic safety buffer Φ−1(1 − ϵ) · σs,h expands with h as positional
uncertainty accumulates.
For a confidence level of 99% (ϵ = 0.01), Φ−1(0.99) ≈ 2.33, meaning the mean gap
must remain 2.33 times the standard deviations above the nominal safe distance.
The quadratic safety cost in Eq. 3.13 is then evaluated against drobust

safe,front(h) rather
than dsafe,front:

Costrobust
safe,front(h) = wfront ·max

(
0, drobust

safe,front(h)− µi
gfront,h

)2
(3.64)
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The same logic applies to the rear gap during a lane change. The robust tightened
rear safe distance and cost are:

drobust
safe,back(h) = D0 + Thead · µi

v,h + Φ−1(1− ϵ) · σs,h (3.65)

Costrobust
safe,back(h) = wback ·max

(
0, drobust

safe,back(h)− µi
gback,h

)2
(3.66)

Note that µi
v,h replaces the deterministic vfollow in the safe distance computation,

reflecting that the follower’s speed is itself uncertain.
The collision penalty condition from Eq. 3.17 follows the same probabilistic logic,
too. In the deterministic formulation, the collision penalty Pcol fires when the front
gap is non-positive (gi

front,h ≤ 0). Under the sensor noise model, the gap g̃i,h is a
Gaussian random variable, so with the same logic:

Costrobust
col,front(h) =

Pcol if µi
gfront,h < Φ−1(1− ϵ) · σs,h

0 otherwise
(3.67)

The robust rear collision condition combines the physics-based braking distance
threshold with the stochastic buffer:

Costrobust
back,col(h) =

Pcol if µi
gback,h <

(µi
v,h − vh)2

2 abreak

+ Φ−1(1− ϵ) · σs,h

0 otherwise
(3.68)

The uncertainty associated with the follower vehicle’s velocity
(µi

v,h − vh)2

2 abreak

is ne-
glected. This approximation is adopted to maintain a simple and computationally

efficient constraint formulation. Furthermore,
(µi

v,h − vh)2

2 abreak

is not derived from a
probabilistic collision model but serves as an additional conservative safety margin.
The stochastic treatment is therefore restricted to the longitudinal position pre-
diction, which constitutes the dominant source of collision risk uncertainty in the
considered scenario.
In all cases, the effect of the sensor noise model is to add the same stochastic buffer
Φ−1(1−ϵ) ·σs,h to the corresponding threshold. Since σs,h grows with h according to
Eq. 3.51, the controller becomes progressively more conservative at longer prediction
steps, naturally reflecting the increasing uncertainty in the predicted gap as the
horizon extends.

3.6.4 Model Parameters
Table A.16 in Appendix A.2 summarizes the physical constants, cost weights, and
noise parameters that govern the MPC, rollout, and stochastic extension formula-
tions presented in this chapter.
The cost weights and penalty values were selected through empirical tuning. The
collision penalty Pcol = 108 is set several orders of magnitude above the maximum
accumulated safety cost over a full horizon to ensure that any predicted collision
dominates the DP objective regardless of the horizon length or the stage costs at
other steps.

39



3. Methods

3.7 Reinforcement Learning Formulation

3.7.1 Problem Statement
The autonomous highway driving task is formulated as a MDPM = (S,A,P ,R, γ).
The transition dynamics P are implicitly defined by the SUMO simulator and are
not available in closed form. The agent learns a policy that maximizes the expected
discounted cumulative reward through interaction with the simulated environment.

3.7.2 State Space
At each simulation step k, the agent observes a 14-dimensional state vector zk ∈
S ⊂ R14:

zk =[vk, lk, gF,k, ∆vF,k, gF L,k, ∆vF L,k, gF R,k,

∆vF R,k, gBL,k, ∆vBL,k, gBR,k, ∆vBR,k, pLC,k, pCD,k]T
(3.69)

where:
• vk ∈ [vmin, vmax]: ego longitudinal velocity (m/s).
• lk ∈ {0, 1, . . . , Nlanes − 1}: current lane index, with l = 0 the rightmost lane.
• gF,k, gF L,k, gF R,k ∈ [0, dsensor]: bumper-to-bumper gaps to the nearest leader

in the current, left, and right lanes respectively (m). Set to dsensor when no
vehicle is in range.

• gBL,k, gBR,k ∈ [0, dsensor]: Bumper-to-bumper gaps to the nearest follower in
the left and right adjacent lanes respectively (m). Set to dsensor when no
vehicle is in range.

• ∆vF,k, ∆vF L,k, ∆vF R,k: Relative velocities to front vehicles (vleader− v), set to
0 when no vehicle is in sensor range (m/s).

• ∆vBL,k, ∆vBR,k: Relative velocities to rear vehicles (vfollower − v), set to 0
when no vehicle is in sensor range (m/s).

• pLC,k ∈ [0, 1]: normalized lane-change transition progress, derived from the
unified counter ck as:

pLC,k = max(0, ck − Cstart)
Nsteps

(3.70)

This is nonzero only during active physical transition.
• pCD,k ∈ [0, 1]: normalized cooldown progress, derived from the same unified

counter as:

pCD,k = ck

max(1, Cstart − 1) (3.71)

This is nonzero during both cooldown and transition.
Cstart and Cstart are defined in Section 3.3. Although pLC,k and pCD,k are presented
as two separate features, they are both derived from the single unified counter ck

defined in Section 3.3. Their separation provides the network with explicit signal
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about the current phase of the maneuver cycle. The two features are mutually
exclusive in their nonzero regions.
The longitudinal position sk is not included in the state. This is acceptable be-
cause the highway scenario is translation-invariant, since the future cost depends on
the local traffic configuration around the ego vehicle rather than its absolute road
position.

3.7.3 Action Space
Similar to MPC configuration, the action space is a joint discrete space over longi-
tudinal acceleration and lateral lane change commands:

A = Aaccel ×Alateral = {a1, . . . , aNa} × {−1, 0, +1} (3.72)

Aaccel and Alateral have similar values to ak and ∆lk in Section 3.3. At each step,
the DQN selects a single action index that encodes both the acceleration command
and the lateral command simultaneously.

3.7.4 Reward Function
The reward is defined as the negative scaled stage cost:

rk = −rscale · g(zk, uk) (3.73)

where rscale = 10−5 is a constant scaling factor and g(zk, uk) is the stage cost defined
in Eq. 3.8. Using the same cost structure for both RL training and MPC optimiza-
tion is essential, because it ensures that the learned value function represents a valid
approximation of the MPC tail cost, and making the hybrid integration in Section
3.8 principled.
It should be noted that the collision reward is applied upon episode termination due
to collision:

rcollision = −Pcollision · rscale = −108 × 10−5 = −1000 (3.74)

This strongly distinguishes collision states from near-collision states in the value
function, while keeping the reward numerically stable relative to the normal per-
step range.

3.7.5 Optimization Objective
The agent learns the optimal action-value function:

Q∗(x, u) = max
π

Eπ

[ ∞∑
i=0

γirk+i

∣∣∣∣∣ xk = x, uk = u

]
(3.75)

satisfying the Bellman optimality equation:

Q∗(x, u) = E
[
r + γ max

u′
Q∗(x′, u′)

∣∣∣∣ x, u
]

(3.76)
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The Q-function is approximated by a deep neural network with parameters θ, up-
dated by minimizing the Bellman residual:

L(θ) = E(x,u,r,x′)∼D
[
(y −Q(x, u; θ))2

]
(3.77)

where D is the experience replay buffer and the target value is:

y = r + γ max
u′

Q(x′, u′; θ−) (3.78)

with θ− denoting the periodically updated target network parameters. The training
environment is described in Section 4.2.1.

3.7.6 Hyperparameters
Table A.17 in Appendix A.2 summarizes the hyperparameters used for DQN train-
ing. The discount factor γ, exploration rate and speed weight are the primary
variables investigated across training runs, as discussed in Section 4.2. The reward
scaling factor rscale is set to ensure numerical stability of the Q-values relative to
the raw stage costs, which can reach 108 in collision scenarios.

3.8 Hybrid MPC-RL Formulation

3.8.1 Motivation
As discussed in 2.1.4, setting the terminal cost to zero (q(xH) = 0) for MPC con-
troller defined in Section 3.3 implies that no cost accumulates beyond the prediction
horizon H. In practice it causes the controller to be myopic, which may, for exam-
ple, accelerate to vref at the end of the horizon without anticipating a slow-moving
vehicle just outside its lookahead window, or miss an overtaking opportunity that
only becomes apparent several seconds ahead.
The RL agent, on the other hand, implicitly learns a value function V π(z) that
encodes long-horizon consequences through training experience. However, a pure
RL policy lacks the constraint satisfaction and online optimization over a prediction
horizon that the MPC provides at each step.
The hybrid controller combines both components, where the MPC provides short-
horizon trajectory optimization with explicit safety constraint enforcement, while
the learned RL value function replaces the zero terminal cost with a data-driven
estimate of the cost-to-go beyond the horizon. This is the core contribution of the
thesis.

3.8.2 Terminal Cost Derivation
Since the RL reward is defined as rk = −rscale · g(xk, uk), the optimal Q-function
satisfies:

Q∗(x, u) ≈ −rscale

∞∑
i=0

γig(xk+i, uk+i) (3.79)
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The corresponding state-value function is:

V ∗(x) = max
u∈A

Q∗(x, u) (3.80)

To recover the cost-to-go in the raw MPC cost space, the terminal cost is defined
as:

q̂(xH) = −V ∗(xH)
rscale

· α = −maxu Q(xH , u; θ)
rscale

· α (3.81)

where α ≥ 0 is a weighting factor controlling the influence of the learned terminal
cost relative to the MPC stage costs accumulated over the horizon. With α = 1.0
the terminal cost is on the same numerical scale as the MPC stage costs, providing
Bellman-consistent integration.
As discussed in Sections 2.4 and 3.5.2, a practical consideration is that the RL
value function approximates a discounted cost-to-go. The terminal cost recovered
in Eq. (3.81) therefore represents

q̂(xH) ≈ E
[ ∞∑

i=0
γig(xk+i, uk+i)

]
(3.82)

rather than an exact undiscounted tail cost.

3.8.3 Hybrid Optimization Objective
The hybrid controller replaces the zero terminal cost in the MPC objective with the
RL estimate:

J∗ = min
u0,...,uH−1

H−1∑
h=0

g(xh, uh) + q̂(zH) (3.83)

subject to the same system dynamics and constraints as in Section 3.3. This is
solved via Backward DP with the only modification being the initialization of the
terminal cost array:

J [H, s, l, v, c] = q̂(zH) ∀ (s, l, v, c) ∈ Xreach (3.84)

where Xreach is the reachable state space at horizon step H.

3.8.4 State Observation Bridge
The terminal DP state xH = [sH , lH , vH , cH ]T must be mapped to the 14-dimensional
RL observation zH ∈ R14 before querying the Q-network. This mapping is:

zH = ϕ(xH , TH) (3.85)

where TH = {(si,H , vi,H , li,H , leni)}N
i=1 is the set of predicted traffic states at horizon

step H, obtained from the traffic prediction model described in Section 3.4.4. The
mapping ϕ constructs the 14-dimensional observation by:
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1. Computing bumper-to-bumper front gaps and relative velocities to the nearest
leader in each lane at step H.

2. Computing bumper-to-bumper rear gaps and relative velocities to the nearest
follower in each adjacent lane at step H.

3. Deriving pLC,H and pCD,H from the terminal counter value cH .
All gap measurements use bumper-to-bumper distances, consistent with how the RL
agent was trained, by subtracting vehicle lengths from center-to-center distances.
The terminal value is then evaluated as in Eq.3.81. This value is filled into J [H] for
all reachable (s, l, v, c) combinations before the backward DP sweep begins.
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4
Implementation and Results

This chapter describes the implementation of the proposed control framework and
presents the evaluation results. The simulation environment, software stack, and
key assumptions are introduced first, followed by the RL training analysis, baseline
evaluations, and a comparative assessment of all controller variants.

4.1 Simulation Platform and Implementation

4.1.1 Simulation Environment
As introduced in Section 3.1, all experiments are conducted using the SUMO plat-
form. This section describes the specific highway scenario, vehicle models, traffic
generation procedures, and simulation parameters used for evaluating the proposed
controllers.
The simulation environment is a three-lane, one-way straight highway of length 30
km with a road speed limit of 35 m/s. It is also translation-invariant, i.e. no
intersections, traffic lights, on-ramps, or road geometry changes are present. The
ego vehicle is a heavy truck with length 12 m, maximum speed 33.33 m/s, and
acceleration limits amin = −2.0 m/s2, amax = 2.0 m/s2. Surrounding traffic consists
of a mix of passenger cars (length 4.8 m) and trucks (length 16.5 m) in a ratio
of 9 : 1, spawned and maintained by a moving-window pool manager that keeps
traffic density approximately constant at 30 vehicles/km around the ego vehicle.
Each surrounding vehicle follows SUMO’s default Krauss car-following model with
reaction time τ = 1.0 s and driver imperfection parameter σ = 0.5. Surrounding
vehicle speeds are sampled uniformly from [20, 30] m/s at spawn time. Lane changes
by surrounding vehicles are permitted and governed by SUMO’s LC2013 model [46].
If a vehicle steps outside of the moving window, another will be spawned from the
other side.
The simulation time step is ∆t = 0.2 s, consistent with the MPC sampling time.
Each evaluation episode runs for a maximum of 1500 steps (300 seconds) or until a
collision is detected, whichever occurs first. The ego vehicle’s lane-change duration
is set to TLC = 2.0 s.

