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Abstract: External disturbances, uncertainties, and nonlinear behavior are problems that are com-
monly encountered by control system designers. In order to save on energy and materials, mechanical
structures have become lighter and more flexible, which only exacerbates the control problem. To
resolve this issue, robust and adaptive control strategies have been proposed and have recently
gained a lot of interest in modern scientific literature. This article proposes a combination of both
approaches: a sliding mode—radial basis function neural network controller applied to an electrical
drive with a sophisticated mechanical structure. The proposed sliding surface provides robustness
against parameter uncertainties, while the neural network adjusts itself to the current state of the
drive and mitigates the oscillations resulting from the elastic connection with the load machine. This
article proves the stability of the proposed control algorithm in the sense of Lyapunov, provides an
in-depth numerical analysis, and compares those results with the experimental tests. The algorithm
was implemented in a 1103 dSPACE fast-prototyping card and was used to control a 0.5 kW DC
motor connected to the load machine by a long (thin) steel shaft.

Keywords: sliding mode control; radial basis function; adaptive control; robust control; neural
network; electric drive

1. Introduction

Nowadays, constant growth of basic requirements in the field of modern industry can
be observed. Almost every aspect of novel solutions needs to be more efficient, versatile,
easy to apply, and economical, both during development and maintenance. One of the
basic demands of modern industry is to make applied solutions more cost-effective while
increasing the execution capabilities of the implemented algorithm. The described trend is
particularly visible in the field of electric drives. Currently, the observed transformation
of global transportation (e.g., hybrid and modern electric trains, electric cars) leads to a
gradual increase in energy consumption, both globally and locally in individual house-
holds [1]. Conventional control systems are proven to be efficient enough to handle typical
applications of electric drives, e.g., cooling fans, air conditioners, etc. However, consis-
tent extension of possible electric drive applications, such as wind turbines [2,3], robotic
manipulators [4–7], and exoskeletons [8,9], often implicates the necessity of handling a
sophisticated and complex mechanical structure. One of the possible reasons for potential
problems is related to lighter mechanical construction, which gives the structure more
flexibility [10]. From the point of view of the control structure, it may cause some stability
issues [11]. Lighter construction changes the mechanical time constants of the system,
which may provoke more oscillations and reliability problems [12]. Moreover, due to a
huge variety of possible applications of electric drive systems, a possible change in the
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external environment of the drive needs to be taken into consideration as well [13]. A
massive payload carried by the robot driven by electric motors combined with, e.g., a
strong wind, may cause a significant reduction in accuracy or a different path trajectory.
In terms of space robots, a common problem is related to a change of static and dynamic
friction, which can also create additional uncertainty and make correct identification of
the plant unfeasible [14]. Furthermore, limited motor torque and a variety of payloads
that can be carried by the electric drive-powered system is undeniably a huge concern,
which forces the need to make modern control systems even more insensitive to any kind of
disturbances [15]. Additionally, with all the instantiated issues, problems typical for electric
motor control, such as actuator saturation and faults need to be taken into account [16,17].
The control signal established by the controller should remain within certain limits that do
not exceed the actuator’s movement capabilities. Otherwise, discrepancies may occur in
the control structure and the device may stop responding accordingly to the given control
input. In order to ensure sufficient dynamics and fulfill all initial requirements of the drive,
robust control systems are commonly used.

Robust control structures are a common approach in the field of controlling a plant with
variable or floating parameters. Its main idea is focused on tacking the plant parameters
uncertainty in a specific way, allowing the closed-loop control system to have eligible
dynamics. The key feature of the robust control system is the constancy of its parameters.
In other words, the control system stays insusceptible despite the plant parameters being
changed in a specific, limited range, within which the response of the system is approved
by the user. proportional-integral-derivative (PID) [18], H∞ [19], sliding mode [20], and
fuzzy logic controllers [21–23] are typical robust control solutions used in modern industry.

Fuzzy logic is considered to be one of the staple components in the list of modern
robust controllers. Its main idea is to show and interpret an input signal in the form of
ambiguous, linguistic variables. This approach allows the user to simplify the whole design
process of non-obvious, unusual, and non-linear systems, which would be difficult to
describe with mathematical equations [24]. By doing so, fuzzy logic solves the problem of
needing to define phenomena in order to create a proper control system. On the other hand,
defining the rule base and assigning an appropriate set of initial weight parameters of a
fuzzy logic controller requires a lot of human experience or forces the necessity of using
advanced optimization algorithms (presently meta-heuristic algorithms are commonly
applied in the design of control systems and electric machines) [25,26]. A typical fuzzy
logic controller consists of three main parts. The first one is responsible for converting the
input data into linguistic variables. Then, the inference process is initiated, which leads
to determining the final decision. The last stage of data processing inside of a fuzzy logic
controller is changing the final linguistic value into a numerical value [27]. The described
solution is capable of working on not fully identified plants and cooperating with the
rest of the control system, e.g., the PI current controller. They are used in applications
with ambiguous or variable mechanical parameters, e.g., cruise control in cars, where the
mechanical time constant of the plant is changed alongside gear changes.

