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Abstract: Mobile robots have gained importance due to its capability to perform autonomous tasks. Line-following
robots are mobile robots which have become a growing topic of research, as they serve as a platform for
understanding complex concepts, such as control, which makes them suitable for the application of Artificial
Intelligence (AI). There are competitions around the world focused on this kind of robots. Accurate mathematical
modeling of line-following robots and the environment in which they will be used can be difficult. Reinforcement
learning is an AI technique that deals precisely with creating model-free algorithms, which are suitable for this
application. This review article aimed to look for articles on line-following robots using reinforcement learning in
order to analyze the state of the art of this branch of artificial intelligence in robotics.
Keywords: Reinforcement Learning — Line-following Robot — Machine Learning — Artificial Intelligence —
Education — Systematic Literature Review

Resumo: Robôs móveis ganharam importância devido à sua capacidade de realizar tarefas autônomas. Robôs
seguidores de linha são robôs móveis que se tornaram um tópico crescente de pesquisa, pois servem como
uma plataforma para a compreensão de conceitos complexos, como Controle, o que os torna adequados para a
aplicação de Inteligência Artificial (IA). Existem competições ao redor do mundo focadas neste tipo de robôs.
A modelagem matemática precisa de robôs seguidores de linha e do ambiente em que serão usados pode
ser difı́cil. Aprendizado por reforço é uma técnica de IA que lida precisamente com a criação de algoritmos
que dispensam o uso daqueles modelos, sendo adequados para esta aplicação. Este artigo de revisão teve
como objetivo procurar por artigos sobre robôs seguidores de linha utilizando aprendizado por reforço, a fim de
analisar o estado da arte deste ramo da Inteligência Artificial em Robótica.
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1. Introduction
In recent years, robotics has become widely used in a variety
of applications. Among them, mobile robots have gained im-
portance due to its capability to perform autonomous tasks
[1, 2, 3]. Line-following robots [4, 5, 6], in particular, have
become a growing topic of research, as they serve as a plat-
form for understanding complex concepts, such as control,
which makes them suitable for the application of Artificial
Intelligence, including Machine Learning techniques, with
Machine Learning being “a branch of artificial intelligence
focused on enabling computers and machines to imitate the
way that humans learn, to perform tasks autonomously, and to

improve their performance and accuracy through experience
and exposure to more data” [7].

An example of this are the many competitions around
the world focused on line-following robots. In most of these
championships, participants build their own robots, respecting
stipulated standards, such as the robot’s size and weight, and
the winner is the one that completes the route in the shortest
time. Typically, the robot needs to follow a defined route
autonomously, with no restrictions on the techniques used,
which is a good opportunity to test different algorithms and
control techniques. These events are mostly aimed at high
school students or those who are beginning their undergradu-
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ate studies and also serve as a way to excite them in the context
of teaching in the areas of science, technology, engineering
and mathematics (STEM) [8, 9, 10, 11, 12, 13, 14].

The problem of keeping a robot moving autonomously
along a line is a control problem. Classically, a good solution
to this type of problem requires having a good mathematical
model of the system being controlled [15]. However, accu-
rate mathematical modeling of line-following robots and the
environment in which they will be used can be difficult. It
is common for students to assemble these types of robots
from commercially available components that present great
variability between samples. The environment in which the
robot will be used may be unknown beforehand and may
present variations in lighting and other conditions that make
predictability difficult during design. Therefore, it is desir-
able for the robot to use a control algorithm that allows it
to adapt to uncertainties about its parameters and to vary-
ing environmental conditions. One branch of reinforcement
learning deals precisely with creating model-free algorithms
[16, 17, 18], making it suitable for this application.

In supervised learning algorithms, the system learns a
mapping from input to output variables, from which example
values are provided to them in a training phase. In contrast,
reinforcement learning is a form of learning by which an agent
learns an action strategy through trial and error, rewards and
punishments received during operation [16]. The agent’s goal
is to develop a policy that maximizes cumulative rewards over
time. This requires not only choosing actions that yield im-
mediate rewards but also devising strategies to reach more
favorable states in the future. The interaction between the
agent and the environment can be described by three fun-
damental elements: state, actions, and rewards. The state
represents a particular configuration of the agent and/or en-
vironment, the actions are the options that the agents have
to interact with to modify the environment, and the reward
is a signal used to define the task of the agent and is what
motivates the agent to pick one action with respect to the
others [17]. The line-following robot can be guided by mathe-
matical algorithms modeled on a Markov Decision Process,
common in reinforcement learning tools.