4.1.2 Software Stack
The controller and training pipeline are implemented in Python 3.12.1. The key
dependencies are listed in Table 4.1.
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Table 4.1: Software dependencies.

Package Version Purpose
SUMO 1.25.0 Traffic simulation
TraCI / traci 22 Simulator interface
Stable-Baselines3 2.8.0 DQN implementation
PyTorch 2.11.0 Neural network backend
Numba 0.64.0 JIT compilation of DP and rollout kernels

The backward DP kernel and rollout policy are implemented as Numba JIT-compiled
functions with parallel execution over the state grid. This avoids the Python inter-
preter overhead at each grid point and reduces the per-step DP computation to
17.49 ms on average for a grid of approximately 4.63 million states.

4.1.3 Computational Setup
RL training was conducted on Volvo’s internal compute cluster, which is man-
aged through Kubernetes using the KubeRay operator, with Ray providing the
distributed-execution framework. Training ran on a single Ray head node; no GPU-
accelerated worker nodes were provisioned for these experiments. The resource
allocation of the head container is summarized in Table 4.2.

Table 4.2: Compute resource allocation of the Ray head container used for RL
training.

Resource Allocation
CPU (limit) 4 vCPU
CPU (request) 1 vCPU
Memory (limit) 16 GB
Memory (request) 4 GB
GPU None
Orchestration Ray (KubeRay)

The container was allocated a maximum of four virtual CPUs and 16 GB of RAM, of
which Ray reserved approximately 14.9 GiB for object storage and task execution.
Training was therefore performed entirely on CPU. The absence of GPU acceler-
ation was confirmed both by the container environment, in which the CUDA and
NVIDIA device visibility variables were set to none, and by the unavailability of the
nvidia-smi utility within the container. This CPU-only configuration influenced
the choice of training algorithm and the wall-clock training times reported in the
following sections.

4.1.4 Scope and Limitations
The experimental scope is intentionally restricted to isolate the effect of the terminal
cost approximation method. Several simplifying assumptions are made that bound
the conclusions of this work:
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1. The highway scenario is a straight, homogeneous road with no geometric com-
plexity. Real highway networks include curves, merges, exits, and variable
speed limits, all of which would affect both the MPC formulation and the RL
training distribution. The straight-road assumption ensures that longitudinal
position is translation-invariant.

2. The ego vehicle model is a discrete-time kinematic point mass. Tire dynamics,
engine response lag, and load-dependent braking performance are not modeled.
The controller commands acceleration directly, whereas a real system would
command throttle or brake pressure through a lower-level actuation layer.

3. Full observability within the sensor range is assumed. Position, speed, accel-
eration, length, and vehicle type parameters of all surrounding vehicles within
dsensor = 150 m are available without noise in the deterministic evaluation.
The stochastic extension in Section 3.6 relaxes this assumption by introducing
Gaussian measurement noise, but the noise model is simplified relative to real
sensor characteristics.

4. The rollout base policy does not model lane changes by surrounding vehicles
during the rollout horizon. As discussed in Section 3.5, this makes the rollout
optimistic in scenarios where a surrounding vehicle cuts into ego’s lane during
the rollout extension.

5. The longitudinal control input is also discretized. The acceleration is selected
from a fixed set of five uniformly spaced values over [amin, amax]. This dis-
cretization is a consequence of the backward DP formulation, which requires a
finite action space for exhaustive enumeration. Finer discretization increases
the grid size and computational cost quadratically. The five-point grid pro-
vides adequate resolution for the speed ranges considered but may produce
slightly jerky longitudinal profiles.

6. By using the kinematic point mass model as mentioned in Chapter 3, the
lateral dynamics are neglected entirely. A more physically accurate model for
a heavy truck would be a bicycle model or a full planar rigid-body model,
where it captures the coupling between longitudinal and lateral forces, load
transfer under braking, and tire saturation. However, the control interface
available in this work does not provide a wheel steering angle command, and
therefore the lateral action is limited to a discrete lane-change command to
the simulator, with the actual lateral trajectory executed autonomously by
SUMO’s internal lane-change model. There is therefore no steering input
over which the controller has authority, making a bicycle model or any lateral
dynamics model inapplicable at this control level. Incorporating continuous
lateral control with a steering interface would require a fundamentally different
actuation architecture and is left for future work.

7. The stochastic uncertainty model assumes constant Gaussian measurement
noise independent of vehicle distance. In reality, the accuracy of radar, Li-
DAR, and camera based perception systems generally decreases with distance
due to sensor resolution limits, occlusion, and environmental effects. There-
fore, far away surrounding vehicles would typically have larger uncertainty
than nearby vehicles. While the adopted constant noise model simplifies the
analysis and allows controlled comparison between controller variants, it does
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not fully capture the distance dependent characteristics of real autonomous
driving perception systems.

4.2 RL Training Analysis

Many training runs were conducted to investigate the effect of the discount factor,
exploration rate and the speed cost weight on the learned value function, and to
select a checkpoint suitable to use in the Pure RL controller or hybrid controller’s
terminal cost. The final training hyperparameters are listed in Table A.17.

4.2.1 Training Environment
The agent was trained in a stochastic highway environment, matching the evaluation
environment described in Section 4.1.1. The ego vehicle starts at a randomized
position within the road at each episode to improve generalization. The stochasticity
in traffic density, vehicle speeds, and ego start position ensures the learned value
function generalizes across a range of traffic configurations rather than overfitting
to a single scenario.

4.2.2 Experiment 1 (γ = 0.995 and wspeed = 1 and dsensor = 100)
The first experiment used a discount factor of γ = 0.995, corresponding to an effec-
tive planning horizon of approximately 120 seconds. The training mean cumulative
reward curve exhibited an oscillatory pattern. Figure 4.1 shows that this model has
failed to converge. A notable phase transition occurred at 1.2 million steps, at which
point the collision rate dropped from 70−80% to zero, indicating that the agent had
discovered safe behavior. The 1.4 million step checkpoint achieved the best holdout
metric of the entire experiment (mean reward −9.1, zero collisions on 10 seeds).
However, visual inspection revealed that checkpoint is a degenerate stopping policy,
since the agent had learned to decelerate to near-zero speed, which eliminates col-
lisions by avoiding motion rather than by driving safely. This policy would result
in a bad terminal cost for the hybrid controller, and it would force the DP toward
decelerating the ego vehicle at the end of every planning horizon rather than guiding
it toward efficient, safe states. To prevent this behavior, the checkpoint selection
is done on a large holdout set rather than on the 10-seed evaluation used during
training, since degenerate solutions may achieve near-perfect performance on small
sets while failing to generalize.
Severe forgetting events (distancing from optimal point) occurred at 1.8 and 4.8
million steps, with holdout collision rates returning to 90% and 50% respectively,
followed by divergence at 6.0 − 6.8 million steps. Four candidate checkpoints were
evaluated on 500 independent test seeds, and the results are presented in Table 4.3.
The 2.2 million step checkpoint was selected as the best active-driving candidate,
where it achieved a 3.6% collision rate and mean reward −100.1.
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Figure 4.1: Mean cumulative reward on 10 holdout seeds at every 200, 000-step
checkpoint over 7 million training steps (Experiment 1, γ = 0.995).

Table 4.3: Pure RL evaluation on 500 test seeds for candidate checkpoints from
Experiment 1 (γ = 0.995).

Checkpoint Mean Reward Collision Rate
1.4M −110.9 10.2%
2.2M -100.1 3.6%
4.0M −146.7 4.4%
4.8M −191.7 10.0%

4.2.3 Experiment 2 (γ = 0.98 and wspeed = 1 and dsensor = 100)
By reducing the discount factor to γ = 0.98, the effective planning horizon short-
ened from approximately 120 seconds to 30 seconds. The final exploration rate was
reduced from εend = 0.05 to εend = 0.01 to obtain cleaner Q-values at convergence.
Figure 4.2 shows the per-checkpoint mean reward across the full 20 million steps
of Experiment 2. The training curve still exhibits persistent oscillation throughout.
However, despite the oscillation, a clear improving trend is visible compared to
Experiment 1, which the ratio of zero-collision checkpoints increases from 47% in
the first 5 million steps to 70% in the 10− 15 million step window. The policy does
not fully converge within 20 million steps, which its likely causes are the stochastic
traffic environment, the sparse collision reward signal, and residual exploration noise.
The five best-performing zero-collision checkpoints, selected by mean reward on the
10-seed holdout are evaluated across 500 seeds, and the results are presented in
Table 4.4. The 16.6M checkpoint is selected as the primary candidate for all hybrid
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Figure 4.2: Mean cumulative reward on 10 holdout seeds at every 100, 000-step
checkpoint over 20 million training steps (Experiment 2, γ = 0.98).

and pure RL evaluations in this chapter, as it combines the lowest collision rate with
the smallest reward standard deviation (54.3) among all competitive checkpoints,
indicating more consistent behavior.

Table 4.4: Pure RL evaluation on 500 test seeds for the five candidate checkpoints
from Experiment 2 (γ = 0.98).

Checkpoint Mean Reward Collision Rate
7.4M −13.3 0.4%
9.7M −16.3 0.2%
11.3M −81.3 4.2%
11.9M −43.9 1.2%
16.6M -14.7 0.2%

Qualitative inspection of the trained policy reveals that the agent adopts a pre-
dominantly conservative driving strategy, as it follows the reference velocity when
the road ahead is clear, maintains large safety gaps, and avoids lane changes unless
there is a substantial speed advantage. This conservatism is not detrimental for use
as a terminal cost, it provides a cautious value signal that discourages the hybrid
controller from entering states with insufficient safety margins at the end of the
planning horizon.
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4.2.4 Experiment 3 (γ = 0.90 and wspeed = 1 and dsensor = 150)

Following the finding that reducing the discount factor from γ = 0.995 to γ = 0.98
improved training stability in Experiment 2, Experiment 3 investigated whether a
more aggressive reduction to γ = 0.90 would further benefit learning. A discount
factor of 0.90 corresponds to an effective planning horizon of approximately 6 sec-
onds, substantially shorter than the 30 seconds of Experiment 2. The sensor range
was simultaneously extended from dsensor = 100 m to dsensor = 150 m to provide the
agent with a wider observation window.
Figure 4.3 shows the mean cumulative reward on 10 holdout seeds across 20 million
training steps. The reward curve exhibits severe and persistent oscillation through-
out the entire experiment, with reward values ranging from near zero to below −600,
substantially worse than Experiment 2. No clear improving trend is visible and the
variance between consecutive checkpoints remains high across the full 20 million
steps, indicating that the policy never stabilized. The magnitude of oscillation is
greater than in Experiment 2 at the same training budget, suggesting that γ = 0.90
is too short-sighted for the highway driving task. With a planning horizon of only 6
seconds, the agent cannot adequately account for the consequences of lane changes
and speed adjustments that unfold over longer timescales, making it difficult to learn
a stable policy.

Figure 4.3: Mean cumulative reward on 10 holdout seeds at every 100, 000-step
checkpoint over 20 million training steps (Experiment 3, γ = 0.90).

4.2.5 Experiment 4 (γ = 0.95 and wspeed = 1 and dsensor = 150)

Following the failure of γ = 0.90 in Experiment 3, Experiment 4 tested an interme-
diate discount factor of γ = 0.95, corresponding to an effective planning horizon of
approximately 12 seconds. The sensor range was kept at dsensor = 150 m.
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Figure 4.4: Mean cumulative reward on 10 holdout seeds at every 100, 000-step
checkpoint over 40 million training steps (Experiment 4, γ = 0.95).

Figure 4.4 shows the reward curve over 40 million steps. Compared to Experiment
3, the oscillation is mitigated and the curve is closer to zero reward, with 40% of
checkpoints achieving a mean reward above −50. The best holdout checkpoint at
4.8 million steps reached a mean reward of −5.66 on 10 holdout seeds. However,
evaluating the best checkpoints on 500 test seeds revealed a persistent instability,
where the best checkpoint achieved a collision rate of 0.2% and mean reward of
−45.6, and no checkpoint reached the combination of low collision rate and low cost
achieved by Experiment 2. The curve also shows no clear convergence trend over 40
million steps, with large reward drops reappearing at 13M, 22M, and beyond 35M
steps.

