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Abstract: In this article, the research team systematically developed a method to model the kine-
matics and dynamics of a 3-wheeled robot subjected to external disturbances and sideways wheel
sliding. These models will be used to design control laws that compensate for wheel slippage, model
uncertainties, and external disturbances. These control algorithms were developed based on dynamic
surface control (DSC). An adaptive trajectory tracking DSC algorithm using a fuzzy logic system
(AFDSC) and a radial neural network (RBFNN) with a fuzzy logic system were used to overcome the
disadvantages of DSC and expand the application domain for non-holonomic wheeled mobile robots
with lateral slip (WMR). However, this adaptive fuzzy neural network dynamic surface control (AFN-
NDSC) adaptive controller ensures the closed system is stable, follows the preset trajectory in the
presence of wheel slippage model uncertainty, and is affected by significant amplitude disturbances.
The stability and convergence of the closed-loop system are guaranteed based on the Lyapunov
analysis. The AFNNDSC adaptive controller is evaluated by simulation on the Matlab/simulink
software R2022b and in a steady state. The maximum position error on the right wheel and left wheel
is 0.000572 (m) and 0.000523 (m), and the angular velocity tracking error in the right and left wheels
of the control method is 0.000394 (rad/s). The experimental results show the theoretical analysis’
correctness, the proposed controller’s effectiveness, and the possibility of practical applications.
Orbits are set as two periodic functions of period T as follows.

Keywords: wheeled mobile robots slip (WMR); radial basis function neural network (RBFNN);
dynamic surface control (DSC); fuzzy logic system (FLS); adaptive fuzzy dynamic surface control
(AFDSC); adaptive fuzzy neural network dynamic surface control (AFNNDSC); robot operating
system (ROS)

1. Introduction

Non-holonomic wheeled mobile robots with lateral slip (WMR) have been researched
and applied in many industries and are an area attracting interest from many scientists
worldwide. Robots are widely used worldwide due to their ability to move freely and
intelligently without human impact, with an unlimited operating range. In particular,
they can replace humans in the workplace; for example, dangerous tasks such as search-
ing for explosives and transporting goods and chemicals in toxic environments, security
monitoring, etc. Many research projects on mobile robots focus on solving motion control
problems. Many research works have designed corresponding controllers that integrate
the non-holonomic constrained kinetic model with the vehicle’s dynamic model of mobile
robots [1,2]. There, the authors assumed non-holonomic binding conditions are always
guaranteed (the wheels only have shifting rolling without slipping). However, in reality,
the time needs to be corrected. Any non-holonomic constraint condition is always satisfied.
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Non-holonomic binding depends on many factors, such as the degree of tire tension, floor
smoothness, terrain flatness, etc. At that time, if you want to solve the motion control
problem, then kinematics and sliding dynamics must be considered when designing the
controller for mobile robots. The PID algorithm is also applied to solve the orbit tracking
control problem for WMR. The PID controllers are designed based on kinematic equations
or dynamic equations. The WMR dynamic model must be accurately described to ensure
quality, which is very difficult. On the other hand, the WMR is subject to an uncertain
nonlinear model and is affected by disturbances (friction, load, etc.), so if the PID controller
wants to operate well, it must have additional adaptive adjustments for the controller’s
parameters. Some works [3,4] have also mentioned and solved this problem, but they still
need to be revised. Non-holonomic wheeled mobile robots with lateral slip (WMR) are
among the systems subject to non-holonomic constraints [5]. Furthermore, it is a nonlinear
many-input-many-out system [6]. In the current new trend, nonlinear control methods
resistant to interference are being researched and developed for more applications and are
gradually replacing the above classic control methods. One of those methods is the sliding
control method.

Thanks to the advancement of theory and control techniques, there have been many
different control methods applied to design control laws for mobile robots, such as sliding
control [7,8], robust control [9], adaptive control [10–12], backstepping control [13,14], and
output feedback linearization [15]. These control laws were designed with the assumption
that “the wheel only rolls without slipping”. However, in practical applications, the condi-
tion that the wheels only roll without slipping can often be violated. That is, wheel slippage
has occurred [16,17]. There are many causes of this phenomenon, such as robots moving
on the floor with weak friction force, centrifugal force when the robot moves in an arc, etc.
Wheel slippage is one of the main factors causing severe loss of driving performance.
Therefore, in such situations, if control performance is to be improved, it is necessary
to design a controller capable of compensating for wheel slippage. Around the world,
there have been many research reports on wheel slip compensation control for mobile
robots. Because wheel slippage can cause system instability or severely reduce control
performance, it must be prevented. Usually, to control wheel slip compensation, the friction
force and slip speed measurement information must be updated in real-time and accurately.
Precisely, in [16], the authors compensated for wheel slip by balancing the wheel slip ratio.
Accelerometers were used in [17] to compensate for wheel slippage in real time. The work
in [18] developed a robust controller that handles both sliding speed and sliding acceler-
ation using the coordinate system of differential flatness. In [19], the authors proposed
a brake control system to prevent lateral skidding of commercial aircraft wheels using
the backstepping method. In [20], Sidek and his colleagues developed an input-output
linearized controller to represent the relationship between the torque at the actuator and
the traction function of wheel slippage. Researching in [21,22], the authors treated wheel
slippage as a bounded disturbance affecting the control system state. In [23], a discrete
sliding mode controller was used for the orbit tracking task under wheel slippage. In [24],
the authors separated vertical and horizontal slips and then designed separate control
laws to compensate for vertical and horizontal drops, respectively. Different measurement
techniques for estimating wheel slippage speed have been reported in articles [25–27].
In [28], the friction model between the wheel and the road surface was investigated in
detail, and a system for monitoring and estimating the friction coefficient is proposed.
However, this monitoring system is very complex and requires the combination of many
expensive, sophisticated sensors. Therefore, the cost of this friction monitoring system is
also prohibitive. In [29], the authors modeled the mobile robot as a third-order dynamical
system accompanied by a second-order non-holonomic constraint. Measurements of wheel
slippage are assumed to be available to design the control law. The disadvantage of this
assumption is the requirement of additional measures such as a gyroscope, accelerometer,
friction coefficient estimator, etc. In [30], a robust tracking controller was proposed in
which the external disturbance, wheel slip, was estimated using an extended state observer.
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In [31], the author proposed a controller based on an estimator of external disruption
caused by wheel slippage. In [32], an adaptive tracking controller is proposed for mobile
robots in the presence of external forces and wheel slippage. A three-layer neural network
with a flexible weight update rule compensates for uncertainties due to wheel slippage
and external parties. This adjustable weight updating rule is built on making an objective
function achieve the smallest value. Control methods based on global positioning signals
are researched and proposed in [33,34], respectively, for the problems of tracking mobile
targets and the road of a four-wheeled mobile robot. In addition, for self-propelled vehicles
in agriculture, most control methods must rely on the measured value of the sliding angle,
an angle created between the longitudinal axis of the self-propelled vehicle, and the trans-
lation vector direction. In 2009, Lenain and colleagues introduced a mixed kinematic and
dynamic slip angle observer [35]. In [36,37], slip angle estimation methods based on an
extended Kalman filter were proposed. Then, the sliding angle was estimated for different
motion experiments. In 2009, Grip et al. [38] built a nonlinear slip angle observer using the
kinematic and dynamic characteristics of a rover. Thanks to this observer, the sliding angle
and friction parameters were estimated in real time. Specifically, accelerations in longitu-
dinal and transverse directions, angular velocity, navigation angle, and angular velocity
information were used for this estimation process. However, this estimation method has
not been tested using a real robot and is only limited to computer simulations. The prob-
lem of wheel slip compensation control for mobile robots is meaningful both in practical
applications and in cybernetic theory. Many scientists around the world have spent time
researching and solving this problem. However, the majority of studies are carried out
under the assumption that the slip angle [35,36] and the friction coefficient between the
wheel and the road surface [27] are always accurately measured in real time. Obviously,
quantities including translational acceleration, angular acceleration, translational velocity,
and angular velocity can all be easily measured directly via inexpensive sensors, but the
sliding angle and friction coefficient are very difficult to measure [39]. To measure these
signals accurately and reliably, the system must be integrated with complex and expensive
sensors [39]. From the above analysis, there have been several control methods proposed in
several research projects that do not use sensors to measure the sliding angle and friction
coefficient. Instead, the negative effect of wheel slippage on traction control performance
will be compensated indirectly by the controllers. The control law in [31] is designed in the
global coordinate system OXY, so it requires measuring velocities in this global system. This
velocity measurement task was solved using the supper-twisting observer. The estimation
results from this set of observations may contain errors accumulated during robot operation.
So, the ability to implement the control method in [31] still needs to be improved. To avoid
this drawback [31], the controller proposed here is designed in the robot body coordinate
system. Then, the robot’s velocity variables can be directly measured through inexpensive
but highly reliable sensors. In any case, the velocities and accelerations of wheel slippage
do not need to be measured. Instead, their adverse effects are compensated by a control
rule that uses a three-layer neural network with an update rule among the online neural
networks. Thanks to this proposed controller, the mobile robot followed the desired tra-
jectory with a good tracking performance in the presence of model uncertainty, external
disturbances, and wheel slippage. The position tracking error has converged to the zero
neighborhood and is adjusted arbitrarily small. However, the control accuracy (position
tracking error vector e) is low compared to expectations for tasks that require strict accuracy.
To overcome this drawback, the adaptive sustainable tracking control method is based on a
backstepping technique [12] (creating inverse effects from kinematics into dynamics) based
on a Gaussian wavelet network (GWN) for mobile robots to compensate. Wheel slippage,
model uncertainty, and external noise show more minor position tracking errors compared
to the control method [31], which has asymptotically converged to zero. With this method,
there is no need to know the dynamic model of the mobile robot in advance, and there is
also no need to train the GWN weights in advance statically. Two robust components have
been used to create robustness of the entire control system. Specifically, a powerful element
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of the outer closed control loop is used to compensate for the negative effect of wheel
slip, and the remaining robust component in the inner closed control loop is used to offset
the impact of model uncertainty, external noise, and even GWN’s approximation error.
However, the disadvantage of this method is that it requires a considerable input control
signal (torque) at the initial time. The amount of calculation is large and complex and takes
a lot of time to calculate due to having to calculate the derivative in each iteration step. A
sliding mode controller (SMC) has also been used [40] because of its superior properties to
backstepping in case the system is affected by noise. Sliding control is used because of its
robustness, fast response, simple control rules, and ease of design. Sliding controllers can
be used for a broad class of nonlinear systems with uncertain parameters and interference
effects. However, the limitation of the SMC algorithm is the chattering phenomenon, and
reducing this phenomenon requires the object model to be accurate. This goes against
the properties of the robot model, which is parameter uncertainty. To improve the control
quality in [41], the structure and method of building a dynamic sliding surface controller
(DSC) were presented.

