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Abstract. This research paper discusses the creation and application of a
fully automated robot that follows a line by means of reinforcement learning
techniques, more specifically the Q-learning algorithm. The system
proposed comprises a vision-based perception module that uses OpenCV for
its development and also includes the simulation environment of
CoppeliaSim thus making the navigation process adaptive as well as robust.
By interaction with its surroundings at all times, the agent gets trained on
the control policy that is optimal in terms of lateral deviation minimization
and hence provides stable trajectory tracking. The research comprises a
detailed assessment of the Q-table dimensions and hyper-parameters such as
the learning rate, discount factor, and exploration rate, systematically
determining their impact on learning performance, convergence, and
accuracy. According to the experimental findings, a configuration of a 7x7
Q-table strikes the best balance between precision and convergence speed
that in turn results in smooth and even path tracking. The method, though
quite effective under controlled conditions, does have its drawbacks in terms
of state discretization, generalization, and real-time processing, thereby
providing directions for the applications of deep reinforcement learning and
adaptive perception models in the future.
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1 Introduction

The domain of mobile robots that can independently navigate has received a lot of attention
in the last few years, mainly because of the development of new technologies in Al, computer
vision, and control theory. Line following is one of the basic yet difficult tasks in this area
that still needs a lot of study; this problem consists of keeping a robot's route on a defined
path by using sensors in real time. Up till now, the task has generally been handled by rule-
based control or PID control systems, which are effective but often cannot deal with the
constantly changing or uncertain environments [1-3].

Reinforcement Learning (RL) is a new option that has a great possibility of being the
main method of teaching robots how to create control policies just by interacting with the
environment and receiving rewards and punishments as guidance. In contrast to supervised
learning, which requires a labeled dataset, RL is about trial-and-error exploration - an agent
can discover the best behaviors on its own and without being programmed in a clear way. Q-
learning is one of the various RL algorithms; it is known for its easy-to-understand and
model-free characteristics along with its ability to work well in discrete decision-making
scenario which makes it ideal for robotic control tasks like line tracking [4-6].

A control architecture based on Q-learning has been proposed and implemented in this
work to let a mobile robot follow a line in a simulated environment. The CoppeliaSim
platform is utilized to simulate the robot's movements and its physical interactions while the
OpenCV library performs image acquisition and processing for environmental perception.
The robot is trained to keep on the line by adjusting its motor speeds continuously according
to the visual input. The adjustment then follows a reward function that penalizes deviations
and disconnections [7-10].

This research project has three main goals. The first is to design and implement a
reinforcement learning framework that can, through adaptive decision-making and self-
learning mechanisms, allow a mobile robot to autonomously perform line-following. The
second is to investigate how the Q-table size and the key hyperparameters—Iearning rate,
discount factor, and exploration rate—affect the agent's speed of convergence, stability of
learning, and accuracy of the trajectory. Lastly, the project aims to reveal the disadvantages
of the tabular Q-learning method thus paving the way for deep reinforcement learning and
advanced perception-based control strategies development as future progress areas.

2 Literature Review

This section presents the theoretical framework that underpins the construction of the line-
following agent. It starts with a discussion of Reinforcement Learning (RL), a model in which
the agent acquires the best possible actions by the direct involvement with the environment
and by the feedback in the form of rewards. The main building blocks of RL are agent,
environment, states, actions, rewards, policy, and value function. A very important point of
this procedure is to find the right balance between exploration and exploitation which is
usually done by employing the e-greedy method [11-12].

RL algorithms are commonly divided into three classes: value-based, policy-based, and
actor-critic methods, and based on their use of an explicit environment model, they can be
further classified as working with model-free or model-based approaches.

Then, it spotlights on Q-learning, a model-free RL algorithm that iteratively improves
action-value estimates to extract a policy. The Q-update rule governs the learning process
and includes parameters such as the learning rate (o) and the discount factor (y). Q-learning
is suited for dynamic robotic tasks, as it learns purely from experience without the prior
environmental knowledge. Nevertheless, its constraints such as scalability problems, limited
generalization across similar states, and overestimation bias have all led to the creation of
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variants like Double Q-learning, DQNs, and Dyna-Q, each of which being tailored to deal
with a particular specific shortcoming in order to enhance performance and stability [12-14].