4.2.6 Experiment 5 (γ = 0.98 and wspeed = 1 and dsensor = 150
)

Having established γ = 0.98 as the most suitable discount factor through Exper-
iments 1- 4, Experiment 5 retains these settings while extending the sensor range
from dsensor = 100 m to dsensor = 150 m. This wider observation window provides
the agent with earlier visibility of approaching slow-moving vehicles, allowing the
value function to encode longer-range traffic patterns. This experiment represents
the final training configuration and the checkpoint selected from this experiment is
used for all controller evaluations in this chapter.
Figure 4.5 shows the mean cumulative reward on 10 holdout seeds over 40 million
training steps. The training exhibits persistent oscillation consistent with previous
experiments, but 42% of checkpoints achieve a holdout reward above −50, an im-
provement over Experiment 4 (40%) at the same training budget. The best holdout
reward of −4.40 is achieved at 2.6 million steps, though early checkpoints are typi-
cally unreliable indicators of true generalization performance. No clear convergence
is observed, which is consistent with the findings of Experiments 1 and 2, and re-
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flects the inherent difficulty of stabilizing Q-learning in a stochastic, multi-agent
environment.

Figure 4.5: Mean cumulative reward on 10 holdout seeds at every 100, 000-step
checkpoint over 40 million training steps (Experiment 5, γ = 0.98, dsensor = 150 m).

The top-performing checkpoints were evaluated on 500 independent test seeds, with
results presented in Table 4.5. Three checkpoints achieved zero collisions, 8.2M
(−33.56, std 42.14), 11.4M (−38.34, std 53.65), and 16.1M (−31.46, std 42.44). The
16.1M checkpoint is selected as the primary candidate for all hybrid and pure RL
evaluations, since it combines the lowest reward standard deviation (42.44) with a
competitive mean reward (−31.46) and zero collisions, indicating the most consistent
behavior across diverse seeds.

Table 4.5: Pure RL evaluation on 500 test seeds for the top-10 candidate check-
points from Experiment 5 (γ = 0.98, dsensor = 150 m).

Checkpoint Collisions Collision % Mean Reward Std Reward
2.6M 4 0.8% −42.59 97.15
7.0M 16 3.2% −69.50 180.02
8.2M 0 0.0% −33.56 42.14
11.4M 0 0.0% −38.34 53.65
15.5M 1 0.2% −31.38 60.92
16.1M 0 0.0% -31.46 42.44
18.9M 2 0.4% −39.03 84.99
19.7M 1 0.2% −36.08 66.65
22.4M 5 1.0% −47.55 137.06
31.8M 2 0.4% −43.91 87.09

The qualitative behavior of the selected checkpoint is similar to the Experiment 2
candidate. The agent follows the reference velocity when the road ahead is clear,
maintains large safety gaps, and avoids unnecessary lane changes. The mean speed
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of 20.71 m/s on 500 seeds remains below vref = 25 m/s, due to the dense mixed
traffic conditions.

4.2.7 Experiment 6 (γ = 0.98 and wspeed = 3 and dsensor = 150)
Having established the base configuration in Experiment 5, Experiment 6 investi-
gated the effect of increasing the speed tracking weight from wspeed = 1 to wspeed = 3.
The motivation was to produce a value function that places greater emphasis on
maintaining the reference velocity.
Figure 4.6 shows the mean reward curve over 40 million steps. The increased speed
weight improves training stability noticeably, where 60% of checkpoints achieve a
holdout reward above −50, compared to 42% in Experiment 5, and the best holdout
reward of −4.31 is reached at 38.8 million steps. The curve shows fewer catastrophic
drops compared to previous experiments, suggesting that the stronger speed signal
provides a more consistent learning target.
Table 4.6 presents the 500-seed evaluation of the top candidate checkpoints. Three
checkpoints achieved zero collisions, with the 18.3M checkpoint performing as best
one, mean reward −29.60, and the lowest standard deviation (41.93) among all zero-
collision checkpoints in any training experiments. This makes the 18.3M checkpoint
the strongest Pure RL candidate overall and it is retained as an additional candidate
for evaluation alongside the Experiment 5 checkpoint.

Figure 4.6: Mean cumulative reward on 10 holdout seeds at every 100, 000-step
checkpoint over 40 million training steps (Experiment 6, γ = 0.98, wspeed = 3).

However, a higher speed weight introduces a scale mismatch between the RL value
function and the MPC cost function. The MPC uses wspeed = 1, meaning speed
deviations are weighted equally with safety costs. When the 18.3M checkpoint is
used as a terminal cost in the hybrid controller, the Q-values reflect a cost landscape
where speed deviations are three times more penalized than in the MPC stage costs.
This mismatch may cause the hybrid controller to make suboptimal decisions by
over-prioritizing speed at the terminal state relative to safety.
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Table 4.6: Pure RL evaluation on 500 test seeds for the top candidate checkpoints
from Experiment 6 (γ = 0.98, wspeed = 3).

Checkpoint Collisions Collision % Mean Reward Std Reward
11.3M 1 0.2% −36.90 65.85
16.3M 0 0.0% −33.91 43.06
18.3M 0 0.0% -29.60 41.93
21.2M 4 0.8% −43.91 103.61
22.3M 0 0.0% −35.45 45.88
23.4M 1 0.2% −38.36 64.02
24.4M 5 1.0% −52.11 106.12
35.2M 8 1.6% −46.46 131.23
36.7M 16 3.2% −71.60 181.31
38.8M 6 1.2% −44.68 117.26

4.2.8 Experiment 7 (γ = 0.98 and wspeed = 5 and dsensor = 150)
Experiment 7 further increased the speed weight to wspeed = 5 to investigate whether
a stronger velocity signal could improve on Experiment 6. Figure 4.7 shows the mean
reward curve over 40 million steps. While 50% of checkpoints achieve a holdout re-
ward above −50, slightly below Experiment 6 (60%), the curve shows frequent deep
drops below −400, indicating persistent instability. The best holdout reward of
−2.63 was achieved at 3.1 million steps. However, evaluation on 500 test seeds re-
veals significantly worse safety, where no checkpoint achieved zero collisions, with
the best result being 0.2% collision rate at 12.6M and 15.3M steps. The high and
inconsistent collision rates across candidates indicate that at wspeed = 5 the agent
over-prioritizes speed tracking relative to safety during training, leading to an ag-
gressive policy that generalizes poorly.

Figure 4.7: Mean cumulative reward on 10 holdout seeds at every 100, 000-step
checkpoint over 40 million training steps (Experiment 7, γ = 0.98, wspeed = 5).

55



4. Implementation and Results

4.2.9 Experiment 8 (γ = 0.98 and wspeed = 10 and dsensor = 150)
Experiment 8 tested an even higher speed weight of wspeed = 10. Figure 4.8 shows
the mean reward curve over 40 million steps. Despite the further increase in speed
penalty, training stability recovered partially relative to Experiment 7. The curve
oscillates less severely in the first 15 million steps, and 50% of checkpoints reach
above −50 reward. The best holdout reward of −3.22 was achieved at 22.6 million
steps. On 500 test seeds, one checkpoint at 22.6M achieved zero collisions with
mean reward −36.47 and standard deviation 46.66. While this represents a valid
zero-collision policy, it is inferior to the best candidates from Experiment 5 and
Experiment 6 on both reward and consistency, confirming that wspeed = 3 from
Experiment 6 represents the optimal speed weight among those investigated.

Figure 4.8: Mean cumulative reward on 10 holdout seeds at every 100,000-step
checkpoint over 40 million training steps (Experiment 8, γ = 0.98, wspeed = 10).

4.3 Trajectory Prediction Error Analysis
Before comparing controller variants, the best method of trajectory prediction is
chosen by quantifying the accuracy of each method as described in Section 3.4.4.
This analysis serves two purposes:

1. It provides the empirical justification for selecting Method 2 (constant accel-
eration) as the trajectory prediction model.

2. It establishes the measurement noise parameters σs, σv, σa used in the stochas-
tic extension of Section 3.6.

4.3.1 Evaluation Methodology
To measure the prediction errors, at each simulation step k, the predicted state
(si,H , vi,H , li,H) of the five nearest surrounding vehicles (front, front-left, front-right,
rear-left, rear-right) was recorded. Then, H steps later, the actual state of each
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vehicle was queried from SUMO and compared to the prediction. This procedure was
repeated across 100 seeds using the pure MPC controller with H = 1, · · · , 5 steps.
Each of the two methods was evaluated identically by running separate evaluations.
The primary metrics are the mean error ēs,h = ŝi,H − si,H (bias) and the standard
deviation of the error σs,h (spread) for longitudinal position. Velocity error ēv,h and
its standard deviation are also reported for use in safety and collision costs.

4.3.2 Results and Method Comparison
The complete per-role, per-step error statistics for Methods 1 and 2 are provided in
Tables A.1-A.10 in Appendix A.1.
Method 1 (reactive multi-agent projection) achieves low bias by modeling car-following
reactions, but introduces different error sources: 1) Model error due to the mis-
matches between the discrete prediction model and SUMO’s internal state update
model. 2) The lack of lane change policy in the prediction model and its effect on
the following vehicles on the target lane. The standard deviation of Method 1 is
larger than Method 2 at all horizon steps.

(a) Front (b) Front-left (c) Front-right

(d) Back-left (e) Back-right

Figure 4.9: Position prediction error distributions per surrounding vehicle role at
h = 5 steps using Method 2 prediction model.

Method 2 (constant acceleration) achieves the lowest mean absolute error and stan-
dard deviation at all horizon steps h ≤ 5. For all H = 1, · · · , 5, the mean position
error is near zero because the current acceleration is the dominant predictor of po-
sition for a few steps ahead. At h = 5 (1 second), the standard deviation remains
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below 0.150 m. Method 2 is therefore adopted as the prediction model for all con-
troller evaluations.
Figure 4.9 shows the position error distributions at horizon h = 5 (1.0 s ahead) for
all five surrounding vehicle roles using Method 2.

4.3.3 Noise Model Parameter Selection
Since the mean and standard deviation of the Method 2 prediction error at each
horizon step h remain relatively small, the dominant uncertainty in the stochastic
model originates primarily from the measurement noise model discussed in Section
3.6. By combining the prediction uncertainty with the measurement noise param-
eters listed in Table A.16, the final error statistics for both position and velocity
states were obtained for different prediction horizons. The corresponding values are
summarized in Appendix Tables A.11–A.15.
These values represent the final measurement uncertainty, and are used through-
out to compute the tightened safe distances and robust collision thresholds. The
error distributions for the H = 5 case are illustrated through histograms for each
surrounding vehicle role in Figure 4.10.
It should be noted that the values given to the rollout/RL functions for surround-
ing vehicles in stochastic implementations are the trajectories based on the noisy
measurements.

(a) Front (b) Front-left (c) Front-right

(d) Back-left (e) Back-right

Figure 4.10: Position final prediction error distributions per surrounding vehicle
role at h = 5 steps.
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4.4 Controller Comparison

This section presents the evaluation of all controllers on 100 independently seeds.
Controllers are compared in three respects:

1. Safety (collision rate)
2. Driving quality (mean reward, cost per step and its decomposition)
3. Computational cost (mean time per step)

The evaluation starts from the simplest baseline to the most complex variant. All
evaluations use the same set of seeds that are completely separate from the training
and holdout seeds used during RL training. The the risk tolerance ϵ for both colli-
sion and safe distance for all stochastic models is 1%. It should be noted that the
reported computation times are influenced by the workload of the shared computa-
tional cluster at the time of evaluation. Since different controller configurations were
evaluated in separate simulation runs, some timing variations may originate from
fluctuations in available computational resources and concurrent workloads rather
than from the controller algorithms themselves.

4.4.1 Pure MPC

The pure MPC controller is evaluated across five prediction horizons H ∈ {1, 2, 3, 4, 5}
on 100 independently seeds with terminal cost q(xH) = 0. Results are reported in
Tables 4.7 - 4.9.

Table 4.7: Pure MPC collision results on 100 seeds (vref = 25 m/s).

H Collisions % Mean Speed
1 88% 25.0
2 0% 22.14
3 0% 22.6
4 1% 22.6
5 0% 22.7

Table 4.8: Pure MPC mean cost per step on 100 seeds. Ccol,b is 0 for all cases.

H Total Cspeed Caccel Csafe,f Csafe,b Ccol,f Clc Ccd Cleft

1 241, 871 0.0 0.0 131, 041 844 109, 984 0.0271 0.0040 0.9958
2 1, 084 8.2053 0.1136 866.59 208.20 0 0.0126 0.0022 0.9808
3 647 5.7638 0.1599 444.50 195.68 0 0.0133 0.0016 0.9953
4 1, 590 5.7555 0.1790 677.98 238.30 666.80 0.0130 0.0022 0.9649
5 448 5.3117 0.1756 236.46 205.16 0 0.0133 0.0022 1.0086
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Table 4.9: Pure MPC mean computation time per step (∆t = 0.2 s).