The design method also determines the control signal based on the Lyapunov control
function, so DSC ensures a stable closed system and can adapt to the uncertain composition
of the system and deviations within certain limits. The design steps are similar to the
backstepping set design control; however, to avoid having to take derivatives in the iteration
steps for the virtual control signal, DSC has added a low-pass filter, both to get information
about the medium product to filter out high-frequency internal noises appearing in the
control object [41]. Many works published in recent years apply DSC because of its
advantages and superiority. To improve control quality, an adaptive controller based on the
dynamic sliding surface control (DSC) technique combined with a fuzzy logic system [42]
is studied because the fuzzy adaptive controller has a simple tuning mechanism in design
and installation. The application of fuzzy logic in fuzzy passing extends to automatically
identify the location of bugs/faults in stochastic software by Gore et al. [43]. However,
when the system contains many uncertain nonlinear components, wheel slippage as well
as system modeling has significant deviations, especially for the WMR model; the design
of an adaptive controller for the system needs to consider a tool or algorithm capable of
predicting and approximating these uncertain components to improve the control quality
of the system. With the ability to learn and approximate nonlinear functions with high
accuracy, neural networks have been attracting research to apply this network in adaptive
control systems. In many applications, the radial neural network (RBFNN) is often chosen
as a suitable solution to approximate the parameters or uncertain functions in the controller
because RBFNN is a smooth function that is infinitely differentiable. Therefore, studying
the application of the RBFNN network for the WMR is a positive research direction. Neural
networks are often combined with nonlinear control algorithms to approximate uncertain
components, specifically in the motion control of systems containing insecure details such
as friction or noise; the controller neuronal adaptation gives good tracking quality with
a maximum tracking error of the approximate order. The adaptive control method using
a neural network adjustment mechanism for uncertain nonlinear systems is presented
in [44]. The adaptive controller using neural networks in DSC in [45] shows the tracking
quality and stability of the closed-loop control system. Due to the neural network’s ability
to self-learn online through each sampling cycle, storing a vast amount of data related
to mathematical model analysis is no longer necessary in adaptive control systems using
neural networks. The combination of fuzzy rules with neural networks and adaptive rules
is also presented in [46–52]. The outstanding advantages of adaptive controllers using
RBFNN networks approximate the uncertain nonlinear characteristics, such as the ability
to calculate the parameters of fuzzy adaptive controllers adaptively. The ROS2 operating
system supports the construction of realistic robotic systems and the implementation of
control algorithms that require a large amount of computation when using neural networks,
as presented in [51–54]. The article uses a control structure to model the kinematics and
dynamics of a mobile robot when sliding sideways; model parameters are uncertain and
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subject to external disturbances using only one control loop and designing a controller.
Trajectory tracking for autonomous vehicles is based on the DSC dynamic sliding surface
control algorithm, and the adaptive control structure is based on the combination of an
RBFNN radial neural network and fuzzy logic system to ensure a closed system that is
sealed and stable. This article is organized into five main sections. Part 1 introduces the
target study and Part 2 the kinematic and dynamical models. Part 3 presents the algorithmic
content of the design of the Adaptive Fuzzy Neural Network Dynamic Surface Controller
(AFNNDSC). Section 4 offers the experimental performance of the mobile robot using the
proposed controller. The final part is the conclusion.

2. The Kinematics and Dynamic Model of Non-Holonomic Mobile Robots
2.1. The Kinematics of the Non-Holonomic Wheeled Mobile Robot (WMR)

Consider an autonomous robot as depicted in Figure 1:
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Figure 1. Wheeled mobile robot with horizontal sliding. 

   

Figure 1. Wheeled mobile robot with horizontal sliding.

Where: A is the midpoint of two active wheels, C is the coordinates of the center of
gravity of the robot, a is the distance between the coordinates of the center of gravity to the
wheel axle, r is the radius of the active wheel, 2L is the distance between the two wheels,
and m is the mass of the robot.

