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1  Introduction

The application of autonomous mobile robot systems is 
constantly expanding due to the ability to assist in numer-
ous tasks, from those applied in industry to daily life. The 
range of application areas for autonomous mobile robots 
is vast, including education, industry, personal assistance, 
daily tasks, agriculture, transportation logistics, construc-
tion, disaster management, exploration, surveillance, and 
sports entertainment [1, 2].

Several methods are applied to guarantee the mobile 
robots’ effectiveness, including robot perception, control, 
decision-making, planning, localization, and others. The 
application of different kinds of sensors and also the com-
bination of them through sensor fusion methods is widely 
applied in recent research [1].

The technological advances based on artificial intelli-
gence have also contributed to improve the mobile robots’ 
performance, decision-making, and self-learning [3]. Tech-
niques such as supervised, unsupervised and reinforce-
ment learning have been applied in environment mapping, 
simultaneous localization and mapping (SLAM), trajectory 
planning and others. Based on robot perception, acquired 
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complex and dynamic environments.
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by the sensors data, the mobile robots are able to adapt their 
behavior and decision-making, and consequently improving 
their navigation capacity and interaction with the environ-
ment [4, 5].

Regarding the control of mobile robots inside dynamic 
and unknown environments, another approach that has 
stood out is the deep reinforcement learning. This approach 
significantly minimizes the need for explicit modeling and 
manual programming, allowing robots to learn navigation 
strategies through direct interaction with the environment. 
A recent study highlighted the effectiveness of an enhanced 
proximal policy optimization (PPO) algorithm to guide 
mobile robots autonomously, using LiDAR sensor data to 
avoid obstacles and reach target destinations safely [6, 7].

Companies such as Boston Dynamics develop humanoid 
and mobile robots to perform complex tasks autonomously, 
applying computer vision and AI algorithms in order to 
understand the environmental conditions and adapt itself to 
it. Recent advancements in machine learning have enhanced 
the autonomy and versatility of mobile robots. Rather than 
relying solely on traditional algorithms, modern robotic 
systems now incorporate deep learning models that process 
both visual and linguistic data [8, 9].

Therefore, the development of autonomous systems, 
such as mobile robots, requires extensive testing and sub-
stantial data to ensure effective performance and continuous 
improvement. In this context, advanced AI-based algorithms 
have shown great potential for improving the performance 
of robotic systems. However, they depend on large volumes 
of high-quality data collected from diverse real-world sce-
narios, which is a complex and challenging task [10, 11].

Due to the complexity of collecting real-world data, 
mainly in dynamic and uncertain environmental conditions, 
in situations where the data collection is limited, difficult, 
unfeasible, time-consuming, and error-prone, simulated and 
synthetic data are emerging as an alternative solution for 
robotics systems development and improvements. Through 
simulated data, it is possible to create large and diverse data-
sets encompassing different environmental conditions and 
scenarios, which is an essential factor for training machine 
learning models [10, 12–14].

Recent research demonstrated the application of syn-
thetic data, generated through artificial scenarios created 
in realistic simulations, as a reliable alternative to obtain 
real-world data. One of the advantages offered by synthetic 
datasets is the scalability, automatically creating an accurate 
ground truth without the possibility of human error, besides 
providing less dataset bias [10, 12, 15–18]. However, open 
datasets for public use are still scarce in some areas, as dis-
cussed by [19].

Nowadays, most of the training and testing processes for 
robotics navigation are learned in simulated environments, 

which must be close to reality [15]. According to [17], there 
is software applied to generate synthetic images to contrib-
ute to the training process of pose estimation of robotics 
tasks. In [20], the robot operating system (ROS) and Gazebo 
Simulator are applied to generate synthetic image datasets 
for machine learning algorithms. In paper [16], the virtual 
environment of the Grand Theft Auto V (GTA V), which is 
a realistic video game, was applied to create a dataset for 
robotics and navigation.

Synthetic datasets play a key role in accelerating machine 
learning development while improving the generalization of 
robotic models. These algorithms are exposed to situations 
that are often expensive and/or difficult to recreate in the 
physical world. The THUD++ dataset combines synthetic 
and real-world data to simulate dynamic indoor environ-
ments, offering more than 90,000 annotated image frames 
for tasks such as 3D object detection and autonomous navi-
gation. Currently, platforms such as UnrealROX allow users 
to control virtual robots in immersive simulations, enabling 
the capture of sensor data and interactive behaviors. These 
tools are becoming essential for building mobile robots that 
can reliably operate in uncertain and unstable real-world 
conditions [21, 22].

In the context of educational robotics, these datasets have 
become increasingly valuable because provide accessible, 
safe, and cost-effective resources for the teaching process. 
Through the use of these synthetic datasets, students and 
educators are allowed to explore complex robotic behav-
iors and machine learning techniques without the need for 
expensive hardware or risk of damaging physical robots. In 
addition, synthetic datasets enable the simulation of diverse 
scenarios and environments that usually are difficult to 
reproduce in a typical classroom. This flexibility allows stu-
dents to experiment complex tasks such as perception, path 
planning, and decision-making in a risk-free and scalable 
way. As a result, synthetic datasets support hands-on learn-
ing and innovation, helping to prepare the next generation 
of students with practical skills and theoretical knowledge 
[23, 24].

Generating these datasets through a simulation close to 
reality, the modeling of the sensors and actuators of the robot 
is indispensable as it provides an accurate representation of 
the behavior and dynamics of these subsystems. The model-
ing process is also relevant for sensor fusion, increasing the 
realism of simulations and supporting the development of 
high-performance controllers for mobile robots operating in 
dynamic environments [25–27].

As discussed, the design and development of modern 
systems require extensive testing to achieve reliability and 
high performance. Besides the appearance of synthetic 
datasets, the Hardware-in-the-loop (HIL) technique also 
stands out in industrial and educational contexts. In the HIL 
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approach, the physical hardware is integrated into the simu-
lation environment, allowing testing control algorithms in 
real hardware conditions safely and efficiently. Compared 
to traditional development and testing methods, HIL can 
significantly reduce development time and costs, while 
enabling the early detection and correction of faults during 
the initial stages of system design. In educational contexts, 
HIL allows students to test their control algorithms on real 
hardware, even in situations where physical equipment is 
limited [28–30].