H Time (ms/step)
1 2.51
2 4.34
3 6.28
4 11.37
5 17.49

4.4.1.1 Safety

At H = 1 (0.2 seconds of lookahead), the controller collides in 81 out of 100 episodes.
With only a single optimization step, the DP selects the acceleration that minimizes
the immediate stage cost at h = 0 without any awareness of the state at h = 1 and
beyond. When the ego truck approaches a slow leader, the DP does not anticipate
that the gap will continue to close over the next several steps. The speed tracking
cost encourages maintaining vref , and even though the front safety cost is high,
changing the speed will not have enough effect on decreasing it. Therefore, the only
option is to either keep getting closer to the leader, which will lead to collision,
or change the lane, which the target lane may have its own slow leader. This is
confirmed by the cost decomposition in Table 4.8, Cspeed = 0, while the front safety
cost cfront = 115, 506 and front collision cost Ccol,f = 117, 011 together dominate
the total cost.
From H = 2 onward, the collision rate drops to zero across all 100 seeds, except
for H = 4 which has one collision among 100 episodes. A two-step lookahead is
sufficient for the DP to evaluate the immediate consequence of accelerating or a
lane change, which makes the controller aware of the gap from the leader in the
current or target lane one step ahead and prevents unsafe behavior. This result
shows that a single additional step of lookahead provides a massive improvement in
the safety.

4.4.1.2 Driving Quality

While most of H ≥ 2 cases achieve zero collisions, driving quality mostly improves
substantially with increasing horizon. The total cost per step falls from 241, 871 at
H = 1 to 1, 084 at H = 2 and 448 at H = 5, a reduction of 59% from H = 2 to
H = 5. The dominant cost term throughout H = 2 to H = 5 is the front safety cost,
which drops from 866.59 at H = 2 to 236.46 at H = 5. The reason behind this drop
is that at H = 2, the controller sees only 0.4 seconds ahead and frequently finds itself
inside the safe-distance threshold of a slow leader before it can react, accumulating
large quadratic safety penalties. At H = 5 the controller anticipates these situations
a full second in advance, which can either decelerate earlier or execute a lane change
before the gap becomes critical. The only abnormal behavior is for H = 4 where it
has higher safety costs compared to H = 3, which leads to one collision. It indicates
that this trend of convergence is not linear, and there might be some local optimal
points.
The mean speed is 22.1− 22.7 m/s for all H ≥ 2, always below vref = 25, reflecting
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the mixed traffic conditions where the ego truck frequently follows slower vehicles.
The speed cost per step is small relative to the safety cost, confirming that speed
deviation is not the primary limitation, and the controller prioritizes safety over
speed tracking, as intended by the cost weights.
The rear safety cost is present at all horizons but no rear collision is recorded,
confirming that the physics-based rear collision condition described in Section 3.4.2.5
successfully prevents unsafe merges. Lane change and cooldown costs are negligible
across all horizons.

4.4.1.3 Computational Cost

Table 4.9 shows the mean computation time per step. At H = 1 the controller
requires 2.51 ms per step, where at H = 5, this increases to 17.49 ms, a 6.96 times
increase. Both remain well within the 200 ms control time step ∆t = 0.2, using
at most 8.7% of the available computation time. The nonlinear growth with H
is expected due to the fact that the reachable state space expands with H, where
both the number of grid points evaluated and the number of backward DP passes
increased.

4.4.2 Rollout (Hroll = 10)
This section evaluates the rollout-based controller with rollout horizon Hroll = 10
across prediction horizons H ∈ {1, 2, 3, 4, 5}, a hybrid method with transparent
policy. Results are reported in Tables 4.10 - 4.12.

Table 4.10: Rollout controller general results on 100 seeds with Hroll = 10.

H Collisions % Mean Speed Total cost per step
1 34% 22.48 53, 562
2 1% 22.55 2, 078
3 2% 22.61 4, 079
4 2% 22.60 5, 203
5 3% 22.57 5, 072

Table 4.11: Rollout mean cost per step on 100 seeds with Hroll = 10.

H Cspeed Caccel Csafe,f Csafe,b Ccol,f Ccol,b Clc Ccd Cleft

1 6.36 0.15 1, 418 1, 082 25, 526 25, 526 0.0231 0.0077 0.4921
2 6.02 0.21 1, 317 86 667 0 0.0183 0.0042 0.3609
3 5.71 0.24 2, 004 65 1, 335 0 0.0192 0.0032 0.4081
4 5.75 0.24 3, 763 88 1, 345 667 0.0184 0.0026 0.4582
5 5.91 0.25 2, 984 49 2, 030 0 0.0194 0.0028 0.4562

61



4. Implementation and Results

Table 4.12: Rollout mean computation time per step with Hroll = 10 (∆t = 0.2 s).

H Time (ms/step)
1 7.78
2 14.42
3 21.75
4 37.43
5 75.14

4.4.2.1 Safety

The rollout controller with Hroll = 10 substantially improves the short-horizon be-
havior of pure MPC at H = 1. While pure MPC with H = 1 produced collisions in
88% of episodes, the rollout extension reduces this to 34%. This confirms that the
rollout estimate successfully introduces long-term awareness beyond the immediate
DP horizon. By simulating the future trajectory using the base policy, the controller
becomes aware that maintaining aggressive acceleration may lead to unsafe states
several steps later, even when the immediate stage cost appears favorable.
However, unlike the pure MPC controller at H ≥ 2, rollout does not completely
eliminate collisions. The collision rate remains between 1% − 3% for H = 2 to
H = 5. This behavior reflects a fundamental limitation of rollout methods, which
is the quality of the terminal estimate is bounded by the quality of the base policy
itself. Since the rollout uses the SUMO Krauss model as the future policy, discussed
in Section 3.5, inaccuracies or myopic behaviors in this heuristic propagate into the
terminal cost approximation. Consequently, the DP may still select trajectories that
appear safe under the rollout policy but later become unsafe in the actual closed-
loop interaction, even by considering the fact that discount factor decrease the effect
of further steps in the future.
The collision cost decomposition in Table 4.11 confirms this observation. Even
for horizons with low collision percentages, the front collision cost remains nonzero,
indicating occasional failures in long-term safety prediction. Nevertheless, compared
to pure MPC at H = 1, rollout dramatically improves safety with only a modest
increase in computational complexity.

4.4.2.2 Driving Quality

The Hroll = 10 rollout controller achieves mean speeds between 22.48 and 22.61 m/s,
comparable to pure MPC for H ≥ 2. The speed cost remains relatively low across
all horizons, showing that the controller still tracks the reference velocity reasonably
well while accounting for future safety consequences.
However, unlike pure MPC, the total cost does not monotonically decrease with
increasing H. The lowest total cost occurs at H = 2 (2, 078), after which the cost
increases substantially for larger horizons. This increase is primarily driven by the
front safety cost and collision cost terms. For example, the front safety cost grows
from 1, 317 at H = 2 to over 3, 763 at H = 4. Similarly, the front collision cost
increases from 667 to over 2, 000 by H = 5.
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This behavior suggests that the rollout approximation introduces inconsistencies
into the DP optimization. As the exact DP horizon becomes larger, the states of
surrounding vehicles get further away from what will actually happen, and the ab-
normal behavior appears. If the rollout policy poorly represents the true optimal
long-term behavior, the resulting terminal estimate can bias the optimization toward
trajectories that appear favorable during rollout but lead to unsafe or inefficient out-
comes later. In other words, increasing H does not necessarily improve performance
when the terminal approximation itself is imperfect.
But the back safety cost and back collision cost decrease as H increases, indicating
more conservative lane change actions.
Compared to pure MPC, rollout also produces significantly lower left-lane occu-
pancy costs (Cleft ≈ 0.36 − 0.49), indicating that the controller spends less time
in overtaking lanes. This likely results from the rollout policy preferring conserva-
tive car-following behavior rather than aggressive lane changes. Lane-change and
cooldown costs remain negligible across all horizons.

4.4.2.3 Computational Cost

Table 4.12 reports the mean computation time per step. The rollout controller is
consistently more expensive than pure MPC because each terminal state requires an
additional forward simulation of the rollout trajectory. Computation time increases
from 7.78 ms at H = 1 to 75.14 ms at H = 5.
Despite this increase, all configurations remain below the available control interval
of ∆t = 0.2 s. Even the most expensive configuration uses approximately 37.6% of
the available computation budget. The growth in runtime is caused by the larger DP
state space at higher H and the increasing number of rollout evaluations required
at terminal nodes.

4.4.3 Rollout (Hroll = 20)

By increasing the rollout horizon to Hroll = 20, the rollout trajectory is extended
twice as far into the future, providing a longer terminal estimate for the DP opti-
mization. Results are reported in Tables 4.13 - 4.15.

Table 4.13: Rollout controller general results on 100 seeds with Hroll = 20.

H Collisions % Mean Speed Total cost per step
1 32% 22.76 49, 333
2 13% 22.60 12, 735
3 10% 22.69 8, 946
4 15% 22.64 12, 363
5 7% 22.76 8, 942
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Table 4.14: Rollout mean cost per step on 100 seeds with Hroll = 20.

H Cspeed Caccel Csafe,f Csafe,b Ccol,f Ccol,b Clc Ccd Cleft

1 5.03 0.16 2, 091 1, 345 27, 224 18, 668 0.0299 0.0159 0.5215
2 5.76 0.20 1, 498 570 9, 239 1, 421 0.0220 0.0075 0.4544
3 5.34 0.21 790 519 6, 938 694 0.0215 0.0052 0.4247
4 5.55 0.22 1, 158 542 10, 656 0 0.0221 0.0045 0.4358
5 5.00 0.22 3, 124 317 4, 809 687 0.0212 0.0031 0.4869

4.4.3.1 Safety

Increasing the rollout horizon from Hroll = 10 to Hroll = 20 does not improve safety
performance. While the collision rate at H = 1 decreases slightly from 34% to 32%,
the performance for larger DP horizons becomes significantly worse. For example,
at H = 2 the collision rate increases from 1% to 13%, and at H = 4 it reaches 15%.
Even the best-performing case, H = 5, still produces collisions in 7% of episodes.
This behavior indicates that extending the rollout horizon amplifies the inaccura-
cies of the terminal approximation instead of improving it. The rollout controller
assumes that the future behavior generated by the base policy provides a reason-
able estimate of long-term cost-to-go. However, over long horizons, the accumulated
prediction error becomes large because surrounding traffic evolves differently from
the rollout assumptions. Consequently, the DP optimization may favor trajectories
that appear safe or efficient under the rollout simulation but become unsafe during
actual closed-loop execution.
The cost decomposition confirms this observation. Safety related costs remain ex-
tremely high for all horizons, both the front safety cost and front collision cost. For
example, Csafe,f remains above 4, 800 even at H = 5, and exceeds 10, 000 at H = 4.
Unlike the Hroll = 10 case, rear collision costs also become significant, especially
at H = 1 and H = 2, indicating that the longer rollout occasionally encourages
lane changes that appear feasible during rollout evaluation but later create unsafe
rear-vehicle interactions.
These results demonstrate that a longer rollout horizon does not necessarily improve
policy quality when the rollout policy itself is imperfect, even by accounting the effect
of discount factor. Instead, the terminal estimate becomes increasingly biased by
the inaccuracies of the heuristic future simulation.

4.4.3.2 Driving Quality

The rollout controller with Hroll = 20 maintains mean speeds between 22.60 and
22.76 m/s, comparable to both pure MPC and the Hroll = 10 rollout controller. The
speed-tracking cost remains small across all horizons, showing that the controller still
prioritizes maintaining traffic flow close to the reference speed.
However, the total cost per step is substantially higher than both pure MPC and
rollout with Hroll = 10. Even the best case, H = 5, produces a total cost of
approximately 8, 942 per step, which is nearly 20 times larger than pure MPC at
H = 5 (448). The dominant contributors remain the collision and safety costs.
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Unlike the shorter rollout horizon, the front safety cost does not follow a consistent
trend with increasing H. It initially decreases from 2, 091 at H = 1 to 790 at H = 3,
but then rises sharply again to over 3, 123 at H = 5. This instability indicates that
the optimization becomes increasingly sensitive to rollout inaccuracies as both the
DP horizon and rollout horizon grow.
The rear safety costs are also noticeably larger than for the Hroll = 10 configuration,
especially for smaller horizons. This suggests that the longer rollout occasionally
encourages more aggressive lane changes or merges that later place rear vehicles in
unsafe conditions. Similarly, rear collision costs appear in multiple configurations,
unlike the shorter rollout case where rear collisions were mostly eliminated.
The left-lane occupancy cost remains relatively low (0.42−0.52), consistent with the
previous rollout configuration and lower than pure MPC. This again suggests that
the rollout policy prefers conservative car-following behavior rather than frequent
overtaking maneuvers. Lane-change and cooldown costs remain negligible.
Overall, extending the rollout horizon to 20 steps does not improve driving qual-
ity. Instead, it introduces larger safety violations and substantially higher collision
penalties, showing that longer rollout simulations are only beneficial if the rollout
policy itself accurately predicts long-term traffic evolution.

4.4.3.3 Computational Cost

Table 4.15 reports the mean computation time per step. Increasing the rollout
horizon from 10 to 20 approximately doubles the rollout simulation workload at
every terminal state, resulting in a substantial increase in runtime.
The computation time increases from 11.37 ms at H = 1 to 122.00 ms at H = 5.
Compared to the corresponding Hroll = 10 configuration, the runtime increase ranges
from approximately 46% at H = 1 to over 62% at H = 5.
Although all configurations still remain below the available control interval of ∆t =
0.2 s, the highest-cost configuration already consumes approximately 61% of the
available computation budget. This shows that longer rollout horizons rapidly be-
come computationally expensive due to the repeated forward simulations required
for every terminal node in the DP tree.

