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The mobile robot is an intelligent device that can achieve many tasks in life.
For autonomous, navigation based on the line on the ground is often used
because it helps the robot to move along a predefined path, simplifies the
path planning, and reduces the computational load. This paper presents a
method for navigating the four-wheel mobile robot to track a line based on a
deep Q-network as a control algorithm to desire the action of the mobile
robot and a camera as a feedback sensor to detect the line. The control
algorithm uses a convolution neural network (CNN) to generate the mobile
robot action, defined as an agent of deep Q-network. CNN uses images from
the camera to define the state of the deep Q network. The simulations are
performed based on Gazebo software which includes a 3D environment,
mobile robot model, line, and Python programming. The results demonstrate
the high-performance tracking of mobile robots with complex line
trajectories, achieving errors of less than 100 px, which is compared with

the traditional vision method (VNS), the MSE of the proposal method is
0.0264 lower than VNS with 0.0406. Showcases proved convincingly that
effectiveness suggested a control approach.
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1. INTRODUCTION

Mobile robots (MR) have been rapidly developing in many fields in life such as industry [1],
military [2], and medicine [3] with the purpose of transportation [4], assistance [5], rescue [6], cave
exploration [7], and operation in polluted environments [8] to check the pollution level of the environment.
Because they are very flexible, perform many tasks, are autonomous, and can free up human hands. For each
mission, MR is designed with different types as two-wheel mobile robots (TWMR), and four-wheel mobile
robots (FWMR), [9], [10]. Each type has advantages and disadvantages in the specific applications. For
example, TWMR is often small in size, and small payload [11]. While FWMR has more rigidity, larger
payload, better drivability, and more stability in cornering [12]. In general, the FWMR is often used to
demonstrate control algorithms as well as apply them to real life. Additions, the FWMR is similar to a car
vehicle, and autonomous vehicle systems are of interest both indoors and outdoors nowadays. With outdoor,
the vehicle could use the global positioning system for navigating. However, the indoor is lacks this, which
has to use the landmark or road markings to compute its position and tracking.

By using a global sensor like a camera [13], the broadcasting signal is sent to all mobile robots, and
the position of MR is detected based on the broadcast control. This system could support the position for
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many MRs in this network but the configuration complex and the low signal transfer affect to performance of
each MR. To localized control MR, energy consumption comparison [14] relating to tracking accuracy is
used to strict criterion. This work shows the high performance of MR in tracking position field, but
maintaining energy and its comparison are difficult work. It needed high accuracy to decide the controller for
MR. If this performance is reduced for some reason, the trajectory of MR is affected and does not follow the
purpose. Other research related to the control of each actuator with dead-zone input [15] is to maintain the
trajectory of MR, which could prove the stability of the Lyapunov function but it is difficult to apply them to
real devices and environments. Besides, an adaptive control algorithm based on sliding mode control [16]
was developed for the lateral stability of mobile robots in both simulation and experimental. Herein, the MR
could well track the S path trajectory. However, the vibrated appears in the yaw rate and slip angle in the fast
update. Normally, the control algorithms based on landmarks are complex and need more sensors to detect
the environment. Therefore, using line markings such as color lines and magnetism lines to guide MR moves
to the target is often considered in many research and applications. Herein, the cost of the magnetism line and
its sensor for detecting are more expensive than the color line. In this paper, we select the black line on the
ground as the marks for the MR.

The designing automatic navigation algorithms for MR based on the black line have been
implemented by using an infrared sensor (IR) [17] and a camera sensor [18]. Both sensors deliver high
effectiveness for each application. However, IR is often affected by light intensity and the condition of the
environment, while the camera has more useful information by the larger view of the point. A combination of
artificial intelligence (Al) trends is developing in all fields of life. Then Al helps MR to navigate lines is
focused in some research [19], [20] which uses an artificial neural network (ANN) to compute the speed of
each actuator of MR. With this structure, the dataset for training the weight of ANN needs a larger size and is
defined in detail. To overcome this limitation, reinforcement learning (RL) is the most used in automatic
navigation because of its self-learning, exploration, and discovery of the environment [21]. However, it has
limitations related to the memory in the continuous environment due to the self-learning process which could
be solved by a combination of RL and deep learning (DL) called deep reinforcement learning (DRL) which
uses the loop between agent and environment to finish the control tasks. Herein, environment provides the
State and reward-like feedback control for the agent. After having this information, the agent will generate
the action corresponding to send back to the environment like the control system. A table in agent to map
between state input and action output. However, the memory space needs to be large and quickly accessible.
For this reason, a neural network (NN) is used to replace the mapping table which is called a deep Q network
(DQON) [22].