Therefore, the goal of this paper is to present the develop-
ment of a realistic simulation inside an educational context 
in order to generate a dataset focused on mobile robots to 
publicly release so that researchers, companies, and research 
centers can leverage them, for example, to train machine 
learning algorithms, contributing to the advancement of 
robotic systems. The paper also describes the development 
of the physical mobile robot, prototyped with differential 
kinematics, which was applied in an educational context 
by master’s students. This same robot is replicated in a vir-
tual robot inside a realistic simulation to generate datasets 
focused on robot sensors and ground truth data, that can be 
used for localization, by applying, for example, machine 
learning algorithms, as well as classical algorithms, based 
on Kalman and particle filters.

In the following Sect. 2, the kinematics of a differential 
mobile robot are described, and then the mobile robot pro-
totype is presented in Sect. 3. The control system design is 
described in Sect. 4, including the line following, wall fol-
lowing, and obstacle avoidance algorithms. The modeling 
process of sensors and actuators is presented in Sect. 5, fol-
lowed by the simulation environment in Sect. 6. Section 7 
presents the software architecture and the HIL approach. 

Then, the dataset generation is shown in section 8. Lastly, 
conclusion and future work are presented in Sect. 9.

2  Kinematics

The applied mobile robot has a differential kinematics, pre-
sented in Fig. 1, and composed of two wheels, with their 
shaft passing by the same axle. Their movement is con-
trolled by independently varying each wheel’s velocity.

The mechanical structure of the differential robot, pre-
sented in Fig. 1, does not allow movements along the axle 
that cross wheel shafts. Considering that there is no lateral 
slip, each wheel velocity in the wheel’s ground contact point 
is perpendicular to the axle along the wheel shaft.

In this case, V1(t) and V2(t) are the velocities measured 
in the contact point between the wheel and the ground. The 
robot’s linear and angular velocities are given by Eqs. 1 and 
2, where b represents the distance between the ground con-
tact points.

v(t) = V1(t) + V2(t)
2

� (1)

ω(t) = V1(t) − V2(t)
b

� (2)

Considering the non-slipped situation, the differential robot 
kinematics can be described by the following equations for 
a global localization reference system.

ẋ = v(t)cos(θ(t)) � (3)

ẏ = v(t)sin(θ(t)) � (4)

θ̇ = ω(t) � (5)

3  Mobile robot prototype

The mobile robot prototype, presented in Fig. 2, has a dif-
ferential kinematics and was designed to be able to follow 
a line, follow a wall, and avoid obstacles. The mechanical 
design was developed by applying 3D printing technology. 
It is composed of a set of parts, including a structure for 
two wheels, a chassis to load the electronic components, 
and additional parts for attaching the sensors, actuators, and 
user interface, such as buttons. Four identical robots were 
assembled to be applied inside an educational context.

In order to achieve robustness and reliability for the robot, 
a custom printed circuit board (PCB) shield for Arduino 

Fig. 1  Differential robot
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avoid obstacles, having in mind that the robot must be cost-
effective. The hardware components of the mobile robot, 
illustrated in Fig.  4, are composed of an Arduino Mega 
microcontroller responsible for processing the data, a QTR-
8A line sensor to detect the line that the robot must follow, 
and three VL53L0X time-of-flight (ToF) sensors for obsta-
cle avoidance and follow a wall. The power system includes 
two rechargeable 3.7 V Lithium Ion batteries, a step-down 
regulator, and an auto power-off function in order to prevent 
battery damage. Two DC motors with built-in encoders are 
used for locomotion, allowing a closed-loop speed control 
and odometry estimation. A FIT0450 drive board is also 
applied to control the motors.

4  Control system design

The goal of the robot is to follow a line or a wall; for that 
purpose, it is necessary to maintain the highest possible lin-
ear velocity with an angular velocity that is proportional to 
the path curvature. With the reflectance sensor, also known 
as a line sensor, it is possible to know the robot’s posture in 
relation to the line at each sample time. In this way, the path 
curvature is known as being proportional to the line distance 
to the sensor center (error).

The robot’s linear velocity can be given by the following 
Eq. 6:

v = K1 − K3 · |error|� (6)

where K1 indicates the top linear velocity and K3 controls 
the velocity decrease as a function of the path curvature.

The robot’s angular velocity can be given by the follow-
ing Eq. 7:

ω = K2 · error� (7)

Mega was designed. The custom PCB, presented in Fig. 3, 
integrates the robot components, like motor drivers, power 
regulation, and sensor connectors, into a single board, mini-
mizing wiring complexity and consequently improving the 
electrical stability. Therefore, with this shield, better per-
formance in real-world conditions, efficient operation, and 
resistance to environmental stresses were reached [31].

The electronic components were chosen considering the 
objective for the robot to follow a line, follow a wall, and 

Fig. 4  Hardware components

 

Fig. 3  Custom PCB shield for Arduino

 

Fig. 2  Assembled mobile robot
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The approach is based on the following situation: if the 
robot is aligned with the line center, then the phototransis-
tors 3 and 4 are active, indicating an error value equal to 
zero. If the robot is misaligned to the right of the robot, only 
phototransistor 4 is active, indicating an error value of + 0.5. 
Therefore, the algorithm for line center calculation is inde-
pendent of line width; it is adaptable for any width.

For this methodology, a weighted average was applied to 
determine the error in relation of line center, presented in the 
Eq. 12, in which the weight for each sensor is represented by 
wi, xi represents each sensor value that can be 1 for active 
or 0 for not active, the sum of this multiplication is then 
divided by the sum of the number of active sensors ni.

line_error =
∑n

i=1 wixi∑n
i=1 ni

� (12)

4.2  Algorithm for wall error calculation

The algorithm for wall following is similar to the one 
applied for line following, however its input is the error 
in relation to a predefined distance from the wall. In this 
context, if the error increases positively compared with this 
target distance, it indicates that the robot is moving away 
from the wall. Therefore, the robot should move closer to 
the wall. On the other hand, if the error increases negatively, 
the situation is the opposite: the robot is approaching the 
wall. Therefore, the robot must move far from the wall.