A widespread example of a reinforcement learning algo-
rithm is Q-learning [16]. To use it, it is not necessary to have a
model of the environment in which the agent will be inserted,
nor a mathematical model of the agent itself. The character-
istics of the environment and of the agent can change over
time. The agent may constantly adapt its behavior to these
characteristics.

Q-Learning uses a table of states and actions, which can
have initial values equal to zero. The number of states and the
number of possible actions must be finite. If either of these
numbers is infinite, its range of values can be partitioned into
a finite number of subranges. The Q-table is populated with
real numbers as the agent learns through performing actions
and receiving rewards.

At each step of the algorithm’s execution, the Q-table is

updated using the expression (1):

Qnew(st ,at)← (1−α)·Qold(st ,at)+α ·
(

rt+1 + γ ·max
a

Q(st+1,a)
)

(1)

in which

st is the state at time t and indexes a row in Q-table,

at is the action executed at time t and indexes a column in
Q-table,

st+1 is the state at time t +1, reached as a result of action at ,

Qold(st ,at) is the value that was in Q(st ,at) at time t, before
the execution of action at ,

Qnew(st ,at) is the updated value in Q(st ,at), after the execu-
tion of the action at ,

α is the learning rate,

rt+1 is the reward value, known after performing action at ,

γ is the so-called discount value,

max
a

Q(st+1,a) is the largest value available in the Q table in
the row of state st+1 reached after executing action at .

Thus, each time an action at is executed in state st at time
t, the cell Q(st ,at) in the table is updated.

The learning rate α determines the relative weights that
will have the old value of Q(st ,at) and an update to its new
value. α may start with a value of 1 and have this value
gradually reduced over time, until it reaches a minimum value
chosen by the algorithm’s user. When α is 1, that is, when the
system needs to learn a lot (because it hasn’t learned anything
yet), Qold(st ,at) will have no influence on Qnew(st ,at). As
time passes and α decreases, the experience accumulated in
Qold(st ,at) begins to have increasing weight in determining
Qnew(st ,at). Thus, the system continues to incorporate, in
part, new experiences, but increasingly values the experience
already acquired [16].

The value max
a

Q(st+1,a) in the expression (1) takes into
account the extent to which the state reached as a result of
an action is on the path to a sequence of states that provides
good rewards. It causes an action to tend to be considered
good if it leads the agent to a row of the Q-table where there
is a large positive number in a certain column, because, in
that row (in that state), the agent can, soon after, choose
the action corresponding to that large number. The factor
γ must satisfy 0 ≤ γ < 1 and can vary over time. If it is 0,
only the immediate reward will contribute to updating the
Q-table, with no vision of the future. The higher the value of
γ , the more the long-term value will be valued in the agent’s
behavior. However, the value of γ must remain below 1, so that
there is no numerical instability in the algorithm’s execution,
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to prevent that the values in the Q-table explode over time.
As the agent experiments with different actions in different
states, a “backward” propagation of information about the
best experiences occurs. For example, if, in a certain state
sX , a certain action aX provides a very good (very positive)
reward, the value in cell Q(sX ,aX ) should increase. Later, if
the agent is in state sY and performs an action aY that takes it
to state sX , the high value max

a
Q(sX ,a) will tend to raise the

value of Q(sY ,aY ), indicating that, when the agent is back in
sY , it will be good for it to choose action aY because it will
take it to state sX , where action aX provides a high reward.
Then, when the system is in state sW and executes an action
aW that takes it to state sY , Q(sW ,aW ) will tend to increase
because of max

a
Q(sY ,a) and so on. Thus, the agent will learn

a good sequence of actions to execute when it finds itself in
those states again.

A limitation of Q-learning is that it can only handle a
finite number of states. An alternative reinforcement learning
system capable of handling a continuous state space is called
Deep Reinforcement Learning [19]. Its basic characteristic is
that it replaces the Q-table with a neural network trained with
data of the same types as Q-learning.