To present NN in DQN for controlling the mobile robot, the ANN [23], single shot multibox detector
[22] and convolutional neural network [24] have been considered using the red, green, blue-depth (RGB-D)
and lidar sensors to detect the marks in the environments. So, the DQN in the navigation field for a mobile
robot based on line tracking is a new point in this paper. In particular, CNN is an architecture in deep learning
that could reach high accuracy in classification and segmentation based on images from a camera [25]. In this
paper, the camera is used to capture the image from the environment and analyze it to determine the control
signal for MR based on DRL. And CNN is selected for the DQN structure in DRL. Furthermore, the mobile
robot must be simulated before applying it to real experiments to avoid trouble-related control algorithms,
parameters, and environmental conditions. The simulation step could help reduce the cost of the development
product as well as test the control algorithm. This research uses the image from the camera for training the
CNN structure to make it more intelligent. For simulation, the Gazebo simulation software is suggested to
present the environment, sensor model (camera), and mobile robot model based on physics engines [26].

In this paper, we propose to use the classical DQN structure in DRL to generate action for
navigating the mobile robot with one RGB camera to follow the line. The DQN is developed based on the
CNN structure. And simulation is built based on Gazebo software to present the 3D environments, modeling
mobile robots, and sensors (camera). The simulation results show the effectiveness of the proposal method
that MB could track the black line with small errors (less than 100px) and complex desired trajectory.

The rest of the paper is presented as follows: section 2 is mobile robot modeling while the overall RL
and DQN algorithm are presented in section 3. Next, the proposed control algorithm for mobile robots using
DQN agent by the convolution neural network is developed in section 4. Section 5 presents results obtained in
the Gazebo simulation environment to verify the control performance and section 6 is the conclusion.

2. METHOD
2.1. Mobile robot modeling

A four-wheeled mobile robot (FWMR) consists of four wheels with a radius of r. Herein, two
wheels in each front and rear must be linked to ensure they have the same speed to prevent the mobile robot
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from slipping. The mobile robot model and its geometry are presented in Figure 1 [1], which could be
detected by the link between a global frame (X, Y) and a local frame (X, y); and the orientation a.

The linear velocity of each wheel is computed as v;, = r;w; [1]. Where v,,, 1;, and w; are linear
velocity, radius, and angular of the i wheel (i=1..4) along the x-axis, respectively. Let’s define the linear
velocities of the left (v.) and right side (vg) of the mobile robot as v, = v;, = v,, and vy = v, = v3,.

The linear velocity (vy, vy) and angular velocity (w) of the vehicle along the x-axis could be
represented as v, = 2798 | = —2LX“R and v, = 0. Where 2¢ is the distance between two wheels W; and W,

in Figure 1 and [Zj ] [ ] The target of control is to move the mobile robot to a target defined as X, Y, and
orientation. They are presented by the kinematic equation of the FWMR as in (1).

X cosa —sina 0
Y| = sma cosa [ D
@

In this paper, the FWMR model is used to demonstrate the tracking of the line algorithm based on deep
reinforcement learning with DON type. Herein, DQL uses the CNN structure with image input which is
captured from the camera. DRL is to generate the Action as the control signal to the mobile robot.