Finally, debates the basics of Computer Vision, drawing attention to its crucial role in
robot perception. The whole procedure starts with taking a picture, then representation in
black and white or RGB formats. The application of preprocessing methods such as the
conversion to grayscale, filtering, and binarization is intended to enhance the main features
and also to eliminate noise. For detecting lines, the robot focusses on the lower part of the
picture where it detects the line's center and also gets its distance from the center of the picture
[13-15]. This distance is the feedback signal that lets the robot modify its path, thus, the robot
benefits for visual-based autonomous navigation from the perceptual foundation of being
able to see.

Reinforcement Learning (RL) allows an agent to learn optimal actions by interacting with
the environment and receiving feedback in the form of rewards. Unlike supervised learning,
RL relies on trial-and-error exploration, enabling autonomous policy development without
explicit programming. In this work, we employ Q-learning, a model-free RL algorithm suited
for discrete control tasks such as line following.

3 Development

In this part, the technical realization of the system that was constructed through this project
is mentioned along with the main tools and components which make it possible for the robot
to teach itself and do the line-following task through reinforcement learning.

3.1 Development Environment

3.1.1 CoppeliaSim

CoppeliaSim is a simulated environment which is the most significant for complexity of
robotic systems development and testing. It is also the best for research and learning in the
field of robotics because its built-in physics engine and wide-ranging compatibility with
various types of sensors and actuators are features that characterize it. The simulation
environment used in this work was tailored for the classic line-following problem. The
environment is made of a closed circuit, which is represented by a black line on a light-
colored floor, and a Pioneer P3DX robot, which is a compact and lightweight robot having
two wheels and two differential drive motors allowing them to rotate at different speeds on
the same axis [16-19]. Furthermore, the circuit has a sensor at the starting point that can detect
when the robot has completed one lap. Fig.1 shows an outline of the basic training setup for
CoppeliaSim, where the pioneer p3dx robot is navigating a track marked by a black line.
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Fig. 1. Basic circuit for agent training in CoppeliaSim.

The ZMQ Remote API serves as the link for communication between the control algorithm
and the simulator, making it possible for the Python code to:

* The title of the article

« Initiate, terminate, and observe the simulation status.

* Get sensor information, like the pictures taken by the camera and the signal from the
sensor that is located on the circuit.

» Regulate the motor rotation speed of the robot.

3.1.2 OpenCV

OpenCV (Open-Source Computer Vision Library) is computer vision and image processing
library that is very popular. The library is mainly written in C++, but high-level links for
Python make it accessible for very large-scale use. In this project, OpenCV is the basic
provider on the robot's perceiving system, as it can even tell the state of the reinforcement
learning agent by extracting the important information from the images taken.

The P3DX robot camera is always taking and sending images of its front view. The region
of interest (ROI) is extracted from each processed frame, in this case, it is the lower part of
the picture. Then a binarization process is followed, and the centroid is found to indicate the
robot's location with respect to the center of the line.

The library version used is OpenCV - v4.10.0 [26], which was the latest release available
when this work started.

3.1.3 Python

Python is the programming language that was chosen for implementing the control system
and the reinforcement learning agent. Its adoption for this project was mainly due to its
straightforwardness and ability to work seamlessly with CoppeliaSim and OpenCV.

The following are the most important libraries utilized:

* ZMQ RemoteAPIClient - for communicating with CoppeliaSim.

* ¢v2 (OpenCV) - for processing images.

* numpy - for keeping and updating the Q-table.

 matplotlib - for showing results. The used Python version is 3.9.10

3.2 Implementation

3.2.1 General System Architecture

The learning system utilized in this research has a modular framework that makes it easy to
separate the different parts and supports the independent development, testing, and updating
of each module. The following are the three primary modules:

The three main modules are:

+ Perception: The module that takes care of receiving images from the robot's camera and
extracting useful data from them, which for this case is the robot's location with respect to
the line.

+ Control: This module decides on the actions (i.e., adjusting the motors' rotation speed)
and carries them out based on the current state, which is provided by the perception module.

* Learning: This module is in charge of learning through the application of the Q-learning
algorithm, repeatedly updating the value function stored in the Q-table, which maps states to
actions.
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There is continuous interaction among the modules, which is done in a loop where the
perception, control, and learning processes are performed one after the other.