The problem of the line-following robot can become quite
complex and sophisticated, which is why it has been common
to work on it in academic environments with multidisciplinary
groups. Competitions, in turn, end up encouraging the search
for increasingly better solutions, which results in the advance-
ment of several areas. Although a classic solution is perfectly
possible to control a line-following robot, it is undeniable that
solutions based on Artificial Intelligence algorithms are in-
creasingly being used in these tasks, since they allow for faster
problem solving. In the specific case of reinforcement learn-
ing, it is even more beneficial, considering that line-following
robots can typically be exposed to environments with vari-
ations in light or routes and can quickly adapt to different
scenarios, something that a classical control algorithm will
have difficulty to handle. For this reason, this review article
aimed to look for line-following robots using reinforcement
learning in order to analyze the state of the art of this branch
of artificial intelligence in robotics.

2. Method
The adopted search strategy consisted in searching papers
using the Google Scholar search engine, due to its compre-
hensiveness. The keywords were defined based on the results
of some preliminary tests, after which most of the papers re-
turned were related to reinforcement learning in line-following
robots. The resulting search string was

“reinforcement learning” “line tracking OR follower OR
following” “education” 2020-

As this was a state-of-the-art study in a rapidly developing
field, it was decided to focus the analysis on articles published

since 2020. This search process was concluded in March
2025.

The selection of articles from the search results on rein-
forcement learning in line-following robots was performed
with the following inclusion and exclusion criteria:

1. Articles that present the methods or algorithms of rein-
forcement learning used in line-following robots were
included.

2. Articles published in conferences or journals were in-
cluded. Books and theses were excluded.

3. Articles that allow open or institutional access to their
full-text by the authors of the present article were in-
cluded, otherwise excluded.

4. Articles that are original research were included, re-
views were excluded.

5. Only articles that were published between 2020 and
2025 were included.

6. Only peer reviewed articles were included.

3. Results and Discussion
This section presents and discusses the results of this system-
atic review. Few of the papers found are strongly related to
its scope. Nevertheless, some of the less related works still
provided valuable information and deserve mention. Figure 1
represents the articles selection procedure, with its quantita-
tive results.

Among the nineteen articles selected, the one that proved
most relevant to the scope presented was the article by Cota
et al [20]. The authors used a line-following robot model
from Amazon, with its development environment, with ed-
ucational purpose, at undergraduate level, employing deep
Q-learning [21] in its control. The Amazon’s Deepracer kit
used had two cameras to generate stereo vision, a LiDAR to
detect objects in 360 degrees, accelerometer and gyroscope.
That kit contained a computer with an Intel processor, 4GB
of RAM and 32GB of storage, with Ubuntu OS 16.04.3 LTS.
It integrated deep learning environments into Intel hardware,
optimizing their performance. The Robot Operating System
(ROS) Kinetic distribution was present, facilitating the integra-
tion of the different modules, both I/O and the reinforcement
learning environment. The experiments began with simula-
tions and then executions in the real physical environment.
Reward functions available in the DeepRacer environment
were used. They took into account the robot position in re-
lation to the line and the distance to obstacles on the line.
Later, with better results, the research group’s own functions
were used, discretizing the action space and with the reward
taking into account the time spent on the line. The actions
were discrete: five angles and three speeds. The performance
metrics were percentages of the route completed and times
spent. As can be seen, in this approach the authors managed to
combine reinforcement learning in a line-following robot for
educational purposes. The results proved promising, although
they were limited to the scope of five angles and three speeds.
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Articles classification.

they only mentioned

were found because

the search topics, but

have other scopes.

First round of review

Reading abstracts and superficial

reading of articles.

search string:

“reinforcement learning”

“line tracking OR follower OR following”

“education” 2020-

Excluded articles that

were review, theses, not

accessible, books or

Google Scholar search

Excluded articles that

Second round of review

In-depth reading of the articles,

252 items

not peer reviewed.

85 items

preserving only those most
in line with the scope.

19 items

201 items

Figure 1. Article selection procedure, with quantitative results.

It is expected that by increasing these combinations, greater
control over the robot will be obtained. On the other hand,
the state space will increase significantly, which should be
evaluated in terms of training time, computational cost and
response time.

The next six articles utilize reinforcement learning in line-
following robots but do not have an educational focus.