The robot’s position is determined by a vector ξ = [x, y, θ]T (x, y is the C-coordinate).
Consider a robot model with horizontal sliding motion with a speed of

.
η:

− .
x sin(θ) +

.
ycos(θ) =

.
η (1)

Pure rotational constraints: The active wheels always maintain a contact point. These
active wheels cannot slide vertically and can slide horizontally, so we have:

.
x cos(θ) +

.
ysin(θ) + L

.
θ − r

.
ϕr = 0 (2)

.
x cos(θ) +

.
ysin(θ)− L

.
θ − r

.
ϕl = 0 (3)

when ϑ =
.
x cos(θ) +

.
ysin(θ) +

.
ηvaω =

.
θ, we have:

ϑ + Lω− .
η = r

.
ϕr

ϑ− Lω− .
η = r

.
ϕl

(4)

From (1)–(3), we have the kinematics described in vector form:

A(q)
.
q = 0 (5)

Represented by six general coordinates as follows:

q =
[
ξT ϕT]T

=
[
x y θ η ϕr ϕl

]T (6)
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From (6), (7), and (9), the constraint equation in matrix form is as follows:

A(q)
.
q =

 cos(θ) sin(θ) −L 0 −r 0
cos(θ) sin(θ) L 0 0 −r
− sin(θ) cos(θ) 0 −1 0 0

[ .
x

.
y

.
θ

.
η

.
ϕr

.
ϕl

]T
(7)

We have
.
q of the robot in the original coordinate system determined by the rotation

around the Z-axis at an angle θ, so we have an equation describing the robot’s kinematics:

.
q =

cos(θ) 0 − sin(θ)
sin(θ) 0 cos(θ)

0 1 0

ϑ
ω
.
η

 =


.
x
.
y
.
θ

 = H(q)ϑ(t) (8)

2.2. Dynamics of Non-Holonomic Wheeled Mobile Robots (WMR)

Dynamics for mobile robots are determined according to the Lagrange method
as follows:

d
dt

(
∂T
∂

.
q

)
− ∂T

∂q
= F− AT(q)λ (9)

where T is the Lagrange function: T = Tc + Tωr + Tωl
The kinetic energy of the mobile robot body:

Tc =
1
2

mc(
.
x2

+
.
y2
) +

1
2

Ic
.
θ

2
(10)

The kinetic energy of the left and right wheels, taking into account the sideways
sliding motion are:

Tωr =
1
2

mω(v2
ωr +

.
η

2
) +

1
2

Im
.
θ

2
+

1
2

Iω
.
ϕ

2
r (11)

Tωl =
1
2

mω(v2
ωl +

.
η

2
) +

1
2

Im
.
θ

2
+

1
2

Iω
.
ϕ

2
l (12)

From Equations (12)–(19), we have the kinetic energy total:

T =
1
2

mt

( .
x2

+
.
y2
)
+

1
2

mω

( .
ϕ

2
r +

.
ϕ

2
l

)
+ mω

.
η

2
+

1
2

I
.
θ

2
+

1
2

Iω

( .
ϕ

2
r +

.
ϕ

2
l

)
(13)

where mt = mc + 2mω; I = Ic + 2Im and
.
θ = ω.

Using Equation (19) with the Lagrange method to the equation of motion of mobile
robots: 

mt
..
x = F1 − C1

mt
..
y = F2 − C2

I
..
θ = F3 − C3

2mω
..
η = F4 − C4

(mωr2 + Iω)
..
ϕr = τr − C5

(mωr2 + Iω)
..
ϕl = τl − C6

(14)

Identify constraints in the kinematic model:

−AT(q)λ =
[
C1 C2 C3 C4 C5 C6

]T (15)

From Equations (13)–(15), determine the dynamic equation of a non-holonomic mobile
robot that can be described as:

M(q)
..
q + C(q,

.
q)

.
q + G(q,

.
q)sng(

.
q) + τd = −AT(q)λ + B(q)τ (16)

where M(q) is a positive definite inertial matrix, C(q,
.
q) is the Centripetal and Coriolis

matrix, G(q,
.
q)sng(

.
q) is the friction matrix, τd is the unknown noise component of the
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system, B(q) is the input matrix, λ is the Lagrange multiplier, τ is the motion control torque
for mobile robots, A(q) is the binding matrix, and

.
q and

..
q represent the generalized velocity

and acceleration vectors, respectively, with:

M(q) =



mt 0 0 0 0 0
0 mt 0 0 0 0
0 0 I 0 0 0
0 0 0 2mω 0 0
0 0 0 0 (mωr2 + Iω) 0
0 0 0 0 0 (mωr2 + Iω)

,

C(q,
.
q) =



0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0

,

B(q) =



0 0
0 0
0 0
0 0
1 0
0 1

, A(q)Tλ =



cos(θ) cos(θ) − sin(θ)
sin(θ) sin(θ) cos(θ)
−L L a
0 0 1
−r 0 0
0 −r 0


λ1

λ2
λ3

, τ =

[
τr
τl

]

G(q,
.
q)sng(

.
q) =

[
F1 F2 F3 F4 0 0

]T

where mt is the mass of the robot, I is the inertia according to the center of gravity C of the
robot, F1, F2, F3, F4 are the friction force in the direction of translational motion, rotational
direction, and horizontal sliding friction, respectively, and τl and τl are the left wheel torque
and right wheel torque, respectively.

From Equations (11) and (12), we can prove that the transformation matrix H(q) is the
empty space of the constraint matrix A(q) so we will have:

H(q)A(q)T = 0 (17)

We differentiate Equation (12), so we have:

..
q =

.
H(q)υ(t) + H(q)

.
υ(t) (18)

From there, we have the system’s dynamic equation as follows:

M(q)
.
x2 + C(q,

.
q)x2 + G(q,

.
q)sgn(υ) + τd = B(q)τ (19)

where M(q) = H(q)M(q)H(q) C(q,
.
q) = H(q)

[
M(q)

.
H(q) + C(q,

.
q)H(q)

]
,B(q) = H(q)B(q)

G(q,
.
q)sgn(υ) = H(q)G(q,

.
q)sng(υ), and τd = H(q)τd.

Comment: From Equation (23), we see that the dynamic model of the WMR has
more variables to control than the number of control variables. Uncertainty and noise
components in the system include:

- Vehicle mass and moment of inertia are uncertain, so the inertia matrix is considered
uncertain.

- When the vehicle moves on different floors, especially slippery and wet floors, it is
easy for the wheel to slip, affecting the road trajectory, or when the vehicle moves at
a fast speed into curves, it can easily cause wheel slippage. The friction between the
wheel and the floor will change, causing interference that greatly affects the position
and direction of the vehicle.
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- In addition, there still exists noise due to model errors and measurement noise. These
are also issues considered when designing the control for WMRs. In this study, we
use the kinematic and dynamic model of a mobile robot when there is a side slip as
the control object so that this WMR follows a given trajectory and can compensate for
the side slip using DSC, AFDSC, and AFNNDSC.

3. Design the Adaptive Fuzzy Neural Network Dynamic Surface Controller (AFNNDSC)
3.1. Dynamic Sliding Control Algorithm
3.1.1. Building a Dynamic Sliding Surface Trajectory Control Algorithm for WMRs

The DSC technique is developed based on a multistage sliding controller and backstep-
ping techniques [14,15,19]. Not only does it retain the advantages of dealing with uncertain
components in the system model, but DSC also overcomes the disadvantages of these two
methods by integrating a low-pass filter into the controller [41].

First of all, the goal of designing the controller is that the robot can follow the trajectory
quickly and accurately while ensuring the stability of the system. A DSC controller for
WMRs is focused on design research. To simplify calculations and prove the stability of the
control system, the system’s state variables are set as follows:

According to document [14], the proposed state variables are as follows:{
x1 = q =

[
x y θ

]T

x2 = ϑ(t) =
[

υ ω
.
η
] (20)

Combining kinematic Equations (12) and (24), we will have:

.
x1 = H(q)x2 (21)

From Equations (23) to (25), we get the state model:{ .
x1 = H(q)x2
M(q)

.
x2 + C(q,

.
q)x2 + G(q,

.
q)sgn(x2) + τd = B(q)τ

(22)

The first, set e1 = x1 − x1d, is the trajectory error vector. There, the

x1d = qd =
(

xd yd θd
)T is the set trajectory. (23)

The control goal is to ensure that x1 reaches a farvalue x1d meaning that e1 approaches
zero.

