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1 Introduction
The development of self-driving vehicles can bring significant bene-
fits to transportation. These vehicles can improve safety by reduc-
ing accidents caused by human error, improve efficiency by com-
municating with each other and adapting to changing road con-
ditions, and improve accessibility for the elderly and disabled [1].
Furthermore, self-driving cars can reduce environmental effects by
optimizing routes and driving habits. Overall, the development of
self-driving vehicles can positively impact society [2].

Developing highly automated vehicle functions relies heavily on
artificial intelligence and machine learning [3]. These tools enable
the vehicle to improve its performance by learning from data. Ar-
tificial intelligence enables vehicles to adapt to different traffic situ-
ations and cope with environmental uncertainty, and it is also nec-
essary for systems to provide a safe and comfortable journey [4].
However, it is essential to note that several challenges must be over-
come before the broad deployment of full self-driving.

Vehicle motion planning is the process of determining the safe
and efficient route and speed profile to follow. The motion planning
process typically consists of several steps [5]. First, the vehicle’s en-
vironment, including the location of obstacles and other vehicles, is
described and represented as some kind of static or dynamic map.
This can be generated using sensor data, such as lidar or radar, clas-
sical maps, or various V2X communications. The vehicle then needs
to determine a global route through its environment that avoids
static obstacles while considering constraints such as the vehicle’s
kinematic limitations and the road’s geometry. For this task, there
are several different route planning algorithms, such as Rapidly Ex-
ploring Random Trees (RRT), Probabilistic Roadmap (PRM), or
variants of the A* [6] algorithm. In addition, the vehicle must gen-
erate and periodically update a local route that follows the global
reference route, considering instantaneous constraints, vehicle dy-
namics, and dynamically moving objects. The car must follow the
local path using control algorithms, thus determining the steering,
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acceleration, and braking commands.
These steps need to be done in real-time, considering uncertain-

ties and the constantly changing environment of the vehicle. Several
motion planning algorithms have been developed for vehicles. In one
classification, there are geometric, sampling, and optimization-based
algorithms. Each algorithm has its strengths and weaknesses, and
the choice of method depends on the application’s specific require-
ments [5, 7].

Another approach is broadly classifying motion planning algo-
rithms into model-based and model-free categories. Model-based
algorithms use a mathematical model of the vehicle dynamics and
the environment to plan the trajectory. Some model-based kino-
dynamic designers consider the vehicle’s physical constraints, such
as maximum acceleration and turning radius, to design a physically
feasible trajectory. Other algorithms use model-based optimization
techniques [8] that minimize a cost function to find the best trajec-
tory, which may include factors such as time, energy consumption,
or risk.

In contrast, model-free algorithms do not use a mathematical
model of the vehicle or the environment. Instead, these algorithms
learn from experience and generate trajectories based on previous ex-
amples. One model-free approach is Imitation Learning (IL), which
can learn from the behavior of human drivers and adapt to traffic
situations [9]. Another popular model-free approach is Reinforce-
ment Learning (RL), which designs a trajectory by maximizing the
reward value. The agent learns from experience and improves its
performance over time by adapting to the environment.

Reinforcement learning is part of the machine learning toolkit,
which is particularly suited to solving problems related to decision-
making and control. An agent learns to act in an environment to
maximize a reward value. This makes it suitable, for example, for
solving tasks related to self-driving cars, where the goal is to control
the car’s movements for safe and efficient navigation. Reinforcement
learning has been applied in self-driving cars in various ways, in
motion planning, decision making, or even low-level control [10].
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One of the biggest challenges in reinforcement learning is the
so-called sim-to-real problem [11], i.e., translating the agent trained
from the simulation into reality, which does not behave correctly
due to differences between the modeled environment and reality.
Agents are often trained in a simulation environment because it is
safe, fast, and cheaper than reality training. Overall, the sim-to-
real problem is a challenging and active research area requiring a
combination of machine learning, robotics, and control theory. The
results presented in this thesis also seek an answer to this problem.
Therefore, testing the algorithms developed on a real vehicle was
important to demonstrate their effectiveness.

This thesis deals with motion planning techniques for highly au-
tomated vehicles using reinforcement learning as a machine learning
approach.