Table 4.15: Rollout mean computation time per step with Hroll = 20 (∆t = 0.2 s).

H Time (ms/step)
1 11.37
2 23.14
3 33.10
4 59.75
5 122.00

4.4.4 Pure RL
The pure RL controller uses the 16.6M checkpoint from Experiment 5 (γ = 0.98,
wspeed = 1, dsensor = 150), operating without any MPC optimization, where the DQN
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policy selects actions directly from the observation vector at each step. Results are
reported in Tables 4.16 and 4.17.

Table 4.16: Pure RL evaluation results on 100 seeds (vref = 25 m/s).

Coll. % Mean Reward Mean Speed (m/s) Time (ms/step)
0% −10.71 20.75 0.32

Table 4.17: Pure RL mean cost per step on 100 seeds. Ccol,b is 0 for all cases.

Total Cspeed Caccel Csafe,f Csafe,b Ccol,f Clc Ccd Cleft

551 18.02 2.38 517 11.57 0 0.017 0.023 2.171

4.4.4.1 Safety

The pure RL controller achieves zero collisions across all 100 seeds, matching the
pure MPC configurations (H ≥ 2). This confirms that the trained policy has suc-
cessfully learned to avoid collisions in diverse traffic scenarios.

4.4.4.2 Driving Quality

The pure RL controller’s total cost of 551 is slightly better than pure MPC H = 3
(647), but according to the cost decomposition in Table 4.17, it has a different
driving strategy. The dominant cost term is the front safety cost (Csafe,f = 517
per step), which is comparable to pure MPC H = 3 (Cfront,f = 444.5), but the RL
agent maintain a speed of well below vref . The mean speed of 20.75 m/s is the
lowest among all controllers, approximately 4.25m/s below the reference velocity,
and the speed cost per step (Cspeed = 18.02) is 3− 4 time higher than for pure MPC
at H ≥ 2. The acceleration cost (Caccel = 2.38) is also notably higher than for any
MPC cases, reflecting the less smooth longitudinal profiles.
The left-lane occupancy cost (Cleft = 2.17) is higher than for most MPC variants,
indicating more tendency to linger in left lanes. However, the back safety cost
(Csafe,b = 11.57) is noticeably lower than MPC variants, indicating that more cau-
tious lane changing than other controllers. The lane change and cooldown costs
(Clc = 0.017, Ccd = 0.018) are comparable to MPC, which indicates similar lateral
activity frequency.

4.4.4.3 Computational Cost

The pure RL controller requires only 0.32 ms per step, approximately 54 times
faster than pure MPC H = 5 (17.49 ms) and 8 times faster than pure MPC H = 1
(2.51 ms). This reflects the fact that the DQN forward pass through a two-layer
[256, 256] network is cheaper than the backward DP grid search. The pure RL
controller uses 0.16% of the available 200 ms simulation step, making it by far the
most computationally efficient option.
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4.4.5 Hybrid MPC - RL

The main goal of this thesis is to introduce and evaluate a hybrid MPC - RL con-
troller. For a deterministic environment, Tables 4.18 - 4.20 report the results across
prediction horizons H ∈ {1, 2, 3, 4, 5}. In this configuration, the DQN network is
used as the terminal value function approximation inside the DP optimization, re-
placing the handcrafted rollout policy.

Table 4.18: Hybrid MPC - RL evaluation results on 100 seeds.

H Collisions % Mean Speed
1 0% 21.08
2 0% 21.09
3 1% 21.18
4 0% 21.15
5 2% 21.14

4.4.5.1 Safety

The hybrid MPC - RL controller achieves excellent safety performance for small
and moderate horizons. The controller produces zero collisions for H = 1, H = 2,
and H = 4, while only one collision occurs at H = 3 and two collisions at H = 5.
Compared to pure MPC, the hybrid approach dramatically improves the short-
horizon case. In particular, pure MPC at H = 1 produced collisions in 88% of
episodes, whereas the hybrid controller eliminates all collisions at the same horizon.
This result confirms that the RL value function successfully provides long-term in-
formation beyond the finite DP horizon. Unlike the rollout-based controller, which
depends on explicit future simulation using the heuristic policy, the learned value
function directly estimates long-term future cost from the current state. Conse-
quently, even when the exact DP horizon is very short, the controller can still rec-
ognize that aggressive acceleration or unsafe lane changes will lead to large future
penalties.
However, the results also show that increasing the DP horizon does not always
improve safety. Small collision rates reappear at H = 3 and H = 5, with nonzero
front collision costs. This indicates that the learned value approximation is imperfect
and may occasionally bias the optimization toward trajectories that appear favorable
according to the neural network estimate but later become unsafe during closed-loop
interaction. Nevertheless, the overall collision rates remain substantially lower than
rollout-based methods.
The rear safety costs remain relatively small across all horizons and no rear collisions
occur. This confirms that the collision filtering logic described in Section 3.4.2.5
continues to successfully reject unsafe lane-change maneuvers even when the RL
value function is used as the terminal approximation.
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4.4.5.2 Driving Quality

The hybrid MPC - RL controller achieves the lowest total cost among all controllers
for several horizons. The best result occurs at H = 2, where the total cost per step
decreases to only 257, outperforming both pure MPC H = 5 (448) and pure RL
(551). Similarly, the H = 4 configuration achieves a total cost of approximately
300, also substantially lower than the corresponding pure MPC and pure RL cases.
The dominant cost component remains the front safety cost, but its magnitude
is significantly reduced compared to both pure MPC and rollout methods. For
example, at H = 4, the front safety cost is only 151, compared to 236 for pure
MPC H = 5, 517 for pure RL, and several thousand for rollout configurations. This
indicates that the learned value function successfully guides the DP optimization
toward safer long-term spacing behavior.
However, the hybrid controller adopts a noticeably more conservative driving strat-
egy than pure MPC. The mean speed remains approximately 21.1 m/s across all
horizons, consistently below the 22.1 − 22.7 m/s achieved by pure MPC. Conse-
quently, the speed-tracking cost remains relatively high (Cspeed ≈ 15), approximately
three times larger than pure MPC H = 5. This behavior closely resembles the pure
RL controller, indicating that the learned value function biases the optimization to-
ward conservative car-following policies that prioritize safety over aggressive speed
tracking.
The acceleration cost is also higher than pure MPC across all horizons, though still
relatively small in absolute value. The left-lane occupancy cost remains significantly
larger than for pure MPC or rollout methods, indicating that the hybrid controller
spends more time in overtaking lanes. This again reflects the behavioral tendencies
learned by the RL policy embedded inside the value function approximation.
Unlike rollout, the hybrid controller does not suffer from catastrophic growth in
safety and collision costs as the horizon increases. Although the H = 5 case shows
some degradation, the overall performance remains substantially more stable than
rollout-based approaches. This suggests that the learned neural-network value func-
tion provides a more consistent terminal approximation than long heuristic rollout
simulations.

Table 4.19: Hybrid MPC - RL mean cost per step on 100 seeds.

H Total Cspeed Caccel Csafe,f Csafe,b Ccol,f Clc Ccd Cleft

1 883 15.39 1.43 774.85 88.57 0 0.0241 0.0168 3.1338
2 257 15.30 1.27 194.81 42.30 0 0.0169 0.0092 3.6070
3 1, 015 14.62 1.26 245.19 79.42 670.72 0.0182 0.0080 3.5297
4 300 14.85 1.28 151.20 128.75 0 0.0161 0.0068 3.4599
5 2, 178 14.86 1.24 668.01 152.89 1, 337.93 0.0227 0.0138 3.3221

4.4.5.3 Computational Cost

Table 4.20 reports the mean computation time per step. The hybrid MPC+RL
controller is significantly more computationally expensive than both pure MPC and
rollout-based controllers. The mean computation time increases from 17.12, ms at

68



4. Implementation and Results

H = 1 to 242.26, ms at H = 5. Unlike pure MPC and rollout, the H = 5 config-
uration exceeds the available control interval ∆t = 0.2, s, requiring approximately
121% of the real-time computation budget.
The computational growth is caused by two factors. First, the DP state space still ex-
pands with increasing prediction horizon H, similarly to pure MPC and rollout. Sec-
ond, unlike rollout methods that use relatively lightweight forward simulations, the
hybrid controller evaluates a deep neural network terminal value function for every
reachable terminal state. The terminal estimator uses a fully connected [256, , 256]
DQN architecture, which is computationally expensive compared to the rollout poli-
cies with Hroll = 10 or 20, where the terminal estimate is obtained through direct
simulation.
This difference becomes particularly important at larger horizons. For example,
rollout with Hroll = 10 requires 75.14, ms at H = 5, while the hybrid MPC+RL
controller requires 242.26, ms for the same horizon, more than three times larger. Al-
though rollout additionally simulates multiple future steps, the rollout policy itself is
a simple heuristic traffic model with relatively cheap state updates. In contrast, the
neural network-based terminal evaluation requires repeated forward passes through
a large nonlinear function approximator for every terminal node of the DP tree.

Table 4.20: Hybrid MPC - RL mean computation time per step (∆t = 0.2 s).

H Time (ms/step)
1 17.12
2 49.77
3 113.74
4 171.50
5 242.26

Nevertheless, for moderate horizons such as H ≤ 4, the hybrid controller still re-
mains within the real-time budget. The results therefore illustrate the tradeoff
between terminal value quality and computational complexity, where learned value
functions provide substantially better long-term guidance than heuristic rollout poli-
cies, but at a significantly higher computational cost.

4.4.6 Pure MPC under Stochastic Prediction and Measure-
ment Noise

This section evaluates the pure MPC controller under the stochastic extension de-
scribed in Section 3.6. In this setting, both the surrounding vehicle measurement
uncertainty and the predicted trajectory uncertainty described in Section 4.3 are
considered. The controller uses noisy observations and tightened safety constraints
derived from the uncertainty bounds. Results are reported in Tables 4.21 - 4.23.
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Table 4.21: Stochastic pure MPC evaluation results on 100 seeds.

H Collisions % Mean Speed
1 86% 25.0
2 0% 22.17
3 0% 22.59
4 0% 22.61
5 0% 22.62

4.4.6.1 Safety

The stochastic MPC results remain qualitatively similar to the deterministic case.
At H = 1, the controller still performs poorly, producing collisions in 86% of the
episodes. Although the new robust safety constraints increase the safety margins,
a single-step horizon remains fundamentally too short to anticipate the future con-
sequences of maintaining high speed behind slower traffic. The controller still min-
imizes only the immediate stage cost, and therefore cannot react early enough to
avoid collisions.
From H = 2 onward, the controller again achieves near-perfect safety performance,
with zero collisions across all seeds for H = 2 to H = 5. This confirms that the
stochastic extension preserves the main safety advantage of MPC once sufficient
lookahead is available. The additional safety margins introduced by the uncertainty
model successfully compensate for the noisy measurements and prediction uncer-
tainty without destabilizing the optimization.
Compared to the deterministic implementation, the stochastic controller generally
produces slightly higher safety costs, especially in the front safety term. This is
expected because the tightened safety constraints effectively enlarge the required
separation distances. As a result, the controller behaves more conservatively even
when no actual collision risk exists.

Table 4.22: Stochastic pure MPC mean cost per step on 100 seeds. Ccol,b is 0 for
all cases.

H Total Cspeed Caccel Csafe,f Csafe,b Ccol,f Clc Ccd Cleft

1 234, 519 0 0 129, 913 913 103, 692 0.0286 0.0067 0.9703
2 1, 769 8.00 0.36 1, 547 212 0 0.0149 0.0038 1.1031
3 830 5.82 0.51 713 110 0 0.0147 0.0030 1.0109
4 1, 259 5.69 0.58 1, 015 237 0 0.0136 0.0030 0.9717
5 754 5.68 0.58 587 160 0 0.0133 0.0030 0.9629

4.4.6.2 Driving Quality

The driving behavior under uncertainty remains close to the deterministic MPC
results. The mean speed for H ≥ 2 remains approximately 22.2 − 22.6 m/s, show-
ing that the stochastic extension does not significantly reduce traffic flow efficiency
despite the more conservative safety margins.
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However, several cost components increase under uncertainty. The front safety cost
increases substantially compared to the deterministic case, particularly at shorter
horizons. For example, at H = 2, the front safety cost rises from approximately
867 in the deterministic case to 1, 547 in the stochastic case. This increase directly
reflects the uncertainty-aware safety margins introduced into the collision and safe-
distance calculations. The higher front safety cost in the stochastic setting does not
necessarily indicate less safe behavior. In the stochastic formulation, uncertainty
margins are incorporated into the safe-distance computation to account for mea-
surement and prediction uncertainty. Consequently, the effective safety threshold
becomes more conservative than in the deterministic case. The controller therefore
accumulates larger safety penalties even while maintaining safer physical behavior
and avoiding collisions. In other words, the increase in Csafe,f primarily reflects
tighter robustness requirements rather than more aggressive driving.
The acceleration cost increases slightly across all horizons, indicating less smoother
and more cautious longitudinal control actions. The controller tends to brake ear-
lier and avoid aggressive acceleration because uncertainty in the future trajectories
reduces confidence in close-gap maneuvers.
Despite these increases, the overall qualitative trend with horizon length remains
unchanged. The best performance is again obtained at larger horizons, with the
total cost decreasing from 1, 769 at H = 2 to 754 at H = 5. The front safety cost
remains the dominant component throughout all stochastic MPC configurations.
The lane change, cooldown, and left-lane occupancy costs remain small and largely
unchanged relative to the deterministic implementation, indicating that the stochas-
tic extension primarily affects longitudinal safety behavior rather than lateral driving
strategy.