Derivative e1:
.
e1 =

.
x1 −

.
x1d = H(q)x2 −

.
x1d (24)

Assume that the control signal is virtual in the design of the DSC controller. It is the
input to the first-order low-pass filter with the expression.

α = −H(q)−1(c1e1 −
.
x1d
)

(25)

where c1 =

c1x 0 0
0 c1y 0
0 0 c1θ

 is the appropriate diagonal constant matrix value whose

elements are positive values.
After calculating the virtual control law, α is passed through a first-order low-pass

filter to calculate the derivative value for the virtual control signal.

T
.
αr + αr = α (26)

where T is chosen small enough not to increase the calculation time of DSC.

α f (s) =
α(s)

Ts + 1
,

.
α f =

α− α f

T
(27)
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To demonstrate the availability of virtual control signals, choose the first Lyapunov
function:

V1 =
1
2

eT
1 e1 (28)

Consider the derivative of V1.
.

V1 = e1
T .

e1 = e1
T(H(q)x2 −

.
x1d
)
= −e1

Tc1e1 + e1
T(c1e1 + H(q)x2 −

.
x1d
)

(29)

If you watch x2 = α, then
.

V1 = −e1
Tc1e1 + e1

.
c1(e1 − e1).

It can be seen from Equation (29) with a virtual control value from Equation (25),
.

V1 = −eT
1 c1e1 ≤ 0 and condition

.
V1 = −eT

1 c1e1 ≤ 0 is satisfied.
Next, the sliding control technique is designed to obtain the control signal of the

system. This control signal must also ensure that the virtual control signal achieves the
ideal value. The definition of system virtual control signal bias:

e2 = x2 − α f (30)

Choose slide: S = λe1 + H(q)e2 (31)

where λ is the coefficient of the sliding surface.
The derivative of S is calculated (36)

.
S = λ

.
e1 + H(q)

.
e2 +

.
He2 = λ

.
e1 +

.
H(q)(q)e1 + H(q)

(
M(q)−1(−C(q,

.
q)x2 − G(q,

.
q)sgn(x2) + B(q)τ

)
− .

α f

)
(32)

As mentioned above, one of the advantages of a DSC controller is its ability to avoid
the “term explosion” phenomenon that occurs when the calculation of the derivative of a
virtual control signal is repeated at every cycle. Therefore, the value of alpha is obtained
from the first-order filter (31). To ensure the stability of the system and calculate the control
signal, the second Lyapunov function is chosen.

V2 =
1
2

STS (33)

The system’s control signal will be calculated in the form of a sliding controller to
increase the system’s robustness against noise. Therefore, the control signal will include
two components TT which is the control signal to keep the system state on the sliding
surface TR obtained from the condition

.
S = 0.

τeq = −B(q)T
(

B(q)B(q)T
)−1(

M(q)
(

H(q)−1
(

λ
.
e1 +

.
H(q)e2

)
− .

x2d

)
− C(q,

.
q)x2 − G(q,

.
q)sgn(x2)

)
(34)

However, τeq is only effective when the system is on the sliding surface. Therefore,
the control signal τsw is used, as it is capable of driving the state of the system towards the
sliding surface. The expression of ττw is selected as follows:

τsw = −B(q)T
(

B(q)B(q)T
)−1

M(q)H(q)H(q)−1(c2sgn(S) + c2S) (35)

where c2 =

c2x 0 0
0 c2y 0
0 0 c2θ

 and c3 =

c3x 0 0
0 c3y 0
0 0 c3θ

 are positive definite coefficient

matrices. Finally, the control signal of the system is the sum of τeq, τsw:

τ = τeq + τsw (36)

Theorem 1. The WMR described using the model (23) is controlled by (36) with τeq determined by
(30) and τsw (35) ensuring the closed system is stable and the tracking error approaches 0.
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Proof. Derivative V2:
.

V2 = ST
.
S (37)

Using (36),
.

V2 becomes
.

V2 = ST
(

λ
.
e1 +

.
H(q)e2 + H(q)

(
M(q)−1(−C(q)x2 − G(q,

.
q)sgn(x2) + B(q)τ

)
− .

α f

))
(38)

with control signal (34)–(38) then x2d =
.
α f , the derivative of V2 can be rewritten.

.
V2 = −STc2sgn(S)− STc3S (39)

Noise value τd is blocked |τd| ≤ λ is an uncertain noise value so it does not appear in
the controller expression. Choosing c1, c3 appropriately, we have

.
V = −STc2sgn(S)− STc3S ≤ 0 (40)

�
The advantage of the DSC method is to increase the adaptability of the system and

reduce the amount of controller computation. The control signal used contains a sliding
component, hence the robust stability of the SMC. The low-pass filter used not only filters
out endogenous high-frequency noise but also provides information about the derivative
of the virtual control signal. Therefore, calculating the derivative of the virtual control
signal becomes unnecessary. The control signal used contains a slip component, hence
the robust stability of the SMC. The low-pass filter used not only fil-ters out endogenous
high-frequency noise but also provides information about the de-rivative of the virtual
control signal. Therefore, calculating the derivative of the virtu-al control signal becomes
unnecessary, which eliminates the disadvantages of MSSC and backstepping techniques.
However, this method is only applicable when model errors and disturbances are small; on
the other hand, the chattering phenomenon caused by the sliding controller structure is
unavoidable. Furthermore, the control quality of the system depends a lot on the choice of
controller parameters, especially the parameters that directly affect the system’s traction on
the sliding surface.

3.1.2. Simulation to Verify the Algorithm

Block diagram simulating system structure and DSC controller is shown Figures 2 and 3:
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Figure 2. Control system simulation structure using DSC controller.
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a. In case there is no interference

Choose a circular orbit with the following equation of motion: x = 5 cos( π
15 t);

y = 5 sin( π
15 t); θ = π

15 t + π
2 . DSC control parameter set: C1 = diag(11, 11, 11); C2 =

C3 = diag(15, 15, 15), λ = diag(10, 10, 10). Tracking trajectory and tracking error when
using DSC with circular orbit is shown Figures 4 and 5.
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Figure 4. Tracking trajectory and tracking error when using DSC with circular orbit. 

   

Figure 4. Tracking trajectory and tracking error when using DSC with circular orbit.

Choose a trajectory that is a curved line: x1 = 5 ∗ 3t, y1 = 1, θ1 = a tan(5/3);
x2 = 5 ∗ 3t, y2 = t, θ2 = a tan(5/3). DSC control parameter set: λ = diag(10, 10, 10);
C1 = diag(11, 11, 11); C2 = C3 = diag(15, 15, 15).
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Figure 5. Tracking trajectory and tracking error when using DSC with a curved trajectory. 

   

Figure 5. Tracking trajectory and tracking error when using DSC with a curved trajectory.

Comment: In the initial stage, when the robot’s position is not yet on the trajectory, the
DSC controller acts to bring the robot to orbit at a fast speed and the transient component
is insignificant. The trajectory tracking quality is good with the error kept at a very small
value, approximately xe = 0.035(m); ye = 0.052(m); θe = 0.026(rad).

b. In case of interference

As described in the control algorithm design section, the τd component does not
appear in the controller expression when designing with the mathematical model (23).
However, in reality, this noise component still affects the system and there is no method to
accurately measure this value. To verify the effectiveness, in the simulation of the control
algorithm, this τd component will appear in the system to evaluate the noise resistance of
the controllers. In this section, it is assumed that the impact noise is random numbers that
impact the system and satisfy the condition that the noise is blocked ‖τd‖ < λ.