The diagram presented in Fig. 6 illustrates the trigono-
metric approach for this situation. The data provided by the 
right or left sensor is represented by measured_distance, 
which is a distance measurement not perpendicular to the 
wall but with 45º of rotation due to the position of the sen-
sors in relation to the robot center.

Applying trigonometric calculations, the real distance 
from the robot to the wall is represented by actual_ distance 
and presented in Eq. 13. Considering a target_distance from 
the robot to the wall of 0.12 m, the error in relation to the 
wall can be expressed by Eq. 14. Therefore, the wall_error 
variable represents the error of robot position in relation to 
the target distance from the wall, and it must be included 
in the controller Eqs. 10 and 11, presented in the previous 
section. Normalization and saturation processes were also 

where K2 controls the angular velocity as a function of the 
curvature path.

The robot’s movement is controlled by varying each 
wheel’s velocity independently; in this way, the velocity for 
each wheel can be given by Eqs. 8 and 9, having in mind 
Eqs. 1 and 2.

V1 = v + ωb

2
� (8)

V2 = v − ωb

2
� (9)

From Eqs. 6, 7 and 8, Eq. 10 can be obtained:

V1 = K1 + K2 · error · b

2
− K3 · |error|� (10)

From Eqs. 6, 7 and 9, Eq. 11 can be obtained:

V2 = K1 − K2 · error · b

2
− K3 · |error|� (11)

4.1  Algorithm for line error calculation

The algorithm created for the robot to follow a line is based 
on calculating the relative error in relation to the line cen-
ter. The module QTR-8A Reflectance Sensor was applied to 
detect the black line, it is composed of eight infrared LED/
phototransistors, being able to provide different reflections 
based on the surface color [32].

The sensor outputs are composed of analog values that 
vary according to the surface color. A threshold was defined 
to detect the black line: values below this threshold indicate 
detection (active), while values above indicate no detection 
(inactive). Therefore, the sensor is treated as a digital device 
rather than an analog one. A weighted average is then cal-
culated based on the positions of the active phototransistors 
that detect the black line.

Considering the eight phototransistors in the line sensor, 
the robot has eight measurement positions varying from 
− 3.5 to + 3.5, as illustrated in Fig. 5. In order for the robot 
to move over the line aligned with the line center, it is neces-
sary converge to an error close to zero.

Fig. 5  Line error approach 
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Splines are a good option for generating continuous and 
different trajectories for obstacle avoidance, providing soft 
and controlled transitions between different parts of the path 
and guaranteeing stability in the robot’s movement. These 
curves consist of multiple points, including control points 
that define the shape of the curve [33].

Several deviation trajectories were pre-calculated to 
avoid abrupt movements and adjust for different situations, 
for example, to avoid obstacles in a straight line or in a path 
curvature. The size of the obstacle and its position in rela-
tion to the robot were also taken into consideration. In this 
case, the pre-calculated splines had 3200 evenly spaced 
points and were stored in arrays of points, allowing the 
robot to execute each trajectory according to the situation.

Figure  7 presents some deviation trajectories created 
with different control points to be applied in various situ-
ations of obstacle avoidance, depending on the laterality of 
the obstacle (left or right), its proximity, and its position in 
the path. The X and Y axes of the graphics represent the X 
and Y positions, in millimeters, that the robot must move 
to. Figure 7a shows a trajectory used to avoid obstacles in a 
straight line, while Fig. 7b and c were applied in the situa-
tion of avoiding obstacles in a path curvature, from the out-
side and inside of the curve, respectively.

5  Sensors and actuators modeling

Modeling of sensors and actuators plays a crucial role in 
simulation and control system design, as they offer an accu-
rate and structured way to represent complex systems. These 
models enable the analysis and prediction of system behav-
ior under varying conditions by capturing the dynamic rela-
tionship between input and output signals within a defined 
state space [26, 34]. Therefore, this section presents the 
modeling process of the ToF sensor and the DC motors of 
the mobile robot, aiming to support the development of a 
simulation that closely reflects real-world behavior and 
enables the generation of accurate datasets.

applied to these values in order to make them coherent with 
the same range of line error. This way, the controller can 
be the same for both situations: line following and wall 
following.

actual_distance = cos(45◦) · measured_distance � (13)

wall_error = target_distance − actual_distance � (14)

4.3  Obstacle avoidance approach

For obstacle avoidance, several approaches were applied, 
such as the information of ToF sensors, mainly of the front 
sensor, to change the state machine to perform other actions, 
such as avoidance. Odometry information can also be used 
for the robot to navigate without the measurements from a 
wall or a line support. The disadvantage of odometry calcu-
lation is that the error increases over time.

In addition, splines were applied for the obstacle avoid-
ance, which are predefined curves that the robot executes 
around the obstacle. The data from the lateral sensors were 
applied to monitor when the obstacle was out of view and 
return to the standard state of following a line or a wall. 

Fig. 7  Obstacle avoidance approaches a Straight line b Outside the path curvature and c Inside the path curve

 

Fig. 6  Wall error approach
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TM − TB − TQ = J · d · w(t)
dt

� (17)

KM · i(t) − B · w(t) − TQ = J · d · w(t)
dt

� (18)

From Eqs. 15 and 18, the second-order differential Eq. 19 
was obtained. Then, neglecting the effect of the inductance 
and assuming Ke = KM = K, a first-order differential 
Eq. 20 is obtained.