The camera continuously records images at 30 frames per second. The image obtained in
every cycle will be directed to the perception module to calculate the line’s centroid, which
normalizes to represent the robot’s offset. The offset will be directed to the control module,
which will determine an appropriate action based on the Q-table. The speed required for
every wheel will also be calculated. The overall time cycle for this process would be around
50 milliseconds. Therefore, stable real-time control would be possible if the robot’s speed is
moderate. The control will continuously enable interaction among modules.

3.2.2 Communication with CoppeliaSim

The ZMQ Remote API is the means through which communication with the CoppeliaSim
simulation environment is set up, enabling asynchronous interaction between the Python
script running externally and the simulation engine. The control logic for the simulation and
robot interaction has been confined to the Coppelia and P3DX classes that are an adaptation
of the classes provided by the supervisor of this work as a starting point for developing the
reinforcement learning model [28].

The methods provided by these two classes make it possible to:

» Connecting with the simulation environment. Simulation starting, stopping, and state
controlling.

» Scene component access including the robot camera and motors, and the sensor
positioned at the circuit's starting point.

3.2.3 Image Acquisition and Processing

The robot relies on an onboard camera to monitor the area in front of it where a black line
indicates the way to go. To get the most out of the images, a processing workflow using
OpenCV is applied:

* Region of interest: The lower part of the image is chosen, and it is the only part that
allows detecting the position of the robot in relation to the line.

* Grayscale conversion: The RGB image is converted to grayscale to make the processing
of the remaining steps easier.

 Gaussian blurring: The image is smoothed to denoise it and thus avoid interference with
line detection.

» Binary segmentation: The image is converted into a representation with two distinct
values: white for the line and black for everything else.

* Moment calculation: It finds the centroid of the white area, thereby yielding the
coordinates of the line detected.
In case the line is not detected, the system sends a single state back which indicates the line
loss. If the line is detected, it returns the centroid position for robot deviation calculation. Fig.
2 depicts an image processing pipeline implemented by OpenCV for image processing
applications such as region selection of interest, image binarization, and computation of
centroids for line identification.



EPJ Web of Conferences 354, 03002 (2026) https://doi.org/10.1051/epjconf/202635403002
GCMM 2025

'\ AVAY

Raw image Binary image Image with centroid

Fig. 2. Processing an image captured with the robot's camera in CoppeliaSim.

3.2.4 State Representation

The coding of the robot's position in relation to the line is done as one continuous value and
it is normalized horizontal displacement of the centroid of the detected line in comparison to
the center of the image that the robot captures. This value is then mapped to the range of [-1,
1], in which:

* 0 means that the robot and the line are perfectly aligned

* -1 is the farthest left deviation possible

* 1 is the farthest right deviation possible
In order to adjust the state representation for Q-learning, the continuous horizontal movement
is divided into a finite number of states in accordance with the predetermined dimensions of
the Q-table. Every single discrete state corresponds to a definite range of the normalized
horizontal displacement, thereby implicitly representing both the motion's strength and its
direction. The conversion method, illustrated in Listing 4.1, is executed through the formula
state = int((offset norm+1)/(2/NUM_STATES)), which translates continuous normalized
displacement values into discrete state indices. This technique of dynamic discretization
allows the model to easily switch between various levels of resolution or granularity
according to the value of the constant NUM_STATES, which is specified before the model
is initialized.
In this framework for reinforcement learning, the system state is represented as the
normalized horizontal displacement of the line centroid running across discrete intervals of
'NUM_STATES.' The action is indicated by motor speed modifications represented as
discrete movement commands of NUM_ACTIONS.' The provided framework indicates that
the agent receives positive feedback for line follow, characterized as follows: reward =1 - 2
* |offset| for on-line states, while an additional penalty of -10 is incurred for line loss. The Q-
learning update rule is given as follows: Q[state, action] += a * (reward + y *
max(Q[new_state]) - Q[state, action]). Thus, improvement is achievable for an agent. The
strategy for action selection is provided as an € greedy strategy with decay.