One of the most popular approaches to robust control is sliding mode control. It
is based on the mathematical model of the plant [28–30]. The internal structure of the
controller stays unchanged and is insusceptible to plant parameter change in a specified
range. The main idea of the sliding mode control structure is to switch the control signal
between positive and negative values in a way that makes the system follow the reference
trajectory, described by a switching surface. The desired dynamics of the system can be
described in the design process of the controller by defining a proper equation of the
switching surface [31,32]. Because of the fact that the control system switches the steering
signal every time it crosses the switching line, the control law is realized by a signum
function. The goal of the mentioned control structure is to bring the phase plane trajectory
to zero. Sliding mode control features excellent dynamics and low vulnerability to external
disturbances and parameter changes. Because of the fact that sliding mode control does not
contain the integrator block, it is possible for a steady-state error to occur [33]. Moreover,
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in the case of using the sliding mode control, the appearance of chattering is inseparable,
which is one of the biggest inconveniences of the described structure.

However, a hypothetical change of plant parameters may involve a bigger difference
than assumed, which may not be corrigible by the control system. Robust controllers are
considered a good solution to compensate for inaccuracy committed during the design pro-
cess of the controller. That is the reason why adaptive control systems have been introduced.
Adaptive systems are designed specifically to deal with possible plant electromagnetic or
mechanical time-constant change. The main feature of adaptive systems is the fact that
both the parameters and structure of the controller can be changed on the fly.

The first type of adjustable control system is described as gain scheduling. The
structure of the controller in general is constant. The whole system is equipped with a
decision making unit with implemented information about possible signal disturbances
which may occur unexpectedly. When this happens, the parameters of the controller are
changed according to the information contained in a look-up table. The whole process is
based on what is called a “process variable”, which stimulates the decision making unit
to change specific parameters in a particular time window. However, the lack of feedback
from the plant is a big inconvenience of the described structure, which makes it usable only
in a predefined range of parameters.

The Model Reference Adaptive System (MRAS) is considered to be one of the most
common solutions of all adaptive approaches [34]. Its main idea is based on calculating the
adaptation error value. That signal is described as the difference between the actual plant
output and its reference model [35,36]. The moment any error appears, the algorithm forces
the instant change of the controller parameters. The described solution deals perfectly with
inconsistent plant parameters. A significant advantage of this system is the possibility of
creating the desired dynamics of the system by defining a proper transfer function of the
reference model. However, despite its excellent response and adaptation abilities, MRAS
is not efficient when it comes to constant value regulation, which may be problematic in
many areas. It works best when the reference signal changes periodically.

Today, in order to satisfy the initial demand of the market and applications, sophis-
ticated machines and appliances require basic robustness combined with adaption capa-
bilities. That forces the industry to reach novel control systems based on neural models.
Neural networks are becoming a common tool used in today’s control theory. Apparently,
neural networks are a widespread solution used in the field of electric drives as well [37–39].
Considering the fact that a novel electric drive system demands a quick response for each
disturbance or possible change of the parameters, it is crucial to match the used model to
the current application. Wide, deep-learning-based models may not be the best solution
in terms of dynamic speed control with adaptation capabilities [40]. The offline training
method excludes these networks from use in control systems due to their lack of adaptive
properties. Nonetheless, there are many different solutions that suit the adaptive control
idea adequately. The radial basis function neural network (RBFNN) is considered to be
one of the answers for the described task. Those networks are widely implemented in
many fields of science [41–46]. Because of their simplicity, they are often used in non-linear
systems, solving mathematical equations, or estimating state variables of particular systems.
RBFNN is a simple neural network with a single hidden layer of neurons. Each of them
uses an exponential activation function. The low complexity of radial basis function neural
networks combined with their adaptation abilities allows developers to use them as a
closed-loop speed controller. Furthermore, RBFNN uses a simple training method, which
operates by minimizing the cost function based on the input signal error. This allows it to
be immediately applied to control systems, as it does not require complex, long-standing
offline training. Furthermore, using online training allows the network to adjust its weight
coefficients on the fly based on the analyzed input signal.

Multi-mass systems are a stellar example of a plant that incorporates the above-
mentioned problems: possible variance in plant parameters, complex and non-linear
behavior, as well as the presence of external disturbances [47]. In appliances driven by
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electric motors, PI controllers are usually implemented to regulate the speed of the ma-
chine [48]. However, when the machine has a complex mechanism, this type of control is
not adequate [49]. This control structure does not provide enough information about the
state of the drive to supply correct control signals. As a result, the response of the system
can be characterized by substantial overshoots with no oscillation damping capabilities.
One way to tackle this issue is to provide additional feedback to the control structure [50].
Information about other state variables can enable the algorithm to minimize the discrep-
ancy between the speed of the motor and the load machine. A special case of control
strategy with feedback from variables other than the output of the system is referred to as
state-feedback control with integral action. In this strategy, the basic principle is to make
the control signal dependent on more than one variable, controlling not only the output
variable but also allowing the movement of the plant to the desired state. Unfortunately,
neither of those algorithms can withstand parametric changes in the plant, making their
sensitivity the biggest issue. Therefore, some form of adaptation or robustness must be
incorporated as an enhancement if those algorithms are to be selected.

Perpetual improvement of novel computational modules provides a huge range of
new possibilities. Common access to powerful micro-controllers and modern digital signal
processors incites scientists and engineers to develop more complex algorithms, which
are specifically designed to solve advanced problems. Moreover, the current development
of neural networks defines the modern approach to use a new variety of computational
units in the form of FPGA modules. Besides the quality of control, the designers also
must take programmable device resource utilization into account. The control algorithm
usually is not the only implemented component. In some applications, diagnostic tools [51],
estimation algorithms [52], and communication with other devices must be incorporated as
well. Additionally, very often project funding limits must be considered, which sometimes
makes it