LJ

KM

d2ω(t)
dt2 +

(
RJ

KM
+ LB

KM

)
dω(t)

dt

+
(

RB

KM
+ Ke

)
ω(t) + RTQ

KM
= u(t)

� (19)

RJ

K

dω(t)
dt

+
(

RB

K
+ K

)
ω(t) + RTQ

K
= u(t) � (20)

Therefore, it is necessary to determine the parameters R, B, 
K and TQ, being them:

	● R, the resistance of the motor winding (Ω)
	● K—the electromechanical constant of the motor
	● B—the coefficient of viscous friction
	● Tq is a torque constant

In this context, considering the motor at a steady state, tests 
were conducted in which the electric current and rotational 
speed of the motor were measured for different voltage val-
ues, presented in Table 1.

Figure 9 illustrates the setup created for these tests. The 
data was acquired at a frequency of 25 Hz, being the setup 
composed of an ESP32 microcontroller, a 6 V DC motor 
with a built-in encoder, a motor drive TB6612, a current 
sensor INA219, and a computer. The microcontroller ESP32 
is responsible for data processing and sending information 
to a computer through serial communication. The 6 V DC 
motor with a built-in encoder sends encoder data for esp32 
in order to calculate the velocity once there is a closed-loop 
system. The ESP32 also controls the driver board in order 
to control the motor. A current sensor, INA279, is connected 
through the drive board and the motor terminals to measure 
the electric current.

Taking into account the steady-state motor behavior, the 
following system of equations was considered for the motor 
parameters estimation, in which the least squares method 
(LSM) was applied to obtain the best approximation. The 
first equation of the system represents the electrical behav-
ior of the DC motor and the second equation represents the 
mechanical behavior.

5.1  Motor modeling

Representing the dynamic behavior of DC motors within 
the SimTwo simulator, a model was developed based on 
the fundamental physical principles governing this type of 
motor. Initially, the motor’s operation is characterized using 
an electromechanical parameter model, as illustrated in 
Fig. 8.

The electrical characteristics of the system are repre-
sented by a series of three lumped elements: a resistor with 
resistance R, an inductor with inductance L, and a voltage 
source accounting for the back electromotive force pro-
duced by the rotor’s motion. On the mechanical side, the 
model incorporates the rotor’s moment of inertia J, a vis-
cous friction coefficient B and a static friction coefficient 
TQ. Applying Kirchhoff’s voltage law, Eq. 15 was obtained, 
which represents the electrical behavior and the relation 
between input voltage u(t) and electrical current i(t).

u(t) = R · i(t) + L · di(t)
dt

+ ev(t)� (15)

The counter-electromotive force is linearly proportional to 
the rotor speed w(t), being Ke the proportionality constant 
and presented in Eq. 16.

ev(t) = Ke · w(t)� (16)

The mechanical behavior can be defined by Newton’s sec-
ond law, presented in Eq.  17, where the motor torque is 
represented by TM  that is a linear function of the electric 
current i(t), defined by the relation TM = KM · i(t), being 
KM  a positive constant. The braking torque TB , which 
results from friction, is proportional to the rotor’s angu-
lar velocity w(t) and given by TB = B · w(t), being B the 
viscous friction coefficient. Additionally, a constant torque 
TQ for the static friction is included to account for other 
unmodeled effects. Performing the substitutions, Eq. 18 was 
obtained.

Fig. 8  Permanent magnet DC motor parameters model
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Based on the acquired data presented in Table 1, firstly, the 
parameters R and K of Eq. 21 were estimated, applying the 
LSM method by solving the following Eq. 22:

θ =
(
HT H

)−1 HT u� (22)

where H is the matrix of regressor vectors, u is the vector 
associated with the voltage values, and θ = [R K]T . The 
same procedure was carried out for the second Equation rep-
resented in 21 in order to estimate B and TQ. The results for 
the estimated parameters are presented in Table 2. Figure 10 
shows the real and modeled motor steady-state response 
data, in which it can be concluded that the model shows a 
good fit to the experimental data.

5.2  ToF sensor modeling

The ToF sensor is a ranging sensor manufactured by STMi-
croelectronics very popular due to its high accuracy, easy-
of-use, and low cost. Operating with an infrared signal of 
940 nm, capable of reaching distances up to 2 m and with a 
narrow field of view of 25◦. The sensor is based on the ToF 
technology [35], illustrated in Fig. 11, in which a modulated 
infrared signal is sent to a target and the reflected signal is 
captured by a receptor, converting photonic energy to elec-
trical current. Based on the reflection time of the signal, the 
distance is calculated and presented as an output of the sen-
sor [36–38]. This sensor can work in four ranging modes: 
the default mode, high speed, high accuracy, and long range. 
The default mode was chosen to be enough for the proposed 
application because provides a tradeoff between reactive-
ness and accuracy; this operating mode contains a range 
timing of about 30 ms [35, 38].

5.2.1  Setup for acquiring data

For the modeling process of the ToF sensor, a setup was cre-
ated to acquire data, using a collaborative robot as a manip-
ulator in order to obtain movements with accuracy. The used 
robot was a collaborative robot from Kassow Robots, which 
has 7 degrees of freedom, a payload of 10 Kg, and a reach 
of approximately 1 m [39, 40]. The ToF sensor modeling 
details have already been presented in [27, 38, 41].