3.2.5 Action Selection and Application

The robotic system is constrained to a particular range of distinct actions which are indicated
by the constant NUM_ACTIONS. In the most basic setup with three actions, they are
basically left turn, forward move and right turn. When the count of actions goes up, it still
has to be an odd number to ensure equal turning directions of left and right. Each turning
direction is then divided into several intensity levels, which allows better control over the
robot’s movement. The primary action always stands for moving forward, whereas the other
actions are equally spread out to indicate different turning angles in both directions. To keep
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the system in sync with the changing number of states and actions, linear interpolation is
utilized to map the action indices to the corresponding motor commands.

First, the action index is converted into a proportional value within the interval of [-1, 1]
by means of the formula proportion = (action / (NUM_ACTIONS - 1)) * 2 - 1, which
expresses the direction and the force of the turn. The left and right wheel motor speeds are
then calculated according to the proportion using the formulas left speed = base speed -
turn_range * proportion and right_speed = base speed + turn _range * proportion, and the
robot's motor speeds are set through robot.set _speed(left speed, right speed) in the order
mentioned above. This method grants strong and adaptable control thereby keeping
performance constant without the need to manually change the motor speeds according to
different action configurations.

3.2.6 Rewards

The reward function is created in such a way as to bring the agent’s lateral deviation from
the line’s center to a minimum, hence allowing it to make very small movements along the
path. The function, which is shown in Listing 4.4, when the robot loses the line (state == -1),
gives a heavy penalty of -10, in all other situations the reward is calculated with the help of
the formula reward = 1 - 2 * abs(offset). The latter produces a reward in the area of [-1, 1],
which becomes less and less as the robot moves away from the line. The arrangement assures
that the agent enjoys the maximum reward when it is right on the line, and slowly the rewards
grow less as it moves away. Whenever the robot cannot see the line at all, the number of
punishments sent out to the agent is high, preventing the agent from repeating such a behavior
and making the agent go through the transition to a new episode, thus sending the robot back
to where it started. The distribution of rewards has the effect of pushing the agent to
persistently remain on the line and at the same time speeding up his learning process by
punishing him in failed states quickly.

3.2.7 Learning Algorithm: Q-learning

The backbone of the reinforcement learning system is the Q-learning algorithm, which
interacts with the environment and slowly but surely improves agent's decision-making
strategy. The Q-table is a two-dimensional array Q(NUM_STATES, NUM_ACTIONS),
which initially consists of zeros and later on is updated gradually according to the formula
given in Listing 4.5: Q[state, action] += ALPHA * (reward + GAMMA * max(Q[new_state])
- Q[state, action]). This formula uses the parameter ALPHA as the learning rate which
decides how much impact new experiences will have on the already existing knowledge, the
parameter GAMMA as the discount factor which is responsible for the future rewards'
importance, the variable reward as the environment's immediate feedback, and
max(Q[new_state]) as the agent's estimation of the best possible return from the next state.
In order to keep a good balance between exploration (implementation of new actions) and
exploitation (applying the knowledge that has been learned), an g-greedy policy is used, as
shown in Listing 4.6. With a probability of ¢, the agent chooses an action randomly, and with
a probability of (1—¢) it selects the action that has the highest current Q-value, thus:
if np.random.rand() < EPSILON: action = random.randint(0, NUM_ACTIONS -1) else:
action = np.argmax(Q[state]).This strategy allows the agent to explore the environment to a
large extent during the initial phase of the training and later on to develop the optimal
behavior slowly as learning continues. The major hyperparameters—ALPHA, GAMMA, and
EPSILON—are the ones that affect the agent’s convergence speed, stability, and final
performance accuracy most. The tuning of these parameters to the optimal level, which has
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a direct correlation with learning efficiency and robustness, is discussed in detail in the next
section.

3.2.8 Training

The training procedure is divided into several episodes, each of which begins by resetting the
robot to its starting position and orientation. A sequential loop utilizing the established
modules is performed in each episode. Initially, an image is taken, and the current state is
computed. An action is then picked and carried out based on this state. After that, the robot
takes the next image to find out the new state, and then the reward is computed based on the
new state reached. The Q-table is then updated with this reward, and the loop continues until
the robot either loses the line or follows the predefined path. Training goes on until the
maximum number of episodes is reached, with the total reward from each episode logged to
determine the agent’s convergence. Besides, the system keeps track of the robot’s average
lateral deviation from the line in every episode, which is the main performance indicator used
to evaluate the accuracy of navigation.