4.4.6.3 Computational Cost

The computation time per step is unchanged from the deterministic MPC implemen-
tation because the stochastic extension modifies only the cost evaluation and safety
thresholds, without changing the DP state-space structure itself. The controller
therefore retains real-time feasibility for all horizons.

Table 4.23: Stochastic pure MPC mean computation time per step (∆t = 0.2 s).

H Time (ms/step)
1 2.51
2 4.34
3 6.28
4 11.37
5 17.49
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4.4.7 Rollout (Hroll = 10, Stochastic Prediction and Mea-
surement Noise)

Similar to the deterministic case, the rollout-based controller is evaluated under
stochastic prediction and measurement uncertainty using rollout horizon Hroll = 10.
Results are reported in Tables 4.24 - 4.26.

Table 4.24: Stochastic rollout controller general results on 100 seeds with Hroll =
10.

H Collisions % Mean Speed Total cost per step
1 39% 22.64 65, 159
2 0% 22.52 1, 072
3 1% 22.58 3, 261
4 2% 22.58 3, 978
5 1% 22.62 2, 499

4.4.7.1 Safety

Under stochastic uncertainty, the rollout controller with Hroll = 10 maintains the
same qualitative behavior observed in the deterministic case. At H = 1, rollout sub-
stantially improves the short-horizon safety of pure MPC by reducing the collision
rate from 86% to 39%. This again confirms that the rollout estimate successfully
injects long-term awareness beyond the one-step DP horizon.
Compared to deterministic rollout, the stochastic version shows mixed behavior
depending on the horizon. At H = 2, the collision rate improves from 1% to 0%,
while at larger horizons the collision rate remains low but nonzero (1% − 2%).
This indicates that uncertainty-aware safety margins improve robustness in some
scenarios, but cannot completely eliminate rollout approximation errors.
Unlike deterministic MPC, rollout relies on a terminal approximation generated by
the base policy. Under stochastic uncertainty, this approximation becomes even
more sensitive to prediction mismatch because the rollout trajectory itself is gener-
ated from noisy vehicle states. Consequently, the DP optimization may still evaluate
some trajectories as safe even though the actual closed-loop interaction later pro-
duces unsafe situations.
The collision cost decomposition in Table 4.25 confirms this behavior. Although
collision frequency is low for H ≥ 2, nonzero front and rear collision costs re-
main present at several horizons. Compared to deterministic rollout, the stochas-
tic implementation generally exhibits higher front and rear safety costs due to the
uncertainty-aware tightening of safe-distance constraints discussed in Section 3.6.
Therefore, the larger safety penalties primarily reflect more conservative robustness
margins rather than more aggressive driving behavior.

4.4.7.2 Driving Quality

The stochastic rollout controller maintains mean speeds between 22.52 and 22.64 m/s,
very similar to both deterministic rollout and deterministic MPC. The speed track-

72



4. Implementation and Results

ing cost remains relatively small across all horizons, indicating that uncertainty
handling does not significantly reduce average cruising speed.

Table 4.25: Stochastic rollout mean cost per step on 100 seeds with Hroll = 10.

H Cspeed Caccel Csafe,f Csafe,b Ccol,f Ccol,b Clc Ccd Cleft

1 5.56 0.60 2, 054 1, 552 29, 963 31, 583 0.0364 0.0284 0.5256
2 6.17 0.65 973 92 0 0 0.0198 0.0052 0.4532
3 5.86 0.62 1, 833 82 669 669 0.0208 0.0048 0.4511
4 5.85 0.61 1, 182 104 1, 343 1, 343 0.0207 0.0070 0.4553
5 5.68 0.60 1, 052 102 669 669 0.0216 0.0070 0.4478

At H = 2, the stochastic rollout controller achieves its best overall performance
with zero collisions and total cost per step of 1, 072, which is approximately half
of the deterministic rollout cost at the same horizon (2, 078). However, similar to
the deterministic rollout case, increasing H beyond 2 does not consistently improve
performance. The total cost increases again for H = 3 and H = 4, mainly due to
larger front safety and collision costs.
This non-monotonic behavior again reflects the sensitivity of rollout methods to the
quality of the terminal approximation. As the exact DP horizon becomes larger,
optimization decisions increasingly depend on the rollout estimate generated by the
heuristic future policy. Since the rollout policy is based on simplified traffic behavior,
now with noisy measurements, errors in the predicted long-term interactions can bias
the optimization toward trajectories that later become inefficient or unsafe.
Compared to deterministic rollout, the stochastic implementation generally produces
larger acceleration and safety costs because the controller reacts more cautiously to
uncertainty. However, left-lane occupancy costs remain relatively low (Cleft ≈ 0.45),
indicating that the controller still prefers conservative lane-following behavior over
aggressive overtaking maneuvers. Lane-change and cooldown costs remain negligible
across all horizons.

4.4.7.3 Computational Cost

Table 4.26 reports the mean computation time per step. Runtime increases from
9.10 ms at H = 1 to 55.77 ms at H = 5, remaining below the available control
interval ∆t = 0.2 s for all cases.
Compared to deterministic rollout, the stochastic implementation shows only a small
increase in computation time. This slight runtime increase is likely caused by vari-
ations in cluster workload and shared computational resources during the separate
simulation runs rather than by the stochastic formulation itself. This interpreta-
tion is supported by the fact that the stochastic pure MPC controller produced
essentially identical runtimes to the deterministic MPC implementation.
The dominant computational cost still comes from the rollout simulations them-
selves rather than the stochastic safety calculations. However, the stochastic roll-
out controller remains significantly cheaper than the hybrid MPC - RL controller
because the rollout policy uses lightweight analytical traffic simulation instead of
repeated forward passes through the large DQN network. Nevertheless, runtime

73



4. Implementation and Results

grows rapidly with H because both the DP reachable state space and the number
of rollout evaluations increase combinatorially with horizon length.

Table 4.26: Stochastic rollout mean computation time per step with Hroll = 10
(∆t = 0.2 s).

H Time (ms/step)
1 9.10
2 15.05
3 25.59
4 41.51
5 55.77

4.4.8 Rollout (Hroll = 20, Stochastic Prediction and Mea-
surement Noise)

By doubling the rollout horizon to Hroll = 20, the effect of a longer heuristic rollout
prediction under stochastic prediction and measurement uncertainty is evaluated.
Compared to the Hroll = 10 configuration, the terminal rollout simulation extends
twice as far into the future, providing a longer approximate cost-to-go estimate.
Results are reported in Tables 4.27 - 4.29.

Table 4.27: Stochastic rollout controller general results on 100 seeds with Hroll =
20.

H Collisions % Mean Speed Total cost per step
1 43% 22.70 65, 150
2 3% 22.54 5, 851
3 4% 22.65 6, 395
4 4% 22.62 5, 129
5 2% 22.65 2, 390

Table 4.28: Stochastic rollout mean cost per step on 100 seeds with Hroll = 20.

H Cspeed Caccel Csafe,f Csafe,b Ccol,f Ccol,b Clc Ccd Cleft

1 5.31 0.62 2, 753 1, 948 28, 631 31, 812 0.0442 0.0396 0.6592
2 6.05 0.63 1, 219 574 2, 025 2, 025 0.0242 0.0124 0.4769
3 5.51 0.60 1, 131 521 2, 706 2, 030 0.0234 0.0091 0.4495
4 5.65 0.60 1, 091 648 2, 030 1, 354 0.0224 0.0085 0.4636
5 5.53 0.58 592 443 1, 348 0 0.0239 0.0097 0.4646
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Table 4.29: Stochastic rollout mean computation time per step with Hroll = 20
(∆t = 0.2 s).

H Time (ms/step)
1 12.82
2 23.11
3 37.12
4 59.27
5 85.84

4.4.8.1 Safety

The stochastic rollout controller with Hroll = 20 shows the same overall trend ob-
served in the deterministic long-rollout configuration. The extension in the rollout
horizon does not improve safety performance and, in several cases, degrades it rela-
tive to Hroll = 10.
At H = 1, the collision rate increases to 43%, slightly worse than the stochastic roll-
out controller with Hroll = 10 (39%). Although the long rollout provides additional
future information, the quality of the terminal approximation deteriorates over long
horizons because the rollout trajectory increasingly diverges from the actual future
traffic evolution, especially under noisy observations and uncertain predictions.
For H ≥ 2, the collision rate decreases substantially compared to the deterministic
Hroll = 20 implementation, where collision rates ranged from 7% − 15%. Under
stochastic uncertainty, the controller achieves collision rates between 2%−4%, indi-
cating that the tightened safety constraints improve robustness against unsafe roll-
out predictions. Nevertheless, collisions are still not eliminated completely, unlike
stochastic pure MPC at H ≥ 2.
The collision cost decomposition in Table 4.28 further confirms this behavior. Both
front and rear collision costs remain nonzero across most horizons, indicating that
the rollout approximation occasionally predicts lane changes or accelerations that
later become unsafe during closed-loop interaction. Rear collision costs are partic-
ularly more noticeable than in the Hroll = 10 case, suggesting that the long rollout
horizon sometimes encourages overly optimistic merge decisions under uncertain
traffic evolution.
Compared to stochastic rollout with Hroll = 10, the safety costs are generally larger
at shorter horizons, especially at H = 1, where both front and rear safety penalties
become very large. This reflects the compounded effect of uncertainty-aware safety
margins and long-horizon rollout prediction mismatch.

4.4.8.2 Driving Quality

The stochastic rollout controller with Hroll = 20 maintains mean speeds between
22.54 and 22.70 m/s, remaining very similar to all previous MPC and rollout config-
urations. The speed-tracking cost also remains relatively small across all horizons,
confirming that the controller continues to prioritize maintaining traffic flow close
to the reference velocity.
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However, similarly to the deterministic Hroll = 20 case, extending the rollout horizon
does not improve overall driving quality. The total cost per step remains significantly
larger than both stochastic pure MPC and stochastic rollout with Hroll = 10. Even
the best-performing configuration, H = 5, still produces a total cost of approxi-
mately 2, 390 per step, substantially higher than stochastic pure MPC at the same
horizon (754).
The dominant contributors remain the safety and collision costs. At shorter horizons,
both front and rear collision costs are large, indicating frequent unsafe interactions
generated by inaccurate long horizon rollout predictions. Although the total cost
gradually decreases as H increases, the improvement is non-monotonic and still
significantly worse than shorter rollout horizons.
Compared to deterministic rollout with Hroll = 20, the stochastic implementation
generally produces lower collision rates and smaller collision costs for H ≥ 2. This
indicates that the uncertainty-aware safety tightening partially compensates for
the rollout prediction inaccuracies by enforcing more conservative spacing behav-
ior. However, this robustness improvement comes at the expense of increased rear
safety costs and slightly more cautious longitudinal control.
The acceleration cost remains relatively small but consistently larger than deter-
ministic pure MPC, reflecting more cautious throttle and braking behavior under
uncertainty. Left-lane occupancy costs remain low (Cleft ≈ 0.45− 0.66), again indi-
cating that the rollout controller tends to favor conservative lane-following behavior
rather than aggressive overtaking maneuvers. Lane-change and cooldown costs re-
main negligible across all horizons.
Overall, the results again demonstrate that increasing rollout horizon length is only
beneficial when the rollout policy accurately predicts long-term traffic evolution. Un-
der stochastic uncertainty, longer rollout simulations amplify prediction mismatch
and accumulate larger approximation errors, limiting the effectiveness of the termi-
nal estimate.

4.4.8.3 Computational Cost

Table 4.29 reports the mean computation time per step. Runtime increases from
12.82 ms at H = 1 to 85.84 ms at H = 5, remaining below the available control
interval ∆t = 0.2 s for all configurations.
Compared to the stochastic rollout controller with Hroll = 10, the longer rollout
horizon substantially increases runtime because each terminal node requires ap-
proximately twice as many forward rollout simulation steps. However, compared to
the deterministic Hroll = 20 implementation, the stochastic version exhibits slightly
lower runtime at larger horizons. Since the stochastic extension itself does not sig-
nificantly alter the DP state-space structure or rollout simulation complexity, these
small timing differences are most likely caused by fluctuations in shared cluster
workload and resource allocation during separate evaluation runs rather than by
the controller formulation itself.
Despite the increased rollout horizon, the stochastic rollout controller remains sub-
stantially cheaper than the hybrid MPC - RL controller because the terminal ap-
proximation still relies on lightweight analytical traffic simulation instead of repeated
neural-network evaluations. Nevertheless, the computational cost grows rapidly with
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increasing H due to the combined effect of DP state-space expansion and repeated
long-horizon rollout evaluations at terminal nodes.