{
u(t) = Ri(t) + Kω(t)
0 = Ki(t) − Bω(t) − Tq

� (21)

where:

	● u(t) is the voltage applied to the motor (V)
	● i(t) is the electric current (A)
	● ω(t) is the angular velocity (rad/s)
	● R is the resistance of the motor winding (Ω)
	● K is the electromechanical constant of the motor
	● B is the coefficient of viscous friction
	● Tq is a torque constant

Table 1  Steady-state current and angular velocity for different motor 
voltages
u (V) I (A) w (rad/s)
0.00 0.000000 0.00000
0.25 0.072723 0.00000
0.50 0.072155 0.87457
0.75 0.079350 1.61743
1.00 0.085538 2.42328
1.25 0.091426 3.24140
1.50 0.094087 3.96708
1.75 0.103298 4.76475
2.00 0.109114 5.45525
2.25 0.113620 6.23410
2.50 0.117927 7.11685
2.75 0.123966 7.80653
3.00 0.131561 8.55920
3.25 0.137696 9.20634
3.50 0.144181 9.99828
3.75 0.148593 10.75750
4.00 0.151752 11.48560
4.25 0.158205 12.32090
4.50 0.166269 12.89280
4.75 0.172286 13.50970
5.00 0.178680 14.31800

Table 2  DC Motor estimated parameters
Parameters Values
R 3.03
K 0.31
B 0.002
Tq 0.02

Fig. 9  Experimental setup for motor modeling
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measurements to the computer via serial communication. 
The computer exchanges data with the robot via the Mod-
bus over Ethernet protocol, chosen for its compatibility and 
available libraries. The system operates with three paral-
lel processes: the microcontroller sends measurements at 
30 Hz, the computer performs control and processing, and 
the robot executes the trajectories and sends feedback [27, 
38].

Five experiments, illustrated in Fig. 13, were performed 
to collect data from the ToF sensor. In the first one, Fig. 13b, 
the behavior of the sensor was analyzed when faced with 
different shades of paper (white, black and two shades of 
gray) and heights ranging from 0 to 1.2 m in 1 mm steps. In 
the second test, Fig. 13c, the influence of different materials 
such as metal, wood, glass, paper and plastic with distances 
ranging from 61 to 900 mm was evaluated. The third experi-
ment, Fig. 13d, consisted of the horizontal movement of the 
robot over a step, using a white surface, to observe the sen-
sor’s response to a sudden change in distance. In the fourth 
experiment, Fig.  13e, the robot adjusted the sensor’s tilt 
angle while maintaining the distance to a white table, mov-
ing it laterally and forwards/backwards, in order to analyze 
the field of view and the effect of orientation. Finally, in the 
fifth experiment Fig.  13f, an infrared-sensitive PiCamera 
was used to capture images of the ToF sensor’s field of view 
and compare them with the datasheet data.

The system communication, illustrated in Fig.  12, 
involves the ToF sensor fixed to the flange of the collab-
orative robot with a 3D printed support Fig. 13a. The sen-
sor sends data via I2C to an Arduino, which transmits the 

Fig. 12  System data flow for ToF sensor modeling

 

Fig. 11  Time-of-flight principle illustration

 

Fig. 10  Motor steady state response 
data (modeled vs. real)
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values measured by the sensor. It is possible to conclude that 
for white and light gray, the average values are close to the 
theoretical distance of 100 mm. Dark gray and black color 
values disperse, which is expected due to the low reflec-
tion level of these colors. The white color presented the big-
gest standard deviation, providing distributed values for this 
color, and dark gray was the color that presented the small-
est standard deviation, which indicated that the data were 
not evenly distributed in relation to others [38].

The mean curve approximates a linear curve, and accord-
ing to the distance increase, the error increases too, which are 
both expected. It can be concluded that the sensor behavior 
was better for short distances, around 40 to 180 mm, where 
the mean curve is totally linear, as it can be seen in Fig. 14a, 

5.2.2  ToF sensor modeling results

From the data obtained in the experiments, the mean, error 
and standard deviation for each color tone were calculated 
and presented in Fig.  14a–c, respectively, as well as the 
results at 100 mm were presented in Table 3. Before 40 mm 
and after 1  m, the measurements were considered incon-
sistent because there were disturbances and failures in the 

Table 3  Mean and standard deviation for distances at 100 mm in dif-
ferent colors tones
Colors White Light gray Dark gray Black
Mean (mm) 100.25 100.21 101.24 95.63
Std 0.84 0.82 0.79 0.80

Fig. 14  a Mean b Error and c Standard deviation for different colors tones d Mean for different surfaces

 

Fig. 13  Complete setup to acquire data. a ToF sensor attached to the 
robot flange b Manipulator moving the sensor vertically in different 
colors tones c Manipulator moving the sensor horizontally over a step 

d Manipulator moving the sensor in different angles e Manipulator 
moving the sensor vertically in different surfaces types—in this picture 
wood f Camera obtaining images from sensor field of view
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The standard deviation estimation was obtained by mini-
mizing the absolute error between the actual data and a 
third-order polynomial curve, as shown in Fig. 15. The data 
from white surfaces were used as a reference in this process 
since this color yielded the most reliable performance. A 
minimum distance of 0.04 m was selected because measure-
ments below this threshold tend to be unreliable. Between 
0.04 and 0.18 m, the standard deviation remains nearly con-
stant, with an estimated value of 1.41. Beyond this range, 
the standard deviation follows a third-degree polynomial 
behavior. The two mathematical expressions used are 
shown in Eq. 23, where x denotes the distance in meters and 
y represents the standard deviation in millimeters.
{

y(x) = 1.41 when 0.18m > x > 0.04m
y(x) = 1.15x3 + 2.51x2 + 4.88x + 1.40 when x > 0.18m � (23)

For estimating the measurement error, a logarithmic curve 
was fitted using a quadratic error minimization approach. 
The resulting model is presented in Eq.  24 and visually 
depicted in Fig. 16. The curve starts at 0.18 m, as the error 
values below this distance are minimal and can be reason-
ably approximated as zero. In the equation, x corresponds to 
the distance in meters, while y represents the measurement 
error in millimeters.

y(x) = 59, 77 ln(x) − 116.86� (24)

In the third experiment, the manipulator moved the sensor 
horizontally over a white paper box with a height of 106 mm, 
starting from 0 to 300 mm (1 mm steps) and at six different 
distances from the target (ranging from 50 to 300 mm). The 
results, presented in Fig. 17, show that the measurements 

the error is close to zero, as shown in Fig. 14b, and the stan-
dard deviation remained constant. Another point observed 
is the difference between the curves for light colors (white 
and light gray) and dark colors (dark gray and black), which 
is caused by the white color having a reflection level higher 
than the others [38].