Reinforcement learning is an exciting and dynamically evolving
area of machine learning. It has proven effective in achieving better
than ever and even better than human performance in a wide range
of scientific and application areas[12, 13]. It is based on a Markov
decision process, which assumes an entirely discrete space of states,
events, and actions in its original form. Accordingly, the initial
algorithms of RL are defined in this form, which makes them difficult
to apply to many vehicle control problems. The renaissance of this
approach, like many other machine learning algorithms, occurred in
the early 2010s, along with the revival of artificial neural networks.
This change also opened the way for creating algorithms that already
provided the user with a continuous state space and decision options.

The four theses presented in this dissertation illustrate the path
that led to the creation of a hierarchical agent for complex dynamic
obstacle avoidance, starting from an introductory feasibility study.

The first thesis performs a feasibility analysis of an end-to-end
tracking task. A simulation environment is implemented for effi-
cient and fast learning, including a kinematic vehicle model, ideal
sensor models detecting angular and distance errors, and a random
trajectory generator of different difficulties. A reward function was
designed to calculate the reward obtained by passing through equally
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spaced gates. I also developed a method for the sim-to-real prob-
lem, which allows testing an agent programmed in Python using
industrial simulation software and an actual vehicle. A virtual CAN
network implements an interface between the simulation software,
the physical vehicle, and the Python environment.

Although the end-to-end approach seems correct, it does not pro-
vide information on the long-term performance of maneuvers and is,
therefore, not very useful in vehicle control tasks. Accordingly, in the
second thesis, I aimed to examine how to implement longer maneu-
ver planning methods than single-step control using reinforcement
learning in a way that provides some feasibility metrics. To do this,
I defined the continuous reinforcement learning task as given initial
and final states of a vehicle’s trajectory, between which the agent
must determine the parameters of a continuous curve that will be
the path to follow. To learn this, the agent using the self-learning
method, a controller must drive the vehicle along this planned path
in simulation, during which the reward function can be evaluated
and also teaches the agent to estimate the feasibility.

Building on the previous results, the third thesis attempts to
implement a more complex motion planning task. In this case, the
aim is to optimize the parameters of a prototype maneuver, which I
have demonstrated using the dual lane-changing problem. In order
to implement it, the parameters of not one but several continuously
connected curves must be defined. As in the previous task, the sim-
to-real problem - i.e., the behavior of the agent trained in simulation
in real life - is even more critical in this case. To solve this prob-
lem, I used the domain-randomization technique, i.e., I randomly
influenced the simulation conditions so that the agent would even-
tually be able to adapt to real-world environmental situations. As
in the previous thesis, I validated the results with a field test, which
showed that the trained agent outperforms the capabilities of an
average driver.

The fourth thesis expands the static object avoidance problem
to encompass dynamic objects. A pedestrian model that randomly
crosses the path of the vehicle was employed to demonstrate the
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development of the algorithm. Avoiding the dynamic obstacle is no
longer a one-step path-planning task. In this scenario, the method
formulation resembles a model predictive control scheme, where a
complete path is planned based on the vehicle’s state and the pedes-
trian’s movement, but only a small portion of the path is exe-
cuted. Then, based on the new situation, the entire planning task is
restarted. The trained agent was tested in a simulation environment
and compared to the performance of human drivers.
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2 Contributions of the Thesis

Thesis I
I have developed a method suitable for ”end-to-end” path tracking of
automated road vehicles using reinforcement learning. The method
uses tracking error and yaw angle error, with the discrete set of
steering angle values as actions. A Deep Q-network based agent
determines the intervention of steering angle based on these high-
level sensor signals.

Related publications: [Feher1], [Feher2]

Remarks
• For training, I developed a simulation environment that in-

cludes the vehicle model, taking into account its kinematic
limitations, ideal sensor models of heading angle error and
tracking error, and a random track generator with parame-
terizable difficulty.

• I developed the reward function, which determines the reward
based on the result of passing through gates placed equidis-
tantly.

• I developed a method for the sim-to-real problem; with which
the agent implemented in the python environment can be ef-
fectively tested in industrial simulation softwares and real ve-
hicles.