In order to mitigate practical limitations of training phys-
ical robots with reinforcement learning, such as high costs,
long training durations and the risk of damaging the robot,
the authors in [22] proposed a methodology based on the
use of a digital twin. They developed a virtual replica of the
physical robot Cozmo within the Unity simulation environ-
ment. Cozmo is equipped with a camera, a cliff sensor, an
accelerometer and a WiFi module for communication with
external devices. After training the model in simulation, the
learned behavior was successfully transferred to the real-world

line following robot. To assess the performance of the trained
model, the agent was tested on a physical track designed
for line following. The results highlight that the physical
robot was able to follow the line using a model trained in
the simulated environment. In addition, authors concluded
that the digital twin framework provides a cost-effective and
time-efficient alternative for reinforcement learning.

In reinforcement learning, a replay buffer is an element
that stores and replays experiences that occurred during the
interaction of the agent with its environment. Krawczyk et
al [23] proposed an implementation of Q-learning without
such a buffer to be used in non-stationary environments, be-
ing this the work main contribution. The experiments were
performed in Gazebo simulations, using a cluster of 40 com-
puters. The robot sensor was a camera. The reward was
calculated as a function of the deviation from the line to be
followed. The exploration level was adjusted to decay with
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the time.
Saadatmand et al [24] used the simulated annealing al-

gorithm in Q-learning to control a line follower robot which
used 32 infrared sensors and an ATMega64 microcontroller.
The simulated annealing algorithm controlled how much ex-
ploration there would be and how much use would be made
of what was already learned. The authors mathematically
modeled the robot and created a simulator. After simulation,
tests in real physical conditions were also performed. The
speeds of two wheels were controlled. The state was defined
by the measurements of the infrared sensors. At each exe-
cution step, an action was chosen probabilistically, with an
increasing weight for the best learned action and decreasing
for a random action. The reward took into account the mis-
alignment in relation to the line to be followed and the speed.
The performance metric took into account the ability to follow
the line and the time spent in the trajectory.

Lee et al [25] proposed Deep Reinforcement Learning
(DRL) as the basis for modulating the gain parameters of
the PID controller with fuzzy control. In order to reduce the
maximum overshot and shorten the tracking time compared
to PID control systems that use DRL, the Wheeled Mobile
Robot (WMR) used has an Atmega328-AU microcontroller
of the Atmel AVR series as the control core, a TB6612 motor
driver, and a set of 3 CNY70 circuit modules, each containing
an infrared transmitter and a phototransistor. In this study, the
Deterministic Policy Gradient (DPG) algorithm was adopted
in the DRL to improve the input space and output space of
the tracking motion control based on the Markov decision.
As the author’s objective, the difference between the target
state and the current state of the WMR was decisive to obtain
control. The experimental test used a straight-line simula-
tion circuit to obtain the step response data and an S-curve
tracking path, both created by black adhesive tape. In compar-
ison with the adaptive changes, three metrics were employed
in the experimental tests: fast response, steady-state error
correction, and prevention of error judgment by artificial in-
tuition. The objectives demonstrate that the DRL-Fuzzy-PID
controller is adapted to correct the parameter values quickly
when compared to the PID controller. The authors propose a
more effective control based on the experimental results, as
mentioned above. The tracking stability of the system using
the DRL-Fuzzy-PID is improved by 15.2% compared to the
conventional PID control, the maximum overshoot is reduced
by 35.6%, and the tracking time ratio is reduced by 6.78%.
If reinforcement learning is added, the convergence time of
the WMR system is about 0.5 s and the accuracy rate reaches
95%. This control could become efficient in future research
and needs improvement, according to its authors.

The paper [26] proposes the use of the Rotational Obsta-
cle Avoidance Method (ROAM), an innovative approach to
control nonlinear dynamics in robots when dealing with obsta-
cles. ROAM adapts the initial dynamics to avoid star-shaped
obstacles in spaces of arbitrary dimensions by rotating them
towards the space. The control method used in the study is

based on dynamical systems and vector fields (VFs), which
allows the generation of a nonlinear control field evaluated
in real time at the robot’s position. This allows the robot to
react instantly to disturbances and perceive changes in the
environment. The algorithm used in reinforcement learning in
the study is Deep Reinforcement Learning (DRL), which com-
bines the use of neural networks with reinforcement learning.
For testing purposes, Panda DoF robots were run using a com-
bination of infrared sensors and photosensors. The simulation
tools used included platforms such as VRT (Virtual Robot
Toolkit) and ROS [27], a widely used platform for robotics
software development. The open-source machine learning
library TensorFlow was used to implement deep learning al-
gorithms in addition to Scikit-learn, another Python language
library. The trajectories are compared by observing the local
minima, the distance to the desired limit cycle, and the similar-
ity between the velocity after obstacle avoidance and the initial
velocity. After the experiment was completed, the authors
mentioned that the algorithm converged in an improved way
in the tests, demonstrating similarity of movement compared
to the applied metrics.