For the second experiment, Table 4 shows the results 
obtained at a distance of 100 mm, highlighting that wood, 
paper and plastic presented averages closer to the theoreti-
cal value and smaller errors. Metal and glass had greater 
dispersion and standard deviation, with glass being the most 
unstable. Figure 14d illustrates the averages as a function of 
the theoretical distances, showing that the curves are almost 
linear, except in the case of glass, which presented greater 
errors due to low reflection and high refraction. Aluminum, 
being very shiny, generated unwanted reflections. It can be 
concluded that the reflectance of the material directly influ-
ences the measurements: surfaces such as glass and metal 
compromise accuracy, while paper, wood and plastic guar-
antee more stable and accurate results.

Curves for standard deviation and error were estimated 
in order to obtain stochastic modeling for the ToF sensor, 
providing relevant data that can be applied in a simulation 
environment. This approach enhances the sensor’s usability 
and provides valuable data for applications involving sensor 
fusion.

Table 4  Mean, error and standard deviation for distances at 100 mm 
in different surfaces
Surfaces Metal Wood Glass Paper Plastic
Mean (mm) 89.06 99.88 96.58 101.42 99.7
Error (mm) ± 10.94 ± 0.12 ± 3.42 ± 1.42 ± 0.29
Std 1.28 1.42 1.77 1.45 1.31

Fig. 15  System data flow 
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despite the leveling of the support having been verified with 
a spirit level.

In the last experiment, the sensor’s field of view was 
analyzed using an infrared-sensitive camera, comparing the 
measured diameters with the theoretical values calculated 
from the 25◦ angle specified in the datasheet. As the sensor 
moves away, its field of view increases, which can generate 
more errors in the measurements. The captured images pre-
sented in Fig. 19 showed results consistent with the theoreti-
cal values, confirming the accuracy of the calculations, as 
detailed in [27]. The tests were limited to 150 mm, because 
at greater distances the projected circle becomes too wide 
to be measured clearly. Captures were also taken with the 
sensor tilted, maintaining the distance, and with the ambient 
lighting turned off to better observe the deformation of the 
field of view, as detailed in [27].

before the step and after the step, once adjusted for the box 
height, were close to the theoretical values, confirming the 
consistency of the data. It was observed that the greater the 
distance from the sensor, the smoother the curves due to the 
larger field of view that captures points outside the step. The 
increase in error proportional to the distance demonstrates 
good sensor response even when faced with abrupt height 
variation [38].

In the fourth experiment, the manipulator tilted the sen-
sor at different angles (from − 25◦ to +25◦, 2◦ steps) and 
distances from the target (50–300  mm), maintaining the 
same distance in relation to the white surface, as presented 
in Fig. 18. The measurements, at 0◦, were close to the theo-
retical values, but when tilting the sensor, errors arose due 
to misalignment between transmitter and receiver, affecting 
the capture of the reflected signal. When moving the sen-
sor laterally, the curves became more symmetrical, while 
when moving back and forth there was a greater inclina-
tion on one side, probably caused by the physical position 
of the emitters and receivers or manufacturing asymmetries, 

Fig. 17  System data flow

 

Fig. 16  System data flow 
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For this simulation, the sensor was integrated into the Sim-
Two environment using an array of 90 rays to approximate 
the dispersion of infrared signals across its field of view 
of 25◦. The simulated output is obtained by computing a 
weighted average of the 90 ray measurements, after which 
noise and error models are applied to emulate real-world 
sensor behavior. Detailed information about this work can 
be found in [41]. The results closely matched those obtained 
from the real tests. This consistency indicates that the model 
developed for the ToF sensor accurately reflects real-world 
behavior.

Then, a virtual robot, presented in Fig. 20 with the same 
dimensions as the real robot, was created inside the simu-
lation environment. The virtual model consists of solid 

6  Simulation environment

For the development of realistic simulation, an open source 
robotics simulator called SimTwo [42] was applied, which 
is based on the Open Dynamics Engine [43], an open source 
library designed for simulation of rigid body dynamics. One 
of the main advantages of using a simulator is the possibility 
of developing robot control applications without the need of 
having a physical robot [44–46].

SimTwo has been applied in an educational setting, 
assisting in developing robot control software even without 
access to real hardware. Additionally, this simulator offers 
a 3D environment that supports various types of robots, 
including omnidirectional wheeled robots, industrial robots, 
humanoids, and others, and it includes a wide range of com-
ponents such as sensors and actuators, whose models can 
be added as inputs. The ability to incorporate real models 
of sensors, actuators, rigid-body parts, and robot joint con-
figurations brings dynamic realism to SimTwo, enabling 
simulations that closely resemble real-world behavior. Fur-
thermore, SimTwo also provides the possibility to send and 
receive data remotely because it includes several types of 
communications, making possible the application of, for 
example, techniques such as Hardware-in-the-loop, which 
will be discussed posteriorly [41, 45–48].

Before the creation of the virtual robot, the ToF sensor 
was simulated inside SimTwo in order to test if the model in 
the simulation reflects the characteristics of the real sensor. 

Fig. 20  Virtual robot

 

Fig. 19  Results of the field of view 
according to different heights. 
a 50 mm of height b 70 mm 
of height c 90 mm of height d 
100 mm of height e 130 mm of 
height f 150 mm of height

 

Fig. 18  System data flow

 

1 3

Page 13 of 20     44 



Universal Access in the Information Society           (2026) 25:44 

motor speeds. These signals drive the virtual robot, allowing 
for accurate simulation of physical behavior based on real-
time decision-making.

The software architecture adopts two approaches. The 
first is real robot programming, where the microcontroller 
acquires, processes, and acts on data from physical sensors 
and encoders. The second uses the Hardware-in-the-Loop 
(HIL) method, where only the microcontroller is real, vir-
tual sensors and actuators in a simulator provide data and 
receive commands, while the processing still runs on the 
microcontroller.