Comment on the results Figure 6: The DSC controller not only greatly reduces the
“chattering” phenomenon but also reduces the influence of noise as well as faster response
time by using input low-pass filters, capturing errors, suppression, and minimum transient
time. Therefore, DSC is chosen as the foundation to build adaptive controllers. To reduce
chattering due to noise, the effect of the sign() function when the system contains uncertain
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components will be approximated by an online artificial neural network and compensated
in the control law. A new adaptive DSC for WMRs based on a fuzzy logic system and
artificial neural network overcomes the disadvantages of DSC.

Actuators 2024, 13, x FOR PEER REVIEW  6  of  42 
 

 

 

   

Figure 6. Trajectory tracking when using DSC with noisy fields with circular and curved orbits. 

   

Figure 6. Trajectory tracking when using DSC with noisy fields with circular and curved orbits.

3.2. Adaptive Fuzzy Logic Dynamic Surface Controller for (AFDSC)
3.2.1. The Adaptive Fuzzy Logic Dynamic Surface Controller

The strength of the DSC controller is its stability with non-stationary system parame-
ters (uncertain parameters change within limits), but this strength is only promoted when
the system state is on the sliding surface or the vicinity of the sliding surface. The structure
diagram of the fuzzy DSC system is shown in Figure 7 below:
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Figure 7. Structure of fuzzy adaptive dynamic sliding surface control system for WMR. 

   

Figure 7. Structure of fuzzy adaptive dynamic sliding surface control system for WMR.

Input of fuzzy correction and derivative. The input fuzzy sets and output constants
are selected through the experiment. The fuzzy set for the input linguistic variables is
shown in Figure 7. The input linguistic variables are shown in Table 1.

Variable language of e: NB, NS, Z, PS, PB
Variable language of

.
e: NB, NS, Z, PS, PB

Table 1. Fuzzy sets of input linguistic variables.

Language Variation e Language Variation
.
e Meaning

NB NB Negative big

NS NS Negative small

Z Z Zezo

PS PS Positive small

PB PB Positive big

The first output of the fuzzy set is the parameter c1i(i = x, y, θ) and it is also a
parameter of the sliding surface. The remaining output is the parameter c2i(i = x, y, θ) and
c3i(i = x, y, θ). To reduce the complexity of AFDSC, these remaining parameters are chosen
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to be equal. The basic inference rule system is shown in Table 2 Fuzzy sets for input are
shown in Figure 8 and Fuzzy sets for input are shown in Figure 9.

Table 2. Base inference rule system for c1(c2, c3).

.
e1

e1

NB NS Z PS PB

NB M(M) S(B) VS(VB) S(B) M(M)

NS B(S) M(M) S(B) M(M) B(S)

Z VS(VB) B(S) M(M) B(S) VS(VB)

PS B(S) M(M) S(B) M(M) B(S)

PB M(M) S(B) VS(VB) S(B) M(M)
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Figure 9. Fuzzy sets for input
.
e1.

From Formula (49), we see that the (c2, c3) component is a parameter that affects the
speed of approaching the sliding surface and controls the state of the system located on the
sliding surface, to simplify the selection of values for fuzzy sets and block reduction. The
amount of calculation is not necessary, so the (c2, c3) outputs are chosen to be equal and the
basic inference rule system of the fuzzy regulator for these two outputs is shown in Table 3.

Table 3. Output values c1, c2, c3.

Variable Output
Language Meaning Output Value for c1 Output Value for c2 and c3

VS Verry small 1.5 20

S Small 4.25 25

M medium 6.5 30

B Big 8 35

VB Verry big 10 40
Membership function form: trimf with parameters. Fuzzy controller using composition rule SumPROD.



Actuators 2024, 13, 31 14 of 31

3.2.2. Simulation to Verify the Controller AFDSC

The simulation used a self-propelled robot model using the Matlab/Simulink tool. To
demonstrate the effectiveness of the proposed AFDSC algorithm, external random noise
was added to the model as follows Figure 10:
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Figure 10. External interference. 

   

Figure 10. External interference.

Conducting simulations and evaluating the proposed new algorithm with a circular
trajectory, the WMR will move from an initial point (0,0) inside the circle in the original
coordinate system. The trajectory for the robot to follow according to the origin coordinate
system is given by: x = 5 cos( π

15 t); y = 5 sin( π
15 t); θ = π

15 t + π
2 Kinetic model parameters:

m = 13 kg; J = 0.56 kgm2, r = 0.08 m, 2L = 0.6 m, λ = diag(10, 10, 10).
Comment: Figure 11 above describes the trajectory motion of the WMR with DSC

and AFDSC controllers. It can be seen that both controllers ensure the WMR follows the
set orbit but AFDSC gives better tracking quality. Specifically, with the same initialization
conditions, FWOMR with AFDSC reaches the reference orbit after about 0.2 s, while with
DSC it takes nearly 0.5 s. The fuzzy rules are designed to update the parameters of DSC
online whenever there is a change in the two inputs of the fuzzy regulator, the bias and the
bias derivative. The new proposed AFDSC set ensures the quality of tracking the system’s
preset orbit better than the DSC set: the time to reach the set trajectory is faster and the
tracking error is also smaller.
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Figure 11. Tracking trajectory and tracking error when using DSC and AFDSC controllers with 

noisy fields. 

   

Figure 11. Tracking trajectory and tracking error when using DSC and AFDSC controllers with
noisy fields.

The parameters (c1, c2, c3) of the online tuning AFDSC controller are shown in
Figures 12–14.

Figure 15 depicts the movement of the WMR with two different trajectories (curved
trajectory and circular trajectory). The effectiveness of the algorithm can be clearly seen
when the robot’s orbit follows the trajectory set very closely in both cases.
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Figure 14. Parameters c3.
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Figure 15. Motion of WMR with circular trajectory and folded trajectory.

3.3. Adaptive Fuzzy Neural Network Dynamic Surface Controller for (AFNNDSC)

An AFNNDSC improves the chattering phenomenon caused by the effects of nonlinear
uncertainties and noise when the system contains many nonlinear uncertainties, wheel
slippage, and noise with variable magnitude. The proposed solution is that estimating
the model error and compensating in the controller component will ensure improvement
in the quality of this controller. Thus, controller parameter adjustment combined with
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online uncertainty compensation will certainly significantly improve the quality of the
WMR control system. Figure 16 is the structure diagram of the AFNNDSC tracking
control system.
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Figure 16. Controller structure diagram AFNNDSC.

3.3.1. Approximation of WMR Model Uncertainty Component Using Radial Neural Network

Neural networks combined with control methods are considered an effective solution
to solve control problems for objects with uncertain models and affected by disturbances.
Neural networks can learn the forward kinematics and inverse kinematics characteristics of
complex objects, providing an alternative method for controllers to adapt to environmental
changes. The basic advantage of this network is that RBF neurons are smooth, differentiable
functions, thus ensuring a fast convergence speed and being able to use different training
methods. That is why radial neural networks are applied to further improve control quality.