To investigate the Deep Deterministic Policy Gradient
(DDPG) applied to control an industrial robotic arm, the au-
thors in [28] proposed a tracker-line simulation. DDPG is
a model-free algorithm which is basically a combination of
the two algorithms: Deep Q-Network (DQN), and the De-
terministic Policy Gradient (DPG). DQN is an adaptation of
the Q-learning algorithm which uses a neural network. Fo-
cused on developing the learning responses to optimize the
tracker-line, the simulated robot Kuka KR 6 R700 has been
trained to follow 2D-trajectory custom on the Pybullet sim-
ulator. The simulation was implemented using the OpenAI
Gym environment and Stable Baselines, a set of Python-based
implementations of RL algorithms, were used as the neural
network architectures were created with TensorFlow. To ob-
tain these results, the authors’ analyses were based on the
training method of the RL algorithm, which provided perfor-
mance metrics based on the change in reward in each episode,
in addition to the prototype’s ability to not deviate from the
proposed trajectory. Additionally, the robot’s deviation from
the trajectory and the time required to complete a task were
considered, and an observation of how the robot handled sharp
turns while following the trajectory was included. As all re-
ward functions are predictive, it was considered the robot’s
progress along the trajectory and the deviation from it. The
authors mention the difficulty of adapting the control to situa-
tions involving real robots and propose validating the study as
a future goal.

From the analysis of these last six studies that combine
reinforcement learning and line following, it is observed that
most works adopted simulated environments before transfer-
ring the learned behavior to physical robots. Some studies
also explore combining reinforcement learning with other con-
trol strategies, such as fuzzy logic or PID, which could be
explored, indicating potential areas for future work.
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The focus on education appears in the next three papers,
which also use reinforcement learning, such as in [29], that
propose a framework characterized by the use of Proximal
Policy Optimization (PPO) enhanced by Curriculum Learn-
ing (CL), within a virtual training and learning environment.
These techniques are combined in order to improve the be-
havior of autonomous robots in the context of the IEEE Very
Small Size Soccer (VSSS) competition. The proposed method-
ology creates representative scenarios of the competition in
a simulated environment, including the behavior of external
agents. The modeling starts with the Markov Decision Pro-
cess (MDP) and integrates CL into different scenarios, allow-
ing a faster and more efficient training process. The authors
conclude that the RL-based framework surpassed the perfor-
mance of an agent trained with manually designed heuristic
rules. Furthermore, the agent trained using the CL-augmented
technique achieved better performance than the one trained
without CL. As a future research direction, the use of Self-
Play techniques and/or Multi-Agent training is suggested, as
these approaches hold potential to further improve learning
efficiency and robustness. The authors point out that the ex-
isting literature involving Artificial Intelligence (AI) applied
to VSSS competition was still limited at that time. Due to the
scarcity of dedicated studies, the authors consider literature
from RoboCup’s Small Size League (SSL), which is a compe-
tition with similar game mechanics. This limitation indicated
a broader research gap in the application of AI, including
reinforcement learning, to autonomous robotic competitions.
This gap was exploited by the researchers in this group who,
a few years later, employed reinforcement learning in their
competing robots [30]. Although they are not line followers,
the robots act cooperatively to accomplish a task, which is
to score a goal. Robot soccer competitions are also quite
popular and encourage the use of sophisticated techniques
in robots. In this case, a virtual learning framework for the
IEEE Very Small Size Soccer (VSSS) competition based on
Deep Reinforcement Learning (DRL) to train and improve
the behavior of agents within the game strategy was proposed.
The agent was trained in a scenario where a pair of robots
must cooperate to score a goal on the opponent’s field. To
achieve this, the concept of Self-Play was used, where the
agent learns to cooperate with a copy of itself. In addition, the
Proximal Policy Optimization technique was used during the
training process. The authors claim that this is the first work
to successfully combine Self-Play and the PPO technique in
IEEE VSSS.