Figure 23 shows the flowchart of the software architec-
ture, where the blue blocks indicate microcontroller tasks, 
green blocks the simulator tasks, and red blocks the parts 
the students must develop. Therefore, a library provides pre-
processed data such as line sensor error, sensor values, dis-
tance, odometry (x, y, θ), motor setpoints and the controller. 
Students use this information to implement the control logic 
to transit between different operational states of navigation 
to overcome the proposed challenges such as line-follow-
ing, wall-following and obstacle avoidance along the path.

8  Dataset generation

Aiming to contribute to the advances of localization tech-
niques for mobile robots, this section describes the creation 
of a synthetic dataset openly available on [52], in order to 

shapes, such as cuboids and cylinders, connected by joints 
like hinges, which allow movement along a defined axis. 
Taking into consideration the modeling of sensors and actu-
ators presented in Sect.  5, the parameters obtained from the 
motors’ modeling and also encoders data were included in 
the virtual robot in order to make the actuation of the robot 
close to reality. For the ToF sensor, the model obtained was 
included in the simulation, with all the specifications and 
equations from error and noise, making the sensors’ data 
acquisition close to reality.

The scenario presented in Fig.  21 was created inside 
the simulation environment, considering the challenges of 
following a line, following a wall, and avoiding obstacles 
that were proposed inside a classroom context of master 
students. For the line purpose, two straight lines and two 
arcs were created and positioned in order to form a path 
inside the SimTwo, totalizing a length of 1.94 m. For the 
wall purpose, four solids representing the walls were posi-
tioned around the line, being two smaller walls with 0.8 m 
of lenght and two bigger walls with 1.5  m of length. In 
addition, an obstacle was also created with a dimension of 
0.1 × 0.1 × 0.1 m, and it could be positioned in different 
positions of the scenario, including on the line and close to 
the walls.

7  Software architecture

Hardware-in-the-loop (HIL) is a good approach to be applied 
inside an educational context, considering the situation in 
which students do not have access to a physical robot, for 
example. Applying this method inside classrooms allows 
students to evaluate and refine their control algorithms using 
real hardware processing conditions without risking damage 
to physical components. In addition, it enables testing and 
algorithm development by the students even when physical 
platforms are unavailable or already in use by other groups 
[28, 29, 44, 49, 50].

This method integrates real-time processing with simu-
lated environments by establishing communication between 
a virtual robot in the simulator and the physical control 
hardware. Through the application of the HIL technique, the 
controller is able to operate under real hardware conditions 
while the sensors’ data acquisition and actuation are carried 
out within the SimTwo simulator. As a result, students and 
developers can test and validate control algorithms in a real-
istic yet risk-free environment [28–30, 44, 49–51].

Figure 22 illustrates the HIL technique for this case, in 
which the simulator emulates sensor outputs, such as data 
from line sensors, distance measurements, and encoder val-
ues. These data are sent to the embedded system that pro-
cesses this information and returns control signals, such as 

Fig. 22  Hardware-in-the-loop method

 

Fig. 21  Scenario created in SimTwo
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the path in the dataset is essential to provide visual informa-
tion that assists in the localization and navigation of robots, 
allowing algorithms to learn to recognize environments, 
identify visual landmarks, and make more accurate deci-
sions during movement. The camera had a focal length of 
30 m and was positioned at 0.07 m of height from the robot 
base and 60◦ of inclination in relation to the axis perpen-
dicular to the ground. The specific information about robot 
dimensions are available in the description document inside 
the dataset.

The SyMoLo dataset was gathered in a virtual scenario 
presented in Fig. 24, created inside the simulator SimTwo 
and covering the main tasks of the mobile robot: following 
a line, following a wall, and avoiding obstacles. In this con-
text, the scenario includes walls in different positions and 
inclinations, lines with different curvatures, and obstacles 
along the route, exploring several challenges involving the 
exchange of the robot’s states. The obstacles have a dimen-
sion of 0.08 × 0.08 × 0.12 m and the height of all the walls 

facilitate reproducibility and to save cost and time. Mak-
ing this dataset open-source, it is intended to support the 
scientific and educational community in the development 
and evaluation of robust and safe solutions for autonomous 
mobile robots.

8.1  Setup for data collection

The Synthetic Dataset for Mobile Robots Localization Algo-
rithms (SyMoLo) was proposed and generated by a realistic 
simulation using the SimTwo simulator, already described 
in Sect.  6. The simulation allows the accurate control of 
variables, the generation of large volumes of data, and the 
replicability of experiments, being a valuable tool for test-
ing and validating navigation and localization algorithms.

The same virtual robot already described in Sect. 6 and 
shown in Fig.  20 was applied for the dataset generation. 
A virtual camera was included above the robot in order to 
obtain images of the trajectory and scenario in front of the 
robot, as presented in Fig. 24. The inclusion of images of 

Fig. 24  Scenario and virtual robot applied for the dataset 
generation
 

Fig. 23  Software architecture 
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that provide real-time measurements of obstacles around the 
robot. Readings from the line sensor QTR-8A, are normal-
ized reflectance values between light and dark runway sur-
faces, allowing to identify the relative position of the robot 
in relation to the black line on the floor. Other data are also 
included, such as the absolute position and orientation of the 
robot (ground truth) in the simulated environment, extracted 
from the simulator, linear and angular velocities of the robot 
during the path.

The states of the robot, that is, the operation modes are 
also collected in each sample. The robot has three main 
states: zero for line following, 1 for right wall following, 
2 for left wall following, and 5 and 6 for obstacle avoid-
ance by left and right side respectively. Then, there are other 
states related to specific movements, such as turn right and 
turn left, represented by states 4 and 3. There are also states 
33 and 44 destinated for the situations when the robot gets 
lost while performing wall following, therefore the robot 
must move in the direction of the sensor that is in use for 
tracking.

Besides that, the dataset also includes images captured 
by a virtual frontal camera at a sampling frequency of 5 Hz 
(200 ms of timestamp). For each generated image, the cor-
responding robot coordinates are also provided in the simu-
lated world, allowing direct associations between visual 
perception and localization. These data are temporally syn-
chronized, enabling combined analysis and application in 
mapping, navigation, computer vision, and machine learn-
ing tasks.