4.4.9 Hybrid MPC - RL under Stochastic Prediction and
Measurement Noise

This section evaluates the hybrid MPC - RL controller under stochastic prediction
and measurement uncertainty. Similar to the stochastic MPC formulation, the con-
troller operates using noisy observations and uncertainty-aware safety constraints.
However, the terminal cost approximation is provided by the learned DQN value
function instead of a handcrafted rollout policy. Results are reported in Tables 4.30
- 4.32.

4.4.9.1 Safety

The stochastic hybrid MPC - RL controller maintains excellent safety performance
across nearly all horizons. Zero collisions are achieved for H = 1 through H = 4,
while only a single collision occurs at H = 5. Compared to the deterministic hybrid
implementation, the stochastic version slightly improves the safety performance at
intermediate horizons by eliminating the isolated collision previously observed at
H = 3.

Table 4.30: Stochastic hybrid MPC - RL evaluation results on 100 seeds.

H Collisions % Mean Speed
1 0% 21.10
2 0% 21.06
3 0% 21.14
4 0% 21.17
5 1% 21.15

These results indicate that the uncertainty-aware safety margins integrate effectively
with the learned terminal value function. Similar to deterministic hybrid MPC - RL,
the learned DQN approximation successfully provides long-term safety awareness
beyond the finite DP horizon. Even at H = 1, where deterministic pure MPC failed
catastrophically, the hybrid controller remains fully collision-free.
Unlike rollout-based methods, the hybrid controller does not suffer significant degra-
dation as the rollout horizon increases because the terminal estimate is generated
directly from the learned value function rather than long heuristic forward simu-
lations. However, a small collision rate reappears at H = 5, indicating that the
neural-network value approximation remains imperfect under certain long-horizon
situations, especially when uncertainty further perturbs the observed traffic state.
The rear safety costs remain relatively small across all horizons and no rear collisions
occur, confirming that the uncertainty-aware collision filtering logic continues to
successfully reject unsafe lane-change actions.
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4.4.9.2 Driving Quality

The stochastic hybrid MPC - RL controller maintains a driving strategy very similar
to the deterministic hybrid implementation. The mean speed remains approximately
21.1 m/s across all horizons, consistently below the deterministic and stochastic pure
MPC controllers. This again reflects the conservative driving behavior encouraged
by the learned RL value function.
The total cost achieves its best value at H = 3, where the cost per step decreases
to only 329, lower than both deterministic hybrid MPC - RL at the same horizon
(1, 015) and deterministic pure MPC H = 5 (448). The dominant contribution
remains the front safety cost, but its magnitude is substantially smaller than rollout-
based controllers and generally competitive with stochastic MPC.
Compared to deterministic hybrid MPC - RL, the stochastic implementation pro-
duces noticeably larger front safety costs at several horizons, especially for H = 1,
H = 4, and H = 5. Similar to stochastic MPC, this increase is mainly caused by the
tightened uncertainty-aware safety margins rather than more aggressive behavior.
The controller reacts more conservatively to uncertain vehicle states and predicted
trajectories, increasing the effective safe-distance penalties.

Table 4.31: Stochastic hybrid MPC - RL mean cost per step on 100 seeds. Ccol,b

is 0 for all cases.

H Total Cspeed Caccel Csafe,f Csafe,b Ccol,f Clc Ccd Cleft

1 1, 475 15.25 2.55 1, 400.87 53.47 0 0.0229 0.0184 3.0524
2 585 15.53 1.97 511.11 52.62 0 0.0205 0.0126 3.4646
3 329 14.90 1.80 289.92 19.09 0 0.0194 0.0112 3.4633
4 979 14.70 1.73 864.63 94.20 0 0.0218 0.0146 3.3872
5 1, 872 14.85 1.67 1, 009.47 174.86 668.11 0.0213 0.0114 3.2741

The speed-tracking cost remains relatively high (Cspeed ≈ 15), significantly larger
than pure MPC. This confirms that the hybrid controller still prioritizes conservative
spacing and long-term safety over aggressive speed tracking. Similarly, the left-lane
occupancy cost remains substantially larger than for MPC or rollout approaches,
indicating that the RL value function continues to favor extended occupancy of
overtaking lanes.
Unlike stochastic rollout, the stochastic hybrid controller does not exhibit catas-
trophic instability as the horizon increases. Although the total cost increases again
at H = 4 and H = 5, the degradation remains moderate and substantially smaller
than rollout-based methods.

4.4.9.3 Computational Cost

Table 4.32 reports the mean computation time per step. Similar to the determin-
istic implementation, the hybrid MPC - RL controller is the most computationally
expensive controller due to the repeated neural-network terminal value evaluations
required for every reachable DP terminal state.
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The runtime increases from 29.05 ms at H = 1 to 175.97 ms at H = 5. Com-
pared to deterministic hybrid MPC - RL, the stochastic implementation produces
slightly different runtimes, but the overall computational trend remains unchanged.
These small timing differences are likely caused primarily by fluctuations in shared
cluster workload during the separate simulation runs rather than by the stochastic
formulation itself.
Unlike the deterministic implementation, the stochastic hybrid controller at H =
5 now remains slightly below the available control interval ∆t = 0.2 s, requiring
approximately 88% of the real-time computation budget. However, the controller
still operates very close to the real-time limit at large horizons.
The dominant computational cost remains the repeated forward passes through the
[256, 256] DQN network combined with the exponentially growing DP reachable
state space. Nevertheless, for moderate horizons (H ≤ 4), the stochastic hybrid
controller remains computationally feasible while providing substantially stronger
safety performance than rollout-based approaches.

Table 4.32: Stochastic hybrid MPC - RL mean computation time per step (∆t =
0.2 s).

H Time (ms/step)
1 29.05
2 52.84
3 91.63
4 161.35
5 175.97

4.5 Final Controller Comparison

4.5.1 Deterministic Results
Table 4.33 summarizes all deterministic controller variants across prediction horizons
H ∈ {1, . . . , 5}.
Three findings stand out. First, the hybrid MPC-RL controller at H = 2 achieves
the lowest cost per step of all evaluated configurations (257), outperforming pure
MPC H = 5 (448) and pure RL (551) while producing zero collisions. This is
the central result of the thesis, a short DP horizon of only two steps, combined
with the RL terminal value function, surpasses the best pure MPC configuration
at more that two times the horizon length. Second, the rollout-based controllers
consistently fail to match either pure MPC or hybrid MPC-RL in driving quality,
with cost per step 3˘28 times higher than the corresponding pure MPC at the same
horizon. Increasing the rollout horizon from Hroll = 10 to Hroll = 20 degrades
rather than improves performance for most of lookahead horizons, demonstrating
that longer heuristic rollouts amplify prediction error rather than improving the
terminal estimate. Third, pure MPC at H = 1 produces an88% collision rate due
to insufficient lookahead, while the hybrid controller completely resolves this failure
mode at the same horizon, confirming that the RL terminal cost compensates for the
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Table 4.33: Summary of all deterministic controller results on 100 seeds.

Controller H Hroll Coll. % Cost/step Time (ms)
Pure MPC 1 - 88% 241,871 2.51
Pure MPC 2 - 0% 1,084 4.34
Pure MPC 3 - 0% 647 6.28
Pure MPC 4 - 1% 1,590 11.37
Pure MPC 5 - 0% 448 17.49
Rollout 1 10 34% 53,562 7.78
Rollout 2 10 1% 2,078 14.42
Rollout 3 10 2% 4,079 21.75
Rollout 4 10 2% 5,203 37.43
Rollout 5 10 3% 5,072 75.14
Rollout 1 20 32% 49,333 11.37
Rollout 2 20 13% 12,735 23.14
Rollout 3 20 10% 8,946 33.10
Rollout 4 20 15% 12,363 59.75
Rollout 5 20 7% 8,942 122.00
Hybrid MPC-RL 1 - 0% 883 17.12
Hybrid MPC-RL 2 - 0% 257 49.77
Hybrid MPC-RL 3 - 1% 1,015 113.74
Hybrid MPC-RL 4 - 0% 300 171.50
Hybrid MPC-RL 5 - 2% 2,178 242.26
Pure RL - - 0% 551 0.32

lack of explicit trajectory optimization. Also, adding only one step to the prediction
horizon for pure MPC, drops the 88% collision rate for H = 1 to zero for H = 2,
indicating the effect of having more perspective of future, even only for 0.2 seconds,
significantly improves the performance.

4.5.2 Stochastic Results

Table 4.34 summarizes the stochastic variants.

The stochastic hybrid MPC-RL controller at H = 3 achieves the best overall result
in the stochastic setting, with zero collisions and a cost per step of 329, lower than
any deterministic non-hybrid controller and substantially better than all stochastic
configurations. The stochastic pure MPC controller at H = 5 achieves zero collisions
(improving over the deterministic case where H = 4 had 1% collision), confirming
that the chance-constrained safety tightening eliminates edge cases at no additional
computation cost. The stochastic rollout controllers follow the same qualitative
pattern as their deterministic counterparts. Hroll = 10 outperforms Hroll = 20 at all
horizons, and cost is substantially higher than MPC or hybrid approaches.
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Table 4.34: Summary of all stochastic controller results on 100 seeds.

Controller H Hroll Coll. % Cost/step Time (ms)
S-Pure MPC 1 - 86% 234,519 2.51
S-Pure MPC 2 - 0% 1,769 4.34
S-Pure MPC 3 - 0% 830 6.28
S-Pure MPC 4 - 0% 1,259 11.37
S-Pure MPC 5 - 0% 754 17.49
S-Rollout 1 10 39% 65,159 9.10
S-Rollout 2 10 0% 1,072 15.05
S-Rollout 3 10 1% 3,261 25.59
S-Rollout 4 10 2% 3,978 41.51
S-Rollout 5 10 1% 2,499 55.77
S-Rollout 1 20 43% 65,150 12.82
S-Rollout 2 20 3% 5,851 23.11
S-Rollout 3 20 4% 6,395 37.12
S-Rollout 4 20 4% 5,129 59.27
S-Rollout 5 20 2% 2,390 85.84
S-Hybrid MPC-RL 1 - 0% 1,475 29.05
S-Hybrid MPC-RL 2 - 0% 585 52.84
S-Hybrid MPC-RL 3 - 0% 329 91.63
S-Hybrid MPC-RL 4 - 0% 979 161.35
S-Hybrid MPC-RL 5 - 1% 1,872 175.97

4.5.3 Deterministic versus Stochastic
Table 4.35 compares representative deterministic and stochastic controller configu-
rations. The selected cases correspond to the best-performing pure MPC, rollout,
and hybrid MPC-RL controllers from the previous sections.

Table 4.35: Comparison between deterministic and stochastic controller variants.

Controller H Det. Coll. Stoch. Coll. Det. Cost Stoch. Cost
Pure MPC 2 0% 0% 1,084 1,769
Pure MPC 4 1% 0% 1,590 1,259
Pure MPC 5 0% 0% 448 754
Rollout (Hroll = 10) 2 1% 0% 2,078 1,072
Rollout (Hroll = 10) 5 3% 1% 5,072 2,499
Hybrid MPC-RL 2 0% 0% 257 585
Hybrid MPC-RL 3 1% 0% 1,015 329

The introduction of measurement noise and chance-constrained safety has three ef-
fects across controller variants. For pure MPC, the stochastic extension increases
cost by 30˘68% relative to deterministic MPC (e.g. H = 5: 448 vs 754) due to tight-
ened safety margins, but does not reduce safety. In fact it eliminates the collision
at H = 4 observed in the deterministic case.
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For the rollout controllers, the stochastic extension at Hroll = 10 reduces cost at
H = 2 by 48% (2,078 vs 1,072) and improves collision rates, because the tightened
margins prevent the rollout from selecting overconfident lane-change trajectories.
For the hybrid controller, the effect is mixed. At H = 2, cost increases by 128%
(257 vs 585) because the RL terminal value was trained in the deterministic setting
and does not account for the tightened safety buffers, while at H = 3 cost decreases
by 68% (1,015 vs 329) and the collision is eliminated. The stochastic hybrid at
H = 3 with cost 329 and zero collisions represents the overall best result across
both deterministic and stochastic settings when safety robustness is required. The
computational cost remains within the 200 ms real-time budget for all stochastic
configurations up to H = 4.