4 Results

Here, the results of the training and evaluation process for the reinforcement learning agent
are presented. The Q-table dimensions and hyperparameter values were varied and analyzed
to study the impact on the model's learning, convergence, accuracy and robustness
systematically in the experiments.

Each episode is regarded as a single trial, starting with the robot at the circuit's start point
and stopping when it either finishes a lap or loses the line. The agent's performance is mainly
indicated by the mean normalized horizontal displacement per episode. This value, 0 to 1,
shows how well the agent follows the line, 0 being perfect alignment. This performance
measure is used instead of total reward because it gives an easily understandable value which
is not affected by factors like robot speed that changes the total reward in each episode hence
making it difficult to compare the performance across different setups.

The next sections first illustrate the influence of Q-table dimensions, then discuss the
effect of hyperparameters, provide a summary and comparison of the best configurations,
and finally, address the limitations encountered.

4.1 Learning Convergence Across Episodes

Reward progression and mean lateral deviation were analyzed over training episodes to
evaluate convergence. Fig. 8 illustrates the reward and displacement curves for the 7x7 Q-
table. The agent achieves stable behavior by episode 65, with a consistent reduction in lateral
deviation and increase in cumulative reward. Lower-resolution Q-tables (3x3 and 5x5)
converge faster (within 2—15 episodes), but produce oscillatory paths with higher mean
deviation. The 9%9 configuration shows slower convergence and occasional instability due
to fine discretization, demonstrating the trade-off between resolution and stability.

Fig. 3 shows Reward progression and mean lateral deviation per episode for the 7x7 Q-table,
showing convergence after 65 episodes.
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Fig. 3. Reward Progression and lateral Deviation (7x7 Q-Table)

4.2 Evaluation of Q-table Size

A comparative analysis of different Q-table sizes is presented below, maintaining an odd
number of states and actions to preserve symmetry between the left and right spaces. The
objective is to evaluate the impact of state-action space resolution on the learning process,
highlighting the advantages and disadvantages offered by each configuration.

Although this section focuses on analyzing the impact of Q-table dimensions on the
learning process, the most appropriate hyperparameters are applied for each configuration to
provide a rigorous comparison, since keeping them static would lead to comparing policies
with different levels of maturity. Furthermore, results may vary slightly between training
sessions, given the exploratory nature of the learning process. Therefore, for each
configuration, the best results obtained after ten complete training sessions are presented, and
the average performance is also considered when selecting the results to avoid presenting
outliers.

4.2.1 3x3

The three-state, three-action model displays almost instant convergence, with a stable policy
being reached in just two episodes. The policy obtained, however, is rough, with the final
mean displacement being around 0.38, and it also generates paths that are clearly oscillatory.
Since the Q-table only contains nine state-action pairs, the search area is rapidly filled without
the use of an exploration strategy. The default values of 0.2 for the learning rate and 0.8 for
the discount factor were kept and their effect at this level was found to be very limited.

The roughness and the lack of smoothness in controlling the robot made it clear that the
resolutions in perception and action space had to be increased. Similarly, the average
normalized horizontal displacement per episode for the 3x3 Q-table configuration is shown
in Figure 4 and exemplifies the oscillatory nature of the paths.
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Fig. 4. Average normalized horizontal displacement per episode for Q-table.

4.2.2 5x5

This new setup was a huge step forward compared to the previous one, and it managed to get
the best possible trade-off between accuracy and speed of convergence. The agent came up
with a stable control policy within fifteen episodes and at the same time, the mean offset was
reduced significantly to about 0.23. The standard hyperparameter values o = 0.2 and y = 0.8
that had been used in the 3x3 configuration were also kept, and they turned out to be equally
efficient in this case. Moreover, the lack of exploration once again gave the best performance,
the reason being that the Q-table was still small in size.

The 5x5 layout showed steady performance all over the circuit, and it was able to provide
a great deal of control sharpness without causing too much training time. The 3x3 table had
accuracy increased by 40% and at the same time, the ease of parameter tuning was retained.
Fig. 5 depicts the average normalized horizontal displacement per episode for the 5x5 Q-
table. It shows the progress and convergence of the horizontal movement of an agent.
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4.2.3 7x7

Two additional states along with seven actions not only contributed to the enhancement
of the robot's control but also succeeded in displacing to only 0.16 on average.
Notwithstanding, a notable rise in the convergence time was one of the side effects of this,
which meant that 50 episodes were necessary for the policy to at least start stabilizing and a
total of 65 to attain maximum accuracy. This setup was different from the previous ones in
that it was very much dependent on hyperparameter tuning. Therefore, it became mandatory
to bring about some amount of exploration to keep convergence from leading to policies of
lesser quality, besides, learning rate decay was also required to clear up the noise and deliver
greater stability in the higher episodes. Average displacement per episode for 7 states and 7
actions is shown in Fig. 6.
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Fig. 6. Average displacement per episode for 7 states and 7 actions.