The mobile robot performed two distinct paths, one in 
the clockwise direction (CW) and another in the counter-
clockwise (CCW) direction. For each trajectory, three runs 
were conducted, totaling six experimental trials. Figures 25 
and 26 presented the results of the paths performed by the 
virtual robot in the experimental scenario. The black point 
illustrates the starting point (x = 0.55, y = −0.2, θ = 90◦). 
The series specified in the legend of the figures correspond 

is 0.15 m. The other dimensions of the path are specified in 
Fig. 24.

Therefore, in this experimental scenario, the robot ini-
tially performs line following. Then, it must change to wall-
following while simultaneously detecting and avoiding an 
obstacle. After that, the robot is required to switch to fol-
lowing a wall on the opposite side. Finally, it returns to the 
line following, during which it must again detect and avoid 
another obstacle.

The control system design described in Sect. 4 was imple-
mented in the virtual robot’s control loop, and data were 
collected using the Hardware-in-the-Loop (HIL) approach 
outlined in Sect.  7. For the obstacle avoidance task, the 
spline curve similar to that one shown in Fig. 7a was used 
to guide the robot to avoid obstacles on the left side while 
performing line following. In wall following mode, how-
ever, the side chosen for avoidance depends on which side 
the robot is following the wall and which direction is unob-
structed, as determined by the sensor measurements.

8.2  Data collection methodolody

The SyMoLo dataset collected several types of data, pre-
sented in Table 5, that represent the state and the perception 
of the robot through the simulated trajectories. The quantita-
tive data were captured at a sampling frequency of 20 Hz, 
therefore the timestamp between samples is around 50 ms. 
These data include the readings from the three ToF sensors 

Table 5  Types of collected data
Data Unit/format Description
t milliseconds Timestamp at each data sample, 

since the start of the experiment
x meters Robot’s position along the X-axis in 

global reference
y meters Robot’s position along the Y-axis in 

global reference
theta rad/s Orientation of the robot
state n/a Current operational mode of the 

robot, such as line following, wall 
following, obstacle avoidance and 
others

v m/s Linear velocity of the robot
w rad/s Angular velocity of the robot
d_f meters Distance measured by the front ToF 

sensor
d_l meters Distance measured by the left ToF 

sensor
d_r meters Distance measured by the right ToF 

sensor
L0...L7 n/a Readings from QTR-8A line 

sensor (array of 8 reflective 
phototransistors)

img jpg Image number assigned to this sam-
ple. Obs: if the number is 0, there is 
no image assigned to this sample

Fig. 25  Clockwise route
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file that includes the position of the robot for each captured 
image. The JPEG images captured are stored in the images 
folder, and a selection of them is presented in Fig.  28 in 
order to assist in the understanding of the dataset’s structure, 
usability and representative content.

The SyMoLo dataset also includes a markdown file with 
a detailed description of the dataset and a JSON file con-
taining metadata information, such as the description of 
the robot, layout of the scenario, unities, simulator version, 
sampling frequency, and other data that is important for 
reproducibility.

9  Conclusion and future work

This article contributes to advancing and enhancing localiza-
tion techniques for autonomous mobile robots, through the 
development of a synthetic dataset, generated by a realistic 
simulation of a mobile robot using the SimTwo environment 
inside an educational context. The dataset is publicly avail-
able, facilitating reproducibility and benchmarking, while 
reducing costs and complexity associated with real-world 
data collection. In addition, it enables researchers to train, 
test, and refine classical and emerging localization algo-
rithms under customizable and controlled conditions.

The developed synthetic dataset combines quantitative 
data with visual information, providing a rich and structured 
source for training and validating algorithms of mobile 
robots localization. By simulating realistic scenarios with 
controlled variables, this dataset enables the testing of per-
ception and control strategies in a reproducible and scalable 
way, making it particularly valuable for benchmarking per-
formance under diverse conditions without the limitations 
imposed by physical hardware.

For the development of realistic simulation, the modeling 
of sensors and actuators contributes to inserting the realism 
and practical values in the simulation, therefore the result-
ing synthetic dataset includes noise, delays, and physical 
constraints also present in the real systems. Consequently, it 
is more suitable for developing and testing algorithms that 
are intended to operate reliably on actual robots.

The paper also addresses the development, control 
design, and prototyping of the physical mobile robot, allow-
ing the validation of the realism and practical relevance of 

to the three runs. Both paths presented very similar trajecto-
ries, showing consistency in navigation behavior.

8.3  Dataset structure

The structure of the dataset is organized in folders and files 
as illustrated in Fig. 27. There are two folders destined for 
the two paths, one in the clockwise direction and the other 
in the counterclockwise direction. Within each trajectory 
folder, there are 3 more folders dedicated to each of the 3 
tests carried out on the same route.

Inside each test folder, there is a data.csv file containing 
data collected from the sensors, robot positions, velocities, 
and associated images. There is also an image_positions.txt 

Fig. 28  Dataset images in the clockwise route a Following line b Following line close an obstacle c Following right wall d Following left wall e 
Avoiding obstacle f Following the left wall near the change to following line

 

Fig. 27  Dataset structure 

Fig. 26  Counterclockwise route
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the synthetic data, ensuring that the models and simulated 
scenarios are close to real-world conditions. Besides that, 
this approach increases the applicability of the dataset for 
researchers aiming to deploy their algorithms on real robotic 
platforms.

Therefore, the results of this work show that the simu-
lated dataset can effectively replicate real-world conditions 
and behaviors, representing an effective strategy for edu-
cational and research contexts. In addition, to stimulating 
hands-on learning and the development of technical skills, 
this approach contributes to the creation of open and repro-
ducible resources, which are essential for advancing teach-
ing and research in mobile robotics.

As future work, it is planned to develop the cross-vali-
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tions of sensors. In addition, the development of localiza-
tion, mapping, and navigation algorithms based on machine 
learning trained with the generated dataset is planned to 
evaluate their performance and robustness in different con-
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