In a similar way the authors in [31] focused on the evalu-
ation of the effectiveness of using robots to evolve machine
learning concepts and consolidate learning-to-learn skills on
students. The study applies AlphAI robots, which are ca-
pable of line tracking and navigating around a designated
arena. The robots are equipped with a wide-angle camera, an
ultrasound sensor and infrared line tracking sensors. These
components data are integrated with AlphAI software, al-
lowing a graphical representation of the AI algorithm in use.

Reinforcement learning is one of the techniques applied by
the authors. The connection with AlphAI also provides a di-
rect control interface for the robot. The training environment
took place in an arena, designed to facilitate movement and
behavior learning. Additionally, the Attention-Engagement-
Error-Feedback-Reflection (AEER) pedagogical framework
was implemented to guide the educational process. The au-
thors conclude that, through analyzing the robots performance
and training, students were able to identify the benefits and
characteristics of machine learning.

One of these last three studies confirmed the superiority
of applying reinforcement learning over heuristic methods in
line-following robots, while also noting the scarcity of publi-
cations on the topic prior to 2020, which justifies focusing this
review on works published from that year onward. Another
interesting contribution found in these last works is the use of
reinforcement learning with agents operating cooperatively,
a promising approach in competitive scenarios that could be
extended to future applications.

The low cost tracking robot and the machine learning
techniques used in the platform presented in [32] are pointed
out as a valuable tool for education but it does not employ
reinforcement learning as in the previous cases. The authors
proposed a low cost autonomous mobile robot with educa-
tional purposes, such as teaching and learning in the domain of
machine learning, computer vision and intelligent automatic
control. The Andruino robot is able to track and follow a
determined path by using Android and Arduino in its software
and control systems. The robot contains an integration with
the Robot Operating System (ROS) and features a variety of
sensors, including the usage of an external smartphone, such
as ultrasonic sensors, gyroscope and accelerometer. The au-
thors implemented a fuzzy logic system to prevent collisions,
while also introducing a WiFi positioning system.

Focusing on younger students, the authors in [33] demon-
strated that incorporating numerical simulators in the initial
phase of robot development can boost participant motivation
and prevent unnecessary expenditures and time wastage. This
method was implemented with K-12 students who virtually
explored robot construction during the COVID-19 pandemic
before physically building them. In this way, the group of
students who initially worked with the CoppeliaSIM simu-
lation environment could later build the robots (sumo and
line-follower), using the tools and learnings acquired in the
previous experience. This resulted in greater autonomy for
the students in relation to the availability of teaching kits, for
example. Specifically regarding the line follower robot, it was
implemented with three to five sensors positioned around the
chassis to recognize the contrast between white and black and
a PID control loop was configured. No artificial intelligence
algorithm was employed.

In the same trend, for even younger children, during a
week-long summer program, elementary school children as-
sembled robot cars from kits including infrared and ultrasonic
sensors [34]. The students then enhanced their robots using ar-
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tificial intelligence and IoT techniques. An image processing
model to control the robot is proposed, using block program-
ming and, later, at a lower level, on the Arduino microcon-
troller. After these steps, students move on to a cloud-based
AI platform (Google Teachable Machine) to train the robot
with images of their hand gestures with the aim of making
the cars make decisions based on the gestures learned, thus
integrating all the knowledge from the different modules. In
the final phase, students are free to change/increase functions
in their robots, showing that they have mastered the topics
covered. Although it is not a line-following robot, the use of
AI was responsible for the robot’s response, in the sense of
making the decision to follow a certain route or not. Further-
more, the work was developed with children with the aim of
awakening their interest in STEM areas.

The existence of many studies using line-following or
similar robots in educational environments suggests that this
approach enhances the engagement of the students with learn-
ing robotics and control algorithms, including reinforcement
learning techniques. This can be attributed to the fact that
such robots naturally serve as effective tools for playful and
competitive activities, resembling sports-like challenges.