4.2.4 9x9

Two additional states along with seven actions not only contributed to the enhancement of
the robot's control but also succeeded in displacing to only 0.16 on average. Notwithstanding,
a notable rise in the convergence time was one of the side effects of this, which meant that
50.

The 9x9 configuration began to reveal the limitations of excessive Q-table resolution.
Although some convergence was observed after 90 or 100 episodes, the resulting policy
lacked consistency. While some series of episodes achieved a very small average shift, with
a value of approximately 0.12, others showed a noticeable decrease in accuracy or even ended
with the complete loss of the line.

Despite introducing decay in the learning and exploration rates, increasing the discount
factor to facilitate long-term policy consistency, and increasing the training time to a
maximum of 300 episodes, a more stable policy could not be obtained. The agent remained
vulnerable to noisy updates and policy degradation, particularly on very steep curves.

This is mainly due to the sensitivity associated with the fine discretization of the state
space. As the number of states increases, small variations in visual perception, such as shifts
of just a few pixels from the centroid, can result in a transition to a different state associated
with a different or insufficiently trained action. This fragmentation prevents the established
policy from correctly generalizing between very similar states, leading to inconsistent
decision-making. Average normalized horizontal shift per episode for Q-table is shown in
Fig. 7.

11
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4.2.5 7x5

This asymmetric configuration was introduced to explore a possible balance between the two
best-performing policies; however, it did not provide any measurable advantage. The training
time was comparable to that of the 7x7 Q-table, while the maximum accuracy was analogous
to the 5x5 configuration. This result highlighted a fundamental design principle: greater
granularity in perception cannot be leveraged if the action space lacks corresponding
expressiveness. The agent is able to detect more subtle deviations, but is unable to respond
with the appropriate level of control.

4.3 Hyperparameter Tuning

Getting the hyperparameters properly adjusted is crucial in obtaining stable and efficient
learning, particularly when dealing with high-resolution Q-tables. This part of the text
reviews the role played by the cooling, the learning rate, and the discount factor in the
learning process.

4.3.1 Exploration Strategy

For low-resolution tables (3x3 and 5x5), exploration is not only unnecessary but also
counterproductive. The small number of state-action pairs leads to automatic coverage of all
Q-table entries, so selecting greedy actions (¢ = 0) achieves rapid and stable convergence.
Unnecessarily introducing exploration causes erratic agent behavior in low-resolution
configurations, as inappropriate actions are frequently selected.

On the other hand, the use of higher-resolution tables (7x7 and 9x9) imposes a need for a
scanning strategy so that agents will not fall into suboptimal policies through convergence.
In these kinds of settings, the total absence of scanning may lead to the agent carrying out a
poor practice, for instance, by always keeping the line within one side of the field of view. A
positive scanning rate brings about random deviations, which ensures that every state-action
pair is at least visited and evaluated at one time or another.

For 7x7 table, a steady value € = 0.01 was adequate to direct the agent towards the
optimal policy in case of the 9x9 table. However, the more demanding configuration
warranted an even more advanced strategy: epsilon-decay. It is a practice where the training
is started with a high exploration rate (e.g., € = 0.2) that will be progressively reduced as the

12
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policy matures, thereby allowing for the coverage of most of the 81 states during the initial
episodes to avoid suboptimal convergence. This also means that the learned policy will be
exploited as training progresses, thus preventing erratic behavior and the overwriting of
established values.

4.3.2 Learning Rate and Discount Factor

The learning rate affected the performance very little at low Q-table resolutions, where the
number of entries quickly gets filled up. In this situation, the policy is quickly stabilized, and
the environment's simplicity lowers the chance of good values getting overwritten. On the
other hand, when the state and action space increases (7x7 and 9x9), the learning rate
becomes a crucial factor for the stability of the learning process and the retention of the
policy. As a is constant in these settings, the agent gets more inclined to forget what it learned
formerly. Such a process happens in closed loops primarily, where very small changes in the
input path or in the state's perception can cause undesirable updates in almost the same states.