The uncertainty components will be approximated by a neural network to minimize
the impact of this phenomenon as follows:

Φ = −M(q)−1(C(q,
.
q)x2 − G(q,

.
q)sgn(x2) + τd

)
(41)

is a vector value of dimension (3 × 1) containing the uncertain components of the WMR.
The system of equations describing the WMR is rewritten as:{ .

x1 = H(q)x2
.
x2 = Φ + M(q)−1B(q)τ

(42)

Carrying out the same calculation steps as the previous section for the controller
design, the derivative of the sliding surface becomes:

.
S = λ

.
e1 + H(q)

.
e2 +

.
H(q)e2 = λ

.
e1 + H(q)e2 + H(q)

(
Φ + M(q)−1B(q)τ − .

x2d

)
(43)

System control signals:
τ = τeq + τsw (44)

with:

τeq = −B(q)T
(

B(q)B(q)T
)−1

M(q)
(

H(q)−1
(

λ
.
e1 +

.
H(q)e2

)
− .

x2d + Φ̂
)

(45)

τsw = −B(q)T
(

B(q)B(q)T
)−1

M(q)H(q)−1(c2sgn(S) + c3S) (46)

where Φ̂ =
[

Φ̂x Φ̂y Φ̂θ

]T is the output vector of a neural network trained online to
approximate the uncertain components of the system.

The radial neural network consists of three layers: input layer, hidden layer, and
output layer shown in Figure 17. The hidden layer neuron nuclei are calculated using the
radial radius function. The hidden layer contains a sequence of called computational units
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and hidden neural kernels. Each kernel contains a vector which is the center parameter
of the neuron kernel and it has the same direction as the input vector value. The input
vectors chosen are the robot’s states; in this case, the input vectors are the robot’s position
and velocity vectors. x1 =

[
x y θ

]T , x2 =
[

vx vy ω η
]T . The radial radius

function is used to calculate the output of the hidden layer of a neural network based on its
ability to approximate uncertain nonlinear functions.
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Figure 17. Radial neural network.

Each output of the neuron kernel in the hidden layer will have a corresponding
weight value.

The weight matrix is defined by the matrix. µ =


µ11 µ12 µ13
µ21 µ22 µ23

...
...

...
µn1 µn2 µn3

 has size (n × 3)

where n is the number of neuron cores, γ =
[

γ1 γ2 · · · γn
]T is a vector containing

the output values of the neuron nuclei.
Select values to calculate the adaptive law for Φ̂

Φ = µTγ + ε and Φ̂ = µ̂Tγ (47)

with Φ being the ideal value of the system’s uncertainty component, so the controller can
ensure control quality as in the case of a deterministic and accurate system model. In that
case, Φ̂ is the output value of the neural network, which is also the value used for the
controller. It can be seen that, when the neural network calculates the Φ̂ value approaching
the Φ value, the quality of the control system will be guaranteed.

After the input vector values of the neural network are used to calculate the output
value of the hidden layer, each neural kernel has an appropriate corresponding weight
value and is then fed into the totalizer to calculate the output value for the network. It can
be seen that after calculating the values in the hidden layer, these weight values directly
affect the input quality of the neural network and thereby directly affect the control quality
of the system. The update law for the neural network, also known as the controller’s
adaptation law, is the update expression for this weight value and it will be updated and
trained online at each computing cycle. There is no need to train based on previous input
and output data. µ and µ̂ are defined as the ideal weight values and the calculated weight
values of the neural network. At this point, the task is to design an update rule so that Φ̂
advances Φ correspond to µ̂ advances to value µ. The vector ε is a small random deviation
value and is allowed to be blocked so that a stable quality is still guaranteed. The system of
the neural network and this value is a small positive value and is bounded.

µ̃ = µ − µ̂ is defined as the weighted error matrix. The hidden layer output γ is
computed by the radial radius function of the form [10]

γi = exp

(
−‖x1 − ∂1i‖2 + ‖x2 − ∂2i‖2

ψ2
i

)
(48)
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where x1 and x2 are the input vector values of the network RBFNN, ∂1i and ∂2i are the
center vectors of the neuron nucleus, ψ characterize the standard deviation of the function.

With the designed neural network structure, the selected update rule has the form:

.
µ̂ = <

(
γST H(q)− ς‖S‖µ̂

)
(49)

where < is a positive definite square matrix of order n, where n is the number of neuron
nuclei. ς is the learning rate of the network, chosen in range (0.1).

Theorem 2. WMR has a model (26), with a control signal (48), adaptive regulation law (49), and
satisfies the

‖S‖ ≥
εN + ς

‖µ‖2
f

4
c3min

(50)

Then, the Lyapunov stability of the system is guaranteed according to Lyapunov.
Demonstrate:
Choose the Lyapunov function:

V2 =
1
2

STS +
1
2

tr
(

µ̃T<−1µ̃
)

(51)

Derivative of the Lyapunov function V2:
.

V2 = ST
.
S + tr

(
µ̃T<−1

.
µ̃
)
= ST

.
S + tr

(
µ̃T<−1(

.
µ−

.
µ̂)
)
= ST

.
S− tr

(
µ̃T<−1

.
µ̂
))

(
.
µ = 0) (52)

Using the sliding surface derivative (48) combined with the control signal (49), the
derivative V2 becomes

.
V2 = −STc2sgn(S)− STc3S + ST H(q)(Φ− Φ̂)− tr

(
µ̃T<−1

.
µ̂
)

(53)

For the derivative of the Lyapunov function V2 using (47), (48), and (50), we have:

.
V2 = −STc2sgn(S)− STc3S + ST H(q)ε + ST H(q)Φ̃

T
γ− tr

(
µ̃T<−1

.
µ̂
)

(54)

With neural network update rules (48),
.

V2 becomes:

.
V2 = −STc2sgn(S)− STc3S + ST H(q)ε + κ‖S‖tr

(
µ̃T(µ− µ̃)

)
(55)

Apply the inequality Cauchy–Schwarz

tr
(

µ̃T(µ− µ̃)
)
≤ ‖µ̃‖F‖µ‖F − ‖µ̃‖

2
F (56)

We have:
.

V2 ≤ −STc2sgn(S)− STc3S + ST Hε + κ‖S‖
(
‖µ̃‖F‖µ‖F − ‖µ̃‖

2
F

)
≤ −STc2sgn(S)− STc3S + ‖S‖εN + κ‖S‖

(
‖µ̃‖F‖µ‖F − ‖µ̃‖

2
F

) (57)

With blocking condition (54),
.

V2 becomes:

.
V2 ≤ −STc2sgn(S)− κ‖S‖

(
‖µ̃‖F −

1
2
‖µ‖F

)2
(58)

.
V2 ≤ 0 satisfies the stability condition.
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3.3.2. Result Simulation of Adaptive Fuzzy Neural Network Dynamic Surface Controller
The Robot Model Is Affected by External Disturbances

In this case, the quality of the controller affecting the system is verified and evaluated
under the condition that the robot’s motors are directly affected by external disturbance
torques, namely Gauss noise, in which the interference is ignored. For the influence of
friction, the coefficient of the selected sliding surface is: λ = diag(10, 10, 10).

Conducting simulations and evaluating the proposed new algorithm with external
noise (Figure 18) and circular orbit and a circular trajectory, the WMR will move from
an initial point (0,0) inside the circle in the original coordinate system. The trajectory for
the robot to follow according to the origin coordinate system is given by:x = 5 cos( π

15 t);
y = 5 sin( π

15 t); θ = π
15 t + π

2 .
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noise (Figure 18) and circular orbit and a circular trajectory, the WMR will move from an 
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Figure 18. Torque noise (Nm).

From Figure 19, the AFNNDSC controller simulation structure is built on Matlab/Simulink.
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Figure 19. Simulation structure of AFNNDSC controller on Matlab/Simulink.

Below are the simulation results. Figures 20–22 compare the tracking errors in the
WMR’s motion compared to a circular orbit when using DSC controllers, DSC controllers
combined with fuzzy logic (AFDSC), respectively) and DSC controllers combined with a
neural network and fuzzy logic system (AFNNDSC).