Figure 1. Four-wheeled mobile robot modeling

2.2. Reinforcement learning and deep Q-network

In reinforcement learning (RL), the relationship between the agent and environment is shown in
Figure 2. Herein, the agent receives states (s;) and reward (r;) from the environment, which will select the
action (a;) based on s and policy 7 as in (2) [27]. Term ¢ is the epsilon coefficient which plays a critical role
in managing the trade-off between exploration (agent trying out new actions to discover their effects and
rewards) and exploitation (agent using its current knowledge to maximize reward), enabling the agent to
learn effectively from its environment, a, is the selected action, arg max(.) is the index of the maximum
value and Q(s;) is the value at s,. The a; is obtained by finding the max of Q(s;, a;) of s, in Table. 1.

Iy
Eﬁ
St
g
St+1
{ e—]|
Environment [«=——
Feyq

Figure 2. Reinforcement learning structure
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o = {ai at rlzrg max(Q(s;)) L"f random [0,1] < ¢ withi,r € [1,..,m] @)
a, at int(random[1,m]) if random [0,1] = &
Q(st, ap) = 1e4q + ymax (Q(se41,Arr1)) 3)

In Table 1, [sy,a4,...,Sn,a,,] are state-action pairs with n states and m actions, respectively.
Q(sg, a;) is updated based on the Bellman equation [3] in (3), where y is the discount factor with a value
defined from 0 to 1. Bellman equation provides a recursive decomposition of the value function, which is
central to solving decision-making problems where an agent seeks to maximize cumulative rewards over
time. However, the Q-table is limited to being stored in memory and structure organization, which could not
save large rows and columns. To overcome this point, the neural network is a replacement method with the
input layer (states) and output (Q(s;, a;)) which is called deep Q-network (DQN) as in Figure 3.

This paper uses the camera to detect the line definition on the ground based on the neural network
typed convolution neural network (CNN). It is applied to find the policy of RL as in Figure 3, which is well
known as a class of deep neural networks, most commonly applied to analyzing visual imagery. In the
navigation of mobile robots, CNN could be used to generate the stage to select actors of DRL. The details are
presented in the next section.

Table 1. Relationship between action and state
S1 S, Sy

a, Q(sy,ay) Q(sza) ... QGspaq)
a Q(sy,az) Q(szay) ... Q(spaz)
A Q(s1,am)  Q(sp,am) ... Q(spam)
. O(s. @)
o //.
NP
O(s,,4,)
05, a,)
I
Input layer Hidden layer Output layer

Figure 3. Neural network replacing for Q-Table in RL

2.3. Developing deep Q-network for mobile robot

In this section, we represent the architecture of DQN which contains 3 parts: preprocessor, CNN
layer, and action set as shown in Figure 4. State output from the environment is the image description with
three parameters the width, the height, and the color. In this case, the width and height are 480 pixels (px),
and 360 pixels, respectively. The color is presented with three units by red-green-blue (RGB). To simplify
the network architecture of CNN, instead of using an RGB image with full color (3 channels), the image will
be converted to the gray image (defined with the single channel) where each pixel is presented by a single
intensity value (from 0 to 255).

Therefore, the image could be presented as (480x360x1) which is resized to (84x84) to reduce the
number of pixels from the image and present with (84x84x1) as input for CNN. This stage is to reduce the
computation complexity and time training of neural networks. The architecture of CNN consisting an input
layer of size 84x84x1 as in Figure 5. Then three convolution layers are 32 filters of the kernel matrix 8x8
with 4 strides, 64 filters of the kernel matrix 4x4 with 2 strides, and 64 filters of kernel matrix 3x3 with one
stride are applied to filter the information and produce a feature map and then they are converted to the single
dimensional vector [28]. The data is sent to the hidden layer with 128 neurons.

Both convolution layers and hidden layers use rectified linear units (ReLU) for the activation function.
The output layer with three outputs presents three actions turn left (LO.5 is 0.5 rad/s), forward (F0.2 is 0.2 m/s),
and right (R0.5 is 0.5 rad/s) as in (4). The linear activation function is applied to align output in range.
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L0.5 if arg max(Qeyn(sy)) =0
action = {F0.2 if arg max(Qcyn(sy)) =1 4
RO.5 if arg max(Qeyn(sy)) = 2

-

i Agent CNN
I Pre-process Input: 84x84 Select actor
Hidden: 128 (L,ER)