In a more distant context, the authors in [35] employed
continuous action reinforcement learning in a two-wheeled
robot with a single track. In addition to the coordinates, param-
eters such as center of mass, angles, speed and acceleration,
wheel pressure, among other variables, make up the states.
From these, actions are designed so that the actuators accel-
erate or brake the wheels. The rewards are determined from
a model developed by the authors based on the evolution of
the states, as well as the penalties. The control method was
validated through simulation experiments performed in Vehi-
cleSIM (VS), from the BikeSim module of Matlab, and suc-
cessfully performed the ramp jumping task of the two-wheeled
robot with a single track. One year later, the same group pro-
poses an improvement in the control strategy for single-track
two-wheeled (STTW) robots operating in narrow and com-
plex terrains [36]. The proposed approach integrates local
path planning, trajectory tracking, and balance control into a
unified framework. To train the controller, the Twin Delayed
Deep Deterministic Policy Gradient (TD3) algorithm was
applied, using specifically defined state, action, and reward
functions suited for narrow terrain navigation. The authors
also demonstrate the flexibility of the framework by evaluat-
ing alternative reinforcement learning algorithms, including
Double Deep Q-Network (DDQN), Deep Deterministic Pol-
icy Gradient (DDPG), and Soft Actor-Critic (SAC), all tested
with consistent neural network architectures. Simulations
were conducted using MATLAB/Simulink and BikeSim, vali-
dating the controller robustness and its ability to generalize
across multiple terrain configurations. These characteristics
highlight the control strategy potential for real-world scenar-
ios requiring agility, precision, and adaptability. Although it
is not a line-following robot, the trajectory implemented in
the simulation could easily be adapted for this function.

Wang, Ling and Ma [37] propose a method and framework
for controlling line and triangular vehicle formation for group
formation such as convoys. A Linear Quadratic Regulator
(LQR) controller based on the Ackermann model is developed
for lateral distance control and a Proportional-Derivative (PD)
controller for longitudinal distance control. To increase the
effectiveness of the LQR controller, the Deep Deterministic
Policy Gradient Derivative (DDPG) method is introduced into
the control system. The DDPG networks are trained in a simu-
lation environment and can subsequently predict LQR param-
eters in real-time experiments. These are not line followers
but robots following other robots, which can be understood as
a similar task. In addition to the simulations in the Gazebo 11
environment, two dedicated computers were used. The practi-
cal application of the method is also presented. The DDPG
algorithm is implemented on the main control board, which is
equipped with a Rockchip RK3588S processor. Meanwhile,
the latitudinal distance controller (LQR algorithm) and the PD
longitudinal distance controller operate on the base control
unit, which is powered by an STM32F767IGT chip operat-
ing at a clock frequency of 216 MHz. The formation data is
transmitted via a local wireless network facilitated by a WiFi6
module integrated into the main control board. The embedded
formation control system is built on Robot Operating System
2 (ROS2), enabling the decoupling of intricate functionali-
ties including communication, perception, and control. This
method can be implemented on small vehicles that have lim-
ited computational resources and is also suitable for scenarios
requiring dynamic motion control with higher tracking accu-
racy and stability. In this work, vehicles were controlled to
effectively dislocate as a convoy. This kind of coordinated
action differs from the one presented by [30] to soccer robot
competitions. In the convoy study, the system elements are
able to perform similar actions all over the operation, while
in a robotic soccer team, individual robots may execute very
different, yet complementary, tasks simultaneously, all aimed
at achieving a common objective

In [38], the authors propose a method based on a deep
reinforcement learning algorithm and convolutional network
(DQN-CNN: Deep Q-Network with Convolutional Network)
to enable autonomous navigation of robots equipped with
RGB cameras. The training was carried out in the Coppelia
VREP simulation environment while the real practical imple-
mentation was done on the NVIDIA Jetson Nano development
board. For prototyping, a navigation track was used, where
the robot is controlled by a DQN reinforcement learning algo-
rithm. The authors claim that the results were effective, since
the real robot was able to successfully execute the planned
mission.

Finally, the next two papers explore line-following robots
but without the application of machine learning and without
an educational focus.