To solve this issue, alpha-decay was applied, which involved gradually lowering the
learning rate from 0.4 to 0.05. This tactic has two major advantages: it makes the learning
process faster during the first few episodes and it also stabilizes the Q-values during the later
training stages thereby making the degradation of the effective policies slower.

The adjustment of the discount factor, though not as crucial as the learning rate, still had
its part in the creation of an optimal policy. The larger configurations took advantage of the
increase in the discount factor, which allowed for the coordination of longer action
sequences. This was very helpful especially in the case of sharp curves, where the agent
displayed a minor improvement in consistency and fluency when passing through them, by
giving more importance to continuous control rather than short-term corrections.

To put it briefly, a the learning rate and y the discount factor have complementary roles,
where:

* o controls the rate and stability of the learning

* v determines the depth of the learned policy in time

4.4 Optimal Configurations and Trade-offs

Presented in the ensuing Table 1 are the optimal Q-table and hyperparameter configurations,
as well as the average shift obtained and the episodes needed for convergence:

Table 1. Comparative Table of Q-table and Hyperparameter Configurations.

Q-table € a v Average Convergence
displacement episodes
3x3 0 0.2 0.8 0.38 2
5%5 0 0.2 0.8 0.23 15
77 0.01 0.4 —0.05 0.9 0.16 65
9%9 0.2 —0.01 0.4 —0.05 0.95 ~0.12 120+
(unstable)

The 3x3 initial point quickly converges but this is accompanied by low precision and a
clearly oscillatory path.
The 5x5 setup presents a nice compromise regarding the three aspects of convergence
speed, accuracy, and stability thus evidencing high consistency all through the circuit and
low sensitivity to hyperparameter tuning.
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The 7x7 grid is the one that gets the highest stable accuracy in a reasonable training time
but it requires thorough hyperparameter tuning to make sure it works properly.

The 9x9 layout sets the limit for Q-table resolution in this line-tracking challenge,
showing convergence and stability problems.

Ultimately, the choice of the right configuration is a matter of the specific problem and
the importance of performance metrics that are relative to that problem must be viewed
against the background of the particular application. In this case, the 7x7 configuration is the
best choice, as it is able to provide the most accurate result within the limits of the desired
convergence time which is still the fastest among the others.

Fig. 8. Robot path on the training circuit with a 7x7 Q-table.

The above Fig. 8 depicts the robot using the most successful configuration (7x7 Q-table) in
the training area. The agent's route in one normal episode is shown through a red trail for
better visualization. It shows the agent's capability of being closely aligned with the line all
the time, even when making curves and with little lateral movement.

Figure 8 shows the progression of the rewards over 65 episodes for a 7x7 Q-Table. This
shows that the agent converges to a policy around episode 65. Additionally, the average
lateral deviation reduces correspondingly. This shows that the accuracy of the agent in
following a line improves.

4.5 Multi-Track Experimental Validation

Quantifying generalizability, an evaluation was performed across different track
configurations. The track shapes considered were circular track, oval track, and an eight-
track. Comparative measures were used, and results were tabulated in Table 2. These
measures were used for comparison based on mean deviation, success rate, and completion
time. The 7 x 7 Q-table displayed lower mean deviation per track, which was around 0.16.

Table 2. Performance metrics across multiple track configurations.

Track Type Mean Deviation Success Rate | Completion Time (s)
Circular 0.16 100% 324
Oval 0.17 95% 34.1
Eight-track 0.18 93% 36.2
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4.6 Baseline Comparisons

For the benchmarking, the 7x7 Q-learning agent was implemented and compared with the
PID algorithm and the rule-based line-following algorithm. From the results provided in
Table 3, the Q-learning agent is superior to the existing controllers in terms of accuracy and
smoothness, especially for curves and intersections.

Table 3. Comparison of Q-learning with baseline controllers.