Output: 3

Image from camera

(480x360x3) Maobile robot

Image Hidden layer Output layer
(84x84) rog) [3]

Figure 5. Convolution neural network structure

To define the reward for DQN, an error of robot situations is computed by the absolute position of
setpoint and feedback based on the X axis. From the image of the camera, two points (feedback point and set
point) could be determined as in Figure 6. Herein, Figures 6(a) and 6(b) are samples presented to the corner
with the right side and left side, respectively. Figure 6(c) presents a straight situation without any corners.
The feedback point is defined as the center of the camera view with the middle cross of width=480 and
height=360, and the set point is the center of the rectangle covering the line trajectory. The robot is following
the line when Xteedback=Xsetpoint, the error could be defined as (5).

error = |Xsetpuint - Xfeedbackl (5)

The error is presented by the distance in pixels. Then, rewards will be defined based on the error
value as shown in Table 2, which is divided into five levels -2, -1, -0.5, 0.5, and 1. These rewards are counted
based on previous actions in (4) and the current state (error evaluations). Specifically, the error is less than
equal to 80 pixels and the mobile robot is in the state forward (straight), this action (straight) is encouraged to
maintain. Therefore, the reward is a positive number added to 1. Otherwise, the MB is in left/right control,
and these actions are not encouraged in the next action. The reward is set to a negative number of -0.5.
Similarly, if the error is in the range of 80 pixels to 120 pixels and all actions in the previous configured. This
case is generally encouraged, so the reward is the normal value added to 0.5. Finally, the mobile robot should
maintain the smallest error, and to avoid the worst case which sets the reward to -2 if the error > 220. At the
initial time, the DQN is empty, and it needs the training process for studying and updating the weight to
become more intelligent. Next part, the training process will be considered in detail.

Int J Elec & Comp Eng, Vol. 15, No. 3, June 2025: 2748-2757



Int J Elec & Comp Eng ISSN: 2088-8708 O 2753

480 480 . 480

max_error Max_error max_error
2 . -

feedback

setpoint

error error error

(@) (b) ©

Figure 6. Computing error method: (a) view of corner with the right side, (b) view of corner with the left
side, and (c) view of no corner with the straight situation

Table 2. Reward definitions

Conditions Reward value Descriptions
Actions Errors (pixels)

F0.2 error < 80 1 Encourage go straight
L0.5, RO.5 -0.5 Not encourage
Any actions 80 < error <120 0.5 General encourage

F0.2 120 <error <220 -1 Not encourage
L0.5, R0.5 0.5 General encouragement (turn left/right)
Any actions error > 220 -2 Worst case

The training process of the DQN algorithm is shown in Figure 7. Herein, the predict and target
model (PM, TM) are presented as the CNN type, which is used to predict the action values and calculate the
value for the next state in Bellman (7), respectively. Initially, the agent receives the parameters, s, and r,
from the environment to choose the action based on (7) where Q(s;) is the output of the PM network. After
that, the environment will export the new r,,, s, and continue a new loop. A buffer memory M is used to
store all data M, = [s;, a;, 7:41, Se+1] for the training of the CNN model. When M; size comes to a maximum
value definition, the lost function is executed and is used to update the weight of PM After that, the M is
refreshed for new step storing. This step ensures the efficiency of the training process with the enough large
dataset. The size of M; could be defined as too large so it could affect to compute process and take longer
time. Therefore, a batch_size is used to extract the number of random data from M; for the training process.

MSE = i[Qeq (st ar) — Qpu (s, at)]z where Q.q(s¢ ar) =1 +y max (Qry (Se41)) (6)

The weight updating of PM based on the loss function could be computed by the mean squared error
following in (6). Where Q7 (s¢+1) is the output values of the TM network at s;,; and Qpy (s, a;) is the
output of PM network at a; and s,. The PM weights are updated during n iteration and they are copied to
update to the weights of TM. Based on MSE, the training process uses the Adam optimization with a learning
rate selection [29].