The authors in [39] used a robust, non-chattering slid-
ing mode control (SMC) strategy for a line-following mobile
robot equipped with infrared sensors capable of detecting both
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straight and curved paths, and an Arduino Mega is used as a
microcontroller. Numerical and experimental trials were con-
ducted to evaluate the effectiveness of the proposed method
in simulation and real-world environments. For comparison
purposes, the SMC and a conventional proportional-integral-
derivative (PID) controller were implemented on the robot,
enabling a comparative performance analysis. Results con-
firm the potential of non-chattering sliding mode control to
ensure a satisfactory tracking performance under challeng-
ing operating conditions and in competitive scenarios. Al-
though reinforcement learning was not applied in this study,
it contributes with a new control strategy that can enhance
performance in robotics competitions, particularly in scenar-
ios demanding high precision and robustness. Therefore, the
application of reinforcement learning, even when combined
with other techniques, may not represent the definitive solu-
tion to the presented problems in this study. There should
always be openness to exploring alternative approaches and
methodologies.

A method presented in [40] enables mobile robots to per-
form obstacle avoidance and target tracking within dynamic
indoor and outdoor environments. In the proposed method,
image processing and machine learning approaches are con-
sidered. Since obstacles have differences in color and texture
and to identify non-navigable areas, an onboard monocular
camera is used to capture the road lanes by handling an im-
age processing technique (Haar cascade). The position of
the robot relative to the center of the road lane during navi-
gation is calculated based on a set of fuzzy logic rules. The
effectiveness and performance of the proposed method are
tested in several simulation and experimental scenarios. Sim-
ulations were performed for different scenarios, i.e., straight
and curved maneuvers, single and double lane changes in the
presence of obstacles with different shapes and sizes. The ex-
perimental results demonstrate that the proposed method can
detect the lane and obstacles during navigation. Deep learning
techniques and the use of aerial cameras or GPS systems are
presented by the authors as points of improvement in future
work. Although not mentioned by the authors, reinforcement
learning could certainly be employed in this application.

Table 1 summarizes these works contents.
Figure 2 is a word cloud graph obtained from the titles of

the 19 articles that fit the inclusion criteria.

4. Conclusion
In this article, a literature review on the use of reinforcement
learning in autonomous line-following robots was conducted.
Nineteen articles were considered relevant, according to the
inclusion and exclusion criteria, indicating that the area has
potential for future research. The number of articles closely
related to the search terms was small probably because the
search criteria used were too narrow.

The research presents results with reinforcement learning
algorithms, such as Q-Learning, Proximal Policy Optimiza-
tion and Deep Q-Learning, that were successfully applied to

solve line-following assignments. The choice of algorithms is
conducted based on the complexity of environments, robots
peripherals and performance requirements.

One of the main findings of the article is that combining
reinforcement learning with other control strategies is a pow-
erful strategy to improve the robot skills, for example stability,
learning speed and adaptability [25, 32, 33, 37, 39, 40].

The adoption of simulation environments before, or even
instead of, testing on real robots was an identified trend in
the reviewed literature, with 16 out of 19 studies employing
simulated backgrounds, which allowed researchers to safely
test reinforcement learning algorithms, accelerate training,
and experiment with complex scenarios that would be difficult
or risky in physical setups. Many tools were cited, including
ROS, Gazebo, TensorFlow, OpenAI Gym, CoppeliaSIM / V-
REP, VehicleSim, BikeSim, and MATLAB/Simulink, identify-
ing a diverse set of platforms adapted to simple and advanced
line-following robot systems.

The studies reveal the benefits and drawbacks of using
other approaches. Reinforcement learning enables robots
to learn optimal navigation policies through trial and error
interactions with the environment.

Another contribution is that reinforcement learning has
an important educational impact as well. Many projects
are implemented in university courses and robotic compe-
titions [20, 29, 38, 31, 32], where students gain hands-on ex-
perience in programming, control systems and artificial intel-
ligence concepts. Competitions stimulate creativity, problem
solving skills and practical application of theoretical knowl-
edge, highlighting the role of reinforcement learning applied
to autonomous robots as an effective tool for teaching and
learning. As a result, similar dynamics have also been con-
ducted in basic-level courses with children and teenagers,
seeking to increase their interest in STEM fields [34, 33].

Overall, reinforcement learning can be advised as a rising
approach for autonomous line-following robots, combining
technical innovation with educational and competitive benefits.
Future work may focus on improving learning efficiency, gen-
eralization to unseen tracks, and integration with real-world
robotic systems, while continuing to explore its potential in
educational background.
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