Method M.e ar'l Success Rate Notes
Deviation
Q-learning 0.16 95-100% Smooth trajectory, adaptive
PID 022 9095 Moderate oscillations in
) ’ curves
Rule-based 0.31 85-90% Large oscillations and delays

4.7 Limitations

This Q-learning implementation has been shown to be quite effective in the controlled
environment of training and validation. Yet, some limitations still hinder its robustness and
generalization. The following points are made considering the theoretical analysis and
empirical tests during which a pre-trained 5x5 Q-table was utilized to quantify the
shortcomings of the developed agent. The proposed agent portrays steadfast performance in
line tracking, even with moderate changes in lighting or line thickness. However,
performance declines with low contrast or reflective situations, suggesting directions for
future improvements that may involve employing techniques such as thresholding or deep
learning to perception.

4.7.1 Discretization

One more important drawback of the algorithm that was put into practice is its exclusively
reactive character, whereby decisions are made for each situation based only on the current
perception, thus not possessing any prior knowledge of observations or future predictions.
This limitation of temporal depth restricts the agent to using policies that react only and very
quickly to local data.

In line following, such a policy can be adequate and can lead to very accurate and stable
navigation; nevertheless, it may also restrict the agent when it comes to dealing with unclear
situations, for example, recovering from an off-track situation or briefly losing track of the
line.

4.7.2 Temporal Depth

Another significant limitation of the implemented algorithm lies in its purely reactive nature,
where each decision is made solely based on the perceived state at any given moment, lacking
any knowledge of past observations or future predictions. This lack of temporal depth limits
the agent to employing policies that respond exclusively and immediately to local
information.

In the context of line following, this type of policy is sufficient to achieve highly accurate
and stable navigation; however, it can limit the agent's ability to handle ambiguous scenarios,
such as recovering from a deviation or momentarily losing sight of the line.
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4.7.3 Temporal Depth

In order to assess the durability and universal application of the acquired policy, a series of
trials were performed with a previously trained 5x5 Q-table, which was chosen for its easy
handling and steady performance. The agent shows an incredible capability of indulging
some environment alterations:

+ It manages line thickness variations with no loss of navigation precision.

* It changes smoothly with the variations in traffic speed, provided that the speed does
not exceed a certain limit, beyond which the agent does not have enough time to understand
the environment and act accordingly.

Nevertheless, there are different situations where the agent's operation is not correct:

The system still has decent performance with some modifications in line color, as long as
there is a good contrast with the background. Nevertheless, light colors create a big issue
with the detection of the line, revealing the limit of the perception system's sensitivity to the
contrast between the line and the ground.

Intersections, which are points where two lines cross at an angle, bring about the erratic
behavior of the agent that cannot correctly and consistently determine the direction to follow,
which proves the limitation of classic Q-learning to uncover complex patterns.

4.7.4 Real-Time Processing

Finally, another practical aspect to consider is the limitation that comes with the real-time
execution model. In spite of the fact that Q-learning is very minimally demanding in terms
of computation, the agent's output is still limited to the cycling control frequency and the
camera's refreshing rate. When operating at high speeds, the agent needs to make really rapid
decisions in order to keep the control stable. So, if the delay in the control program is too
high, even the best policy will unavoidably break down.

Thus, the maximum effective speed is not only dependent on policy precision but also
on the system's computational latency which has to be taken into account when putting
reinforcement learning agents on real robots.

5 Conclusions

This work has investigated the use of reinforcement learning techniques for controlling a
mobile robot following a line, where the Q-learning algorithm was the main one used. In
addition, computer vision modules that were based on OpenCV were integrated into the
processing of environmental information and the discretization of the state space, which
made it possible for the agent to interact with its environment through a continuous trial-and-
eITor process.

The CoppeliaSim simulation environment was used for the experimentation with different
Q-table configurations, each one accompanied by a systematic analysis of the
hyperparameters' impact: learning rate, discount factor, and exploration rate. The results
showed that the agent was capable of learning stable and effective policies even with the use
of relatively simple configurations. Furthermore, the rewards given to the agent through the
selected reward function were successfully aligned with the agent's goal of accurately
following the line.

On the one hand, the main goals of the work have been reached, but on the other hand,
several limitations that were identified were high sensitivity to the discretization of the state
space, and limited capacity for generalization in more complex environments. These results
suggest that tabular Q-learning, despite its validity and computational efficiency, might still
turn out to be insufficient for more complex robot tasks.
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