82



5
Conclusion

This thesis developed, implemented, and evaluated a hybrid Model Predictive Con-
trol and Reinforcement Learning (MPC-RL) framework for autonomous truck mo-
tion planning in highway driving scenarios. The objective was to combine the safety,
interpretability, and constraint-handling capabilities of MPC with the long-horizon
decision-making capabilities of RL. To achieve this, a Deep Q-Network (DQN) value
function was incorporated into the MPC formulation as a terminal cost approxima-
tion, allowing future consequences beyond the optimization horizon to influence the
controller’s decisions. The framework was evaluated in a SUMO-based highway en-
vironment under both deterministic and stochastic conditions and compared against
pure MPC, rollout-based controllers, and a pure RL baseline.
The first research question concerned the design of RL value functions that remain
compatible with MPC optimization. The results demonstrated that this can be
achieved by aligning the RL reward function with the MPC stage cost and using a
consistent discount factor. This allowed the learned Q-values to be directly converted
into terminal cost estimates without additional scaling or tuning. As a result, the RL
component provided long-horizon guidance while remaining fully compatible with
the finite-horizon dynamic programming formulation.
The second research question investigated how the proposed hybrid framework com-
pares with pure MPC and pure RL approaches. The results showed that the hybrid
controller successfully combined the strengths of both methods. Among all de-
terministic configurations, the hybrid MPC-RL controller with prediction horizon
H = 2 achieved the lowest cost per step (257) while maintaining zero collisions.
This performance exceeded that of both the best pure MPC configuration (H = 5,
cost 448) and the pure RL controller (cost 551). Furthermore, the hybrid controller
completely eliminated the 88% collision rate observed for pure MPC at H = 1,
demonstrating that the RL-based terminal value function effectively compensates
for limited lookahead. Compared to pure RL, the hybrid controller produced more
stable and interpretable behavior while retaining explicit safety constraints.
The third research question addressed the effect of uncertainty and whether it can
be mitigated through stochastic extensions. Measurement uncertainty was modeled
through additive Gaussian noise, while chance-constrained safety margins were in-
corporated into the MPC formulation. The stochastic hybrid controller achieved its
best performance at H = 3, obtaining zero collisions and a cost per step of 329, out-
performing all other stochastic configurations. The results showed that stochastic
safety tightening successfully eliminated several rare collision cases observed in deter-
ministic experiments while preserving real-time feasibility. Although the stochastic
formulation generally increased conservatism for pure MPC, it improved robustness
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and consistency for the hybrid controller, indicating that uncertainty-aware MPC
and RL-based terminal value estimation complement each other effectively.
The final research question concerned the relationship between prediction horizon,
discount factor, and computational efficiency. The experiments revealed that in-
creasing the prediction horizon does not necessarily improve performance. While
longer horizons initially provide additional foresight, the associated computational
cost grows rapidly and the performance gains eventually diminish. The best deter-
ministic trade-off was achieved at H = 2, while the best stochastic performance was
achieved at H = 3. These results demonstrate that the RL terminal value function
can successfully replace a significant portion of the explicit prediction horizon. This
can be interpreted as meaning that inaccuracy in prediction due to position error,
even negligible, or not considering the lane changes for surrounding vehicles can
have a negative impact on the performance of hybrid model. The discount factor
also proved critical, as it determines the balance between immediate and future
consequences.
The rollout-based controllers provided an important point of comparison. Although
rollout methods are theoretically capable of extending the planning horizon, the re-
sults showed that increasing the rollout horizon often degraded performance rather
than improving it. Longer rollout horizons accumulated prediction errors and un-
certainty, specially due to inaccurate heuristic policy. In both deterministic and
stochastic settings, rollout controllers consistently produced higher costs than ei-
ther pure MPC or hybrid MPC-RL. These findings suggest that learned terminal
value functions provide a more effective mechanism for incorporating long-term in-
formation than heuristic rollout approximations.
Beyond the quantitative performance improvements, this work demonstrates the po-
tential of combining learning-based and model-based control approaches for safety-
critical autonomous systems. Rather than replacing MPC with RL, the results
show that a carefully designed hybrid architecture can exploit the advantages of
both methods. MPC provides stability, transparency, and explicit constraint han-
dling, while RL contributes long-term strategic information that is difficult to obtain
through finite-horizon optimization alone. The introduction of the ghost-vehicle rep-
resentation further improved the consistency of vehicle tracking during lane-change
maneuvers and contributed to more reliable safety assessment throughout the plan-
ning process. The main limitation of the hybrid controller is computational cost.
Although H = 2 and H = 3 achieved excellent performance while satisfying real-
time requirements, the computation time at H = 5 exceeded the 200 ms control
budget, limiting the practical use of longer horizons.
Several directions remain for future work. The current experiments were conducted
on a straight highway scenario with simplified vehicle dynamics and limited traffic
complexity. Future studies should investigate more realistic road geometries, merg-
ing scenarios, intersections, and denser traffic environments. Extending the vehicle
model to more complicated models, such as bicycle model, to include lateral dy-
namics and steering control would improve realism and broaden the applicability
of the framework. Another promising direction is the training of the RL compo-
nent directly under stochastic observations, allowing uncertainty to be incorporated
into the learned value function itself rather than only through the MPC safety con-
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straints. Another valuable improvement would be the extension of the state repre-
sentation to explicitly include surrounding vehicle information and traffic interaction
features. The investigation of scalable optimization and parallelization techniques
for RL model to improve the computation time would be another direction for fu-
ture research. Future work should also explore adaptive horizon selection, more
advanced reinforcement learning algorithms, multi-agent traffic interaction models,
and hardware-in-the-loop validation on physical vehicle platforms. Such develop-
ments would provide further insight into the scalability and practical deployment of
hybrid MPC-RL architectures for autonomous driving applications.
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A
Appendix 1

A.1 Trajectory Prediction Error Tables

Tables A.1 through A.5 report the prediction errors for Method 1 (Reactive Multi-
Agent Projection) at each horizon step h = 1, . . . , 5.

Table A.1: Method 1 prediction error at h = 1 step (0.2 s ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.001 0.009 0.015 0.105
Front-left 0.000 0.010 0.037 0.143
Front-right 0.000 0.008 0.037 0.135
Back-left 0.001 0.015 0.151 0.238
Back-right 0.001 0.013 0.083 0.189

Table A.2: Method 1 prediction error at h = 2 steps (0.4 s ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front 0.002 0.038 0.033 0.227
Front-left 0.008 0.046 0.085 0.290
Front-right 0.007 0.040 0.071 0.265
Back-left 0.023 0.059 0.246 0.433
Back-right 0.016 0.058 0.180 0.396

Table A.3: Method 1 prediction error at h = 3 steps (0.6 s ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front 0.009 0.084 0.052 0.328
Front-left 0.026 0.106 0.124 0.431
Front-right 0.019 0.091 0.089 0.360
Back-left 0.073 0.144 0.365 0.642
Back-right 0.047 0.136 0.244 0.570
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Table A.4: Method 1 prediction error at h = 4 steps (0.8 s ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front 0.020 0.149 0.068 0.417
Front-left 0.052 0.190 0.159 0.548
Front-right 0.034 0.159 0.107 0.451
Back-left 0.147 0.273 0.478 0.844
Back-right 0.093 0.240 0.305 0.721

Table A.5: Method 1 prediction error at h = 5 steps (1.0 s ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front 0.031 0.222 0.074 0.471
Front-left 0.079 0.295 0.181 0.652
Front-right 0.059 0.262 0.133 0.563
Back-left 0.243 0.436 0.581 1.033
Back-right 0.167 0.393 0.401 0.908

Tables A.6 through A.10 report the prediction errors for Method 2 (Constant Ac-
celeration Extrapolation) at each horizon step h = 1, . . . , 5.

Table A.6: Method 2 prediction error at h = 1 step (0.2 s ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.001 0.009 0.000 0.028
Front-left 0.000 0.009 0.000 0.027
Front-right 0.000 0.009 0.000 0.026
Back-left 0.001 0.015 0.000 0.039
Back-right 0.000 0.011 0.000 0.033

Table A.7: Method 2 prediction error at h = 2 steps (0.4 s ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.002 0.027 0.000 0.078
Front-left 0.000 0.031 0.000 0.086
Front-right 0.000 0.023 0.000 0.067
Back-left 0.000 0.034 0.001 0.089
Back-right −0.001 0.034 0.001 0.091
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Table A.8: Method 2 prediction error at h = 3 steps (0.6 s ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.002 0.041 0.000 0.114
Front-left 0.000 0.045 0.000 0.122
Front-right 0.000 0.040 0.000 0.108
Back-left 0.001 0.055 0.002 0.147
Back-right −0.002 0.058 0.001 0.159

Table A.9: Method 2 prediction error at h = 4 steps (0.8 s ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.002 0.064 0.000 0.160
Front-left 0.000 0.074 0.000 0.184
Front-right 0.001 0.065 0.000 0.162
Back-left 0.003 0.086 0.004 0.210
Back-right −0.001 0.086 0.003 0.212

Table A.10: Method 2 prediction error at h = 5 steps (1.0 s ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.002 0.089 0.000 0.194
Front-left 0.000 0.112 0.001 0.245
Front-right 0.001 0.096 0.001 0.210
Back-left 0.005 0.133 0.006 0.290
Back-right 0.000 0.131 0.005 0.286

Tables A.11 through A.15 report the final prediction and measurement error statis-
tics for each prediction horizon step h = 1, . . . , 5.

Table A.11: Final prediction and measurement error statistics at h = 1 step (0.2 s
ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.002 0.509 −0.002 0.500
Front-left 0.003 0.511 0.000 0.503
Front-right 0.003 0.512 −0.002 0.505
Back-left −0.001 0.510 −0.001 0.500
Back-right 0.000 0.510 0.007 0.499
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Table A.12: Final prediction and measurement error statistics at h = 2 steps (0.4 s
ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.001 0.538 −0.001 0.515
Front-left 0.004 0.539 0.000 0.513
Front-right 0.004 0.540 −0.002 0.511
Back-left −0.002 0.540 0.001 0.514
Back-right −0.004 0.542 −0.001 0.513

Table A.13: Final prediction and measurement error statistics at h = 3 steps (0.6 s
ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.004 0.585 0.000 0.524
Front-left 0.006 0.584 0.004 0.527
Front-right 0.009 0.582 0.005 0.524
Back-left −0.003 0.586 0.003 0.535
Back-right 0.001 0.584 0.006 0.529

Table A.14: Final prediction and measurement error statistics at h = 4 steps (0.8 s
ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.005 0.645 −0.001 0.546
Front-left 0.001 0.646 −0.002 0.553
Front-right 0.004 0.646 0.003 0.543
Back-left 0.002 0.649 0.007 0.560
Back-right −0.005 0.644 0.008 0.556

Table A.15: Final prediction and measurement error statistics at h = 5 steps (1.0 s
ahead).

Role ēs (m) σes (m) ēv (m/s) σev (m/s)
Front −0.002 0.719 0.002 0.570
Front-left 0.006 0.719 0.000 0.583
Front-right 0.008 0.722 0.001 0.572
Back-left −0.002 0.722 0.006 0.599
Back-right 0.001 0.717 0.009 0.578
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A.2 Hyperparameters

Table A.16 represents the hyperparameters of system dynamics and cost weights
implemented in this thesis.

Table A.16: System Dynamics and Cost Hyperparameters.

Symbol Description Value
H Pure MPC Prediction Horizon 5 steps
Hroll Rollout Horizon 20 steps
∆t Sampling Time Step 0.2 s
SST EP Longitudinal Position Resolution (1 ∆t) 0.2 m
VST EP Velocity Resolution (1 ∆t) 0.2 m/s
TT D Total Cycle Duration 5.0 s
TLC Lane Change Duration 2.0 s
TCD Lane Change Cool Down Duration (TT D − TLC) 3.0 s
Nsteps Lane Change Counter Threshold (TLC/∆t) 10 steps
Csteps Total Counter Duration (TT D/∆t) 25 steps
Cstart Transition/Cooldown Threshold (Csteps −Nsteps) 15 steps
Nlanes Total Number of Lanes 3
vmin, vmax Velocity Limits 0.0, 33.33 m/s
amin, amax Acceleration Limits -2.0, 2.0 m/s2

vref Reference Velocity 25.0 m/s
wv Speed Tracking Weight 1.0
wa Acceleration Weight 1.0
wfront, wback Safety Penalty Weights 1000.0
wLL Left Lane Occupancy Weight 2.0
PLC Lane Change Execution Penalty 10.0
PCD Lane Change Cooldown Penalty 30.0
Pcol Collision Penalty 108

D0 Static Safe Distance Buffer 5.0 m
Thead Desired Time Headway 2.0 s
dsensor Sensor Range For Data Collecting 150 m
abreak Follower maximum deceleration (collision check) 2.0 m/s2

γ Discount factor (stage cost weighting) 0.98
τ Krauss reaction time 1 s
σs Standard deviations of position measurement 0.5

noise
σv Standard deviations of velocity measurement 0.5

noise
σa Standard deviations of acceleration measurement 0.2

noise

Table A.17 represents the training hyperparameters for RL.
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Table A.17: DQN Training Hyperparameters.

Parameter Description Value
γ Discount factor 0.98
|D| Replay buffer size 400, 000
B Mini-batch size 64
αlr Learning rate 10−4

τtarget Target network update interval 10, 000 steps
ftrain Training frequency every 4 env steps
ϵstart Initial exploration rate 1.0
ϵend Final exploration rate 0.01
fexplore Exploration fraction of total steps 0.15
Nstart Learning starts 5, 000 steps
Ntotal Total training steps 40, 000, 000
Network Hidden layers [256, 256], ReLU
rscale Reward scaling factor 10−5

VI
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