Comment: From Figures 20–22, we can see that all three controllers can ensure the
system’s tracking deviation compared to the set trajectory in the condition that the robot
affected by external disturbance torques outside is not too large and is kept within an
acceptable range. However, there is still a difference in quality between the controllers
in the above results. When combining the DSC algorithm with the neural network and
fuzzy logic system, the controller shows that the tracking quality is much better than the
controller using the conventional DSC algorithm. It can be seen that, in conditions where
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robots are affected by uncertain external factors, conventional DSC controllers are not
highly appreciated because it is difficult to determine the exact model of the robot due
to the constant impact continuity of external disturbances. The AFNNDSC controller is a
combination of a DSC, fuzzy logic system, and RBF neural network. In this case, the task
will be to appropriately adjust the controller coefficients with fuzzy rules and approximate
uncertain components in the robot model through the neural network, thereby improving
the system’s response time as well as the deviation from the set trajectory. It can be clearly
seen from the above simulation results when the time for the robot to approach the set
value is about 0.2 s when using the AFNNDSC controller. Figures 23 and 24 depict the
change of control parameters when applying fuzzy rules.
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Figure 20. Error on x‐axis. 

   

Figure 20. Error on x-axis.
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Figure 21. Error on y‐axis. 

   

Figure 21. Error on y-axis.
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Figure 22. Angle error. 

   

Figure 22. Angle error.

The controller parameters are optimized based on fuzzy adaptive law to help the
system state move faster to the sliding surface, the control parameters are continuously
updated throughout the system’s movement. During the initial period when the robot
has not yet approached the set trajectory, the robot’s tracking error is large, so the control
parameters need to have large enough values to ensure that the system states quickly
approach the sliding surface. Then, when approaching the set trajectory, the control
parameters need to be adjusted to a smaller extent to avoid the “chattering” phenomenon
on the sliding surface but still ensure that the robot sticks closely to the set trajectory.
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Figure 23. Optimizing control parameters  1c . 

   

Figure 23. Optimizing control parameters c1.
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Figure 24. Optimizing control parameters  2 3( )c c . 

   

Figure 24. Optimizing control parameters c2(c3).

Figure 25 depicts the movement of the WMR compared to the set trajectory when ap-
plying different control algorithms on two types of orbits. In general, the controllers ensure
the ability to follow the robot’s trajectory. However, the adaptive controller AFNNDSC
shows better performance than both other controllers in reducing the transient time as well
as the error static deviation of the system.
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Figure 25. Circular orbit and curved orbit with three controllers DSC, AFDSC, and AFNNDSC in
case of external interference.

Impact of Variation in Friction Coefficient from the Environment

One of the most common problems in controlling the movement of a WMR as well
as mobile robots in general is the influence of the environment and especially the friction
coefficient. In the robot kinematic model expression, friction coefficient values are often
assumed in a fixed environment or ignored to facilitate algorithm design. However, in
reality, these coefficients in the environment are a parameter that is difficult to determine
accurately and change depending on the environment. Therefore, in this section, the simu-
lation results assuming that the friction coefficient matrices C(q,

.
q) = diag(Bx, By, Bθ) and

G(q) = diag(Cx, Cy, Cθ) from the environment are variable coefficients cannot be deter-
mined accurately. Then, the neural network will predict and approximate the appropriate
value of Φ̂ = [Φ̂x, Φ̂y, Φ̂θ ]

T to ensure the stability of the system as shown in Figures 26–28.
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Uncertain values are approximated and converged by the neural network to an approxi-
mate value (approximately equal to the real value of the uncertainty value) and improve
the control quality of the system.
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Figure 26. The value of δ̂x compared to δx.
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Figure 27. The value of δ̂y compared δy.
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Figure 28. The value of δ̂θ compared δθ .

In this case, the quality difference between controllers in reducing system deviations
from the set trajectory can be clearly seen.

The tracking error of the system as well as the time for the system to reach the set
orbit when using the DSC controller is the largest, while there is no significant difference
between the two controllers FDSC and AFNNDSC in Figures 29–31. Furthermore, with the
change in the friction coefficient of the environment, the DSC controller cannot completely
eliminate the deviation of the system. Table 4 compares the tracking error of the system
when applying three controllers in case the system is affected by environmental impacts.
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Figure 29. Error on x‐axis. 

   

Figure 29. Error on x-axis.
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Figure 30. Error on y‐axis. 

   

Figure 30. Error on y-axis.
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Figure 31. Angle error. 

   

Figure 31. Angle error.

Table 4. Maximum values of tracking errors when the robot moves according to set trajectories.

Controller
The Largest Deviation Value When the Robot Follows the Trajectory

X-axis (m) Y-axis (m) Angle (rad)

DSC 0.1452 0.1683 0.00652

AFDSC 0.00136 0.00415 0.000452

AFNNDSC 0.000572 0.000523 0.000394

Although the robot model is affected by environmental friction, all three controllers,
the DSC controller, AFDSC controller, and AFNNDSC controller, can still ensure the ability
to follow the robot’s trajectory. A new adaptive DSC for the WMR based on a fuzzy logic
system and artificial neural network overcomes the chattering phenomenon due to the
noise and jaw impact sign() of the DSC; AFDSC has been a suitable proposal to improve the
tracking quality for a WMR in the case of model errors and slight amplitude impact noise.
However, in case of large model deviations, the control quality is no longer guaranteed.
Therefore, estimating model errors and compensating for the controller components will
improve this controller’s quality. However, the AFNNDSC adaptive controller ensures the
best quality for the system in reducing transient times and eliminating system deviations.
Table 4 shows the most significant tracking error when using the DSC controller; the control
errors are all kept within acceptable thresholds.

4. Fabrication and Experimental Operation of WMR with the Proposed Controller
4.1. Manufacturing WMR Model
4.1.1. Mechanical Design of WMR

The WMR is built to specifications with a steel body measuring 75 × 62 × 38 cm
(Figures 32 and 33). Its 10-cm-diameter tires handle nearly any surface in the home. Four
motor shafts hold 1200-tick encoders. This differential drive platform is comprehensive so
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it can rotate in place. The robot moves with two wheels. The robot is equipped with an
ARM quad-core processor and 4 GB of RAM.
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Figure 32. Mechanical design of wheeled mobile robot. 1. Switch On/Off; 2. Sirens; 3. Emergency 
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Figure 32. Mechanical design of wheeled mobile robot. 1. Switch On/Off; 2. Sirens; 3. Emergency
stop button; 4. DC; 5. Active wheel; 6. Passive wheel.
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Figure 33. Building a realistic model. 

   

Figure 33. Building a realistic model.

4.1.2. Design the Control Circuit Hardware Structure for the Robot

The control circuit hardware structure for the robot is used. A NVIDIA®Jetson
Nano 4G (master) high-performance processor of country China, with the role of central
processing, is a specialized high-performance processor for artificial intelligence pro-
cessing. (WHO). The microcontroller circuit (slave) (uses ARM cortext M3 + DSP core,
STM32F407VGT6, STMicroelectronics, China) is the part that receives control signals
from the Jetson Nano 4G (master). The High-Power motor drive (BTS7960 43A: Large
Current Motor Driver Module BTS7960 of Viet Nam) uses MOSFETs as the power circuit
to control the four-wheel servo motors. The camera has an RGB image resolution of up
to 1280 × 720. RPLIDAR A1M8 360◦ Lidar is a laser scanner, combined with the Astra
3D Camera that will send position, direction, and obstacle signals to the Jetson Nano
master processor and sensor. The HWT901B IMU variable sends balanced signals to the
Jetson master processor (Figure 34).
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Figure 34. Structure diagram of the control hardware for the robot. 1: Jetson Nano 4GPlease state
the name of the manufacturer, city, and country from where the equipment was sourced. 2: Lidar
RPLIDAR A1M8 360◦. 3: Camera AI. 4: IMU HWT901B. 5: STM32 F407. 6: Driver DC BTS7960 43A.