S+t r

I
1
—1F 1
1 1
e
I

Environment

Figure 7. Training process for CNN model in agent
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3. RESULTS AND DISCUSSION

In this paper, we use a Gazebo simulation environment [30] to simulate the four-wheel mobile robot
tracking a line using the vision (camera plugin in Gazebo) as shown in Figure 8, and Python programming.
The parameters of the mobile robot [31] and DQN algorithm [32] are presented in Table 3. For training
processing, the number of trials is selected 40.000 times called episode step by experimental. Each
episode_step will have a start time (mobile robot go) and reset (until worse case) defined as n_step time. As a
result in Figure 9(a), the FWMR moves with a short time (small n_step, small reward) and a short distance in
the first episode_step because all parameters and weight are initial. They need more time for training and
updating and then the n_step and reward could be better in episode_step number 57 as shown in Figure 9(b),
which also presents the average reward value.

After the training process, the testing process to performed on a mobile robot tracking the line which
builds in Gazebo simulation. The result in Figure 10 shows the performances of FWMR, in which the errors
are computed with no absolute in (9) and shown in Figures 10(a) and 10(b). The MR tracking performance is
shown in Figure 10(c). Overall, the error is in the range of -200px to 200px, and most of the focus is on -100
to 100px. This means that the error defined the deviation between the vision view (robot view) and the line,
which is small (100 px is around 2.6 cm) and suitable for mapping in each direction, such as forward, left,
and right. The error is less than 240, and that mobile robot is in the handle, not in the worst case which has
the reward set by -2. With the case errors to around £220 pXx, the mobile robot goes around the corner in the
map. But it may not often because it depends on the previous direction and state of MR. The control tendency
is to the error reduced to zero. So the errors exist with £220px only maintained during a short time. Besides,
mean squared error (MSE) is computed and compared between the proposal method and the traditional vision
method [33] (using image moment) as shown in Table 4. Based on the error control in pixels, the convert to
the meter is used and computed MSE (1 meter = 3779.52 pixels). The MSE in the DRL method is lower in
VSN. It proves that the DRL method has higher performance than the VSN method.

Figure 8. Four-wheel mobile robot follows line using camera scenario

Table 3. Parameter of mobile robot and DON

Name y & Size _camera r c Batch_size  Episode_step  Learning rate
Value 099 1.0 480x360x3 2 (cm) 5 (cm) 32 40000 0.0001
2500 T T T T T T 1 500
Average reward
2000 400 - Total reward
? g 0
r_>u 1500 |- g 200 F
) °
100
21000 - g
z C o ~—
500 - q V
-100
0 A A 200 1 1 1 L L
0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80
Episode step (value) Episode step (value)
(@) (b)

Figure 9. Training process results (a) n_step in one episodes_step and (b) reward and average reward in one
episodes_step
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Table 4. MSE comparison between proposal method and traditional vision method

Method MSE * 100 (in meter)
Proposal method (DRL) 0.0264
Traditional vision method (VSN) 0.0406
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Figure 10. Performance of FWMR (a) error of point in image viewing from the robot in the proposal method,
(b) error of point in image viewing from the robot in the traditional vision method, and (c) tracking line
performance of FWMR

The performance of mobile robot tracking is shown in the details of Figure 10(c) that FWMR could
complete a trajectory from the start point to the stop point in the map. Easily seems that the MR has a bigger
error in each corner. But it is still better than the VSN method. However, in the straight line, MR could track
the trajectory with higher performance (overlap line, closed distance with line). Thus, the MR uses the CNN
based on the image from the camera can generate the action for each state given by the environment in the
DRL structure. The target of indoor navigation of MR is established success in complex mapping and
maintaining it in a real-time system. This proves our proposal is useful and brings high effectiveness for the
navigation and tracking line of a mobile robot.

4. CONCLUSION

This paper presents the DQN in DRL for the navigation of a mobile robot following the line on the
ground based on a convolution neural network for processing images from a camera. All steps are discussed
in detail to clear performance and apply to the specific object. The results improved the effectiveness of the
control algorithm so that the mobile robot could follow the line with high accuracy presented by the error of
less than 100 pixels with different types of trajectories. This proposal could be applied to mobile robot
navigation as well as in robotics fields in the future.
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