• I developed an interface using virtual CAN network between
python and the simulation software in the evaluation phase,
which can be replaced with real CAN network during the field
tests.
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Thesis II
I have developed a method for a trajectory planning task with initial
conditions and a predefined target state, as well as for estimating the
feasibility of the trajectory. The planner uses a Deep Deterministic
Policy Gradient agent, whose training is based on a novel one-step
training method. During the training of the agent, the designed path
is evaluated with an internal closed-loop controller. The method in-
cludes a new reward function that takes into account the vehicle’s
side slip in addition to the lateral error and the angular error.

Related publications: [Feher3] [Feher4]

Remarks
• In addition to determining the waypoints of the polynomial

trajectory, the trained agent provides an estimation of the dy-
namic feasibility.

• The algorithm using the previously developed ”sim2real” method
was tested in a simulation environment and on a real vehicle.

• I illustrated that a combination of machine learning and clas-
sical methods could be suitable for the design of the motion
control of autonomous vehicles.
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Thesis III
I have developed an avoidance maneuver method for automated road
vehicles. The method is demonstrated through a double lane change
maneuver as a critical traffic situation. The developed route planner
strives to design a dynamically feasible path, which is able to avoid
obstacles appearing in front of the vehicle. The solution uses the
dynamic parameters of the vehicle and the geometric parameters of
the problem as an input, and defines a set of curves as a path to be
follow as an output, by using reinforcement learning.

Related publication: [Feher5]

Remarks
• The planning was carried out by the Deep Deterministic Policy

Gradient agent, whose inputs are the speed of the vehicle and
the geometric parameters of the occupied areas provided by
the environmental sensors.

• The outputs of the agent are the parameters of the curve sec-
tions describing the trajectory.

• The reward values are calculated when driving a non-linear
dynamic vehicle model along the track.

• I evaluated the design by performing the moose test defined in
the ISO 3888-2 standard.

• I compared the results of the different approaches and the per-
formance of human drivers.
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Thesis IV
I have developed a local trajectory planning and control method for
road vehicles, which designs the route and speed profile to avoid a
moving objects crossing the road taking into account the vehicle dy-
namics and the geometric limitations of the road. The trained Twin
Delayed Deep Deterministic Policy Gradient agent continuously re-
designs the trajectory at a given horizon, which is performed by a
model predictive controller.

Related publication: [Feher6]

Remarks
• During the training the longitudinal Stanley and the lateral

MPC controllers are used to perform the trajectory tracking.

• The inputs of the agent are the relative distance and speed of
the moving object provided by the environmental sensors, as
well as the ego vehicle’s motion state.

• The outputs of the agent are the parameters of a polynomial
function describing the route and the parameters of the speed
profile.

• The method was compared with the performance of human
drivers in a simulation environment.

• Although the developed algorithm was defined for road vehicles
with pedestrians crossing, its principles can be applied to many
other dynamic object avoidance problems.
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3 Future work
Research into reinforcement learning, including its application to
traffic and vehicle control tasks, is a fascinating field, and accord-
ingly, its international results are developing at an extraordinary
pace. Both the basic learning algorithms and the complementary
meta-heuristics and artificial neural network structures are being
innovated year by year. The results presented in this dissertation
can be used to implement real-time vehicle control tasks, but their
robustness is not yet guaranteed, which is not surprising as this is
one of the most pressing challenges in the whole field at present.
Accordingly, testing and validating algorithms is a particularly at-
tractive area of research. In addition, more accurate implementation
of different sensing models in the system, multi-agent learning, and
many other vehicle control tasks could be important development
aspects. In my further research, I plan to focus on integration tasks,
the design of different feasible control schemes, and the development
of systems that can be tested in real life.
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based reinforcement learning approach for lane keeping.
In 2018 IEEE 18th International Symposium on Compu-
tational Intelligence and Informatics (CINTI). IEEE, nov
2018.
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and Zsolt Szalay. Proving Ground Test of a DDPG-based
Vehicle Trajectory Planner. In 2020 European Control Con-
ference (ECC), pages 332–337, 2020.
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Sébastien Glaser. A review of motion planning for highway au-
tonomous driving. IEEE Transactions on Intelligent Transporta-
tion Systems, 21(5):1826–1848, 2019.

12
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