4.1.3. Robot Control Software

ROS programming software specifications, motor encoder information, and other I/O
through packets from the Jetson Nano walker server all micro-control to the PC client and
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return control commands. The ROS2 Rolling with Focal (20.04) software provides library
functions to handle navigation, path planning, obstacle avoidance, and many other robotic
tasks (Figure 35).
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Figure 35. Control software structure. 

   

Figure 35. Control software structure.

Based on the powerful processing speed of the Jetson Nano 4G when processing neural
networks that require large amounts of calculation and a fast processing speed, the robot
programming platform operating system (ROS) is used because of its ability of optimal
functionality for robot programming. Data from sensors, peripherals, and processing
tasks are conveniently linked together using nodes. Each node is a programming program
that performs a task, and the ROS provides a method of communication between these
programs. Each node acts as a publisher (node used to export data) or subscriber (node
used to receive data) or acts as both publisher and subscriber. Each exported data are
named and called a “topic” in ROS, and these topics have names starting with a “/” and
the name is placed after it. However, before being able to communicate with each other
through topics, nodes must initially register first with “ros_master” as the node that plays
the central role, storing the transmission and reception information of other nodes.

The control signal is calculated based on the ROS2 platform installed on the Jetson
Nano embedded computer and then sent to the actuator control section installed on the
embedded chip using STM32 (Figure 36).
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Figure 36. Control software structure.
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Basically, the ROS has essential features of an operating system such as the ability to
perform tasks in parallel, communicate and exchange data between tasks, data manage-
ment, etc. An ROS can be used in the field of robotics. ROS is also developed specifically
for libraries and tools for data collection, processing, control, etc. An ROS can interact with
many other frameworks such as Player, YARP, Orocos, and Microsoft Robotics Studio.

4.2. Simulate the Controller Tracking the Planned Trajectory on Gazebo

Figure 37 is a 3D model of the environment built using Gazebo ROS2 classic version
11 software to conduct algorithm testing in a simulated environment.
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Figure 37. Simulation of factory diagram on Gazebo and on Rvit. 

   

Figure 37. Simulation of factory diagram on Gazebo and on Rvit.

The motion response of the WMR with three controllers on the Gazebo is shown in
Figure 38.
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Figure 38. Trajectory planning for the robot. 

   

Figure 38. Trajectory planning for the robot.

Figure 38 is the result of the robot’s motion trajectory obtained from Gazebo with the
black line being the planned trajectory for the robot and in the established environment
with the impact of the friction coefficient. It can be seen that the results when using the
AFNNDSC algorithm to control the robot give clearly better results than the DSC and
AFDSC controllers. With the aim of solving the challenges that come from the complexity
of the software architecture of an autonomous vehicle and robot system, the robot operating
system (ROS2) is an important platform that facilitates the development of these projects in
this field. This is a framework responsible for synchronizing the robot’s software modules,
abstracting hardware details for programmers, and ROS also provides simulation and visu-
alization tools for robot models in the virtual environment, like Gazebo (Figure 37). Thanks
to this, developers can conveniently carry out robotics projects in both the deployment and
testing phases.

4.3. Experimental Model to Verify Results

Whelle mobile robot parameters when doing experiments are as follows: m = 13 kg;
J = 0.56 kg/m2, r = 0.08 m; 2L = 0.6 m.

Test system structure: The A WMR with hardware: the computer contains a human–
machine interface screen, Rviz (communicates with TX2 via WiFi) can observe the status
and online position of the robot, and the HMI monitoring screen communicates via writing
on Visual C (communicates with robot via RF) and can store and plot the real trajectory of
the robot online. The robot’s position is set to the origin coordinates, and measured online
through the IMU, calculated through four encoders, and a Lidar scanner. Any orbit can
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be set. The top of the laboratory’s ceiling is mounted with a camera to record the robot’s
running process.

Test script: The WMR in the paper was tested in a laboratory environment.
Experiment: The robot was running in the background with many curves in the hall-

way (Figure 39) and the robot running in a room environment according to the surrounding
area with polylines in the corners of the room as well as with three controllers, DSC, AFDSC,
and AFNNDSC.
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Figure 39. Experimental running of the WMR model in the hallway. 

   

Figure 39. Experimental running of the WMR model in the hallway.

The experiments were conducted in two different environments, a hallway and a room.
When giving the robot a destination, according to the D* pathfinding algorithm, the robot
will plan a trajectory to avoid obstacles in the environment and reach the destination. When
doing experiments, there will be two computer screens to control and monitor, one screen
to see the map and actual path of the robot and one screen to see the controller’s response.

+Experiment with the robot running in an environment with many curves in the
hallway (Figure 39).

The results of the experimental orbit in the corridor are displayed on Rvit as shown in
Figure 40 when experimenting with three controllers, DSC, AFDSC, and AFNNDSC.
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Figure 40. WMR trajectory response when running in the corridor. 

   

Figure 40. WMR trajectory response when running in the corridor.

Case 2: Test the robot running in a room (environment according to the surrounding
area with polylines in the corners of the room as well as with three controllers, DSC, AFDSC,
and AFNNDSC as shown in Figure 41. The actual orbital response is displayed on Revit as
shown in Figure 42.

Through the experiments, we can also see clear results of the optimal trajectory
tracking of the AFNNDSC controller compared to the DSC and AFDSC controllers.
When experimenting in two different environments, all three controllers responded well
to the planned trajectory. However, for environments where the trajectory has many
bends and turns, the trajectory tracking error is higher but not significant (Table 5).
For the AFNNDSC controller, the error is only about 0.000934 (m) in the environ-ment
around the room with many curves (Figures 41 and 42) and 0.000763 (m) in the corridor
environment (Figures 39 and 40).
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Figure 41. Running the experimental model around the room. 

   

Figure 41. Running the experimental model around the room.
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Figure 42. Orbital response of WMR when running experimentally around the room. 

 

Figure 42. Orbital response of WMR when running experimentally around the room.

Table 5. Trajectory errors when running experiments with the proposed controllers.

No
Experimental
Environment DSC Controller AFDSC Controller AFDSC Controller

1 Around the room 0.04163 (m) 0.00968 (m) 0.000934 (m)

2 Along the corridor 0.02431 (m) 0.007217 (m) 0.000763 (m)

5. Conclusions

In this study, we have successfully built a kinematic and dynamic model of a mobile
robot when there is side sliding. Kinematic and dynamic models all contain kinematics
and dynamics of horizontal sliding. Then, we proposed an adaptive control law of an
active fuzzy sliding surface for WMR orbital tracking based on an uncertain nonlinear
system, paying particular attention to the tracking quality and the parameters change. The
robot (because the application purpose of the robot is to interact with different objects and
environments) is affected by noise when operating. The stability of the control law has
been verified using Matlab-Simulink when conducting simulations for the robot to follow
circular and square orbits. At the same time, the article’s content also presents the design,
fabrication, and successful testing of the product WMR robot, which has hardware, a
high-performance processing control circuit, and software to support programming on the
operating system platform. The ROS2 robot gives experimental results that are consistent
with theoretical analysis.

However, the vehicle is assumed to move on a flat surface with a limited load of 20 kg.
The development direction of the article is to research and improve adaptive algorithms
when robots move on a sloping terrain (3D) and have movement patterns suitable for
different types of complex landscapes when operating practical applications with many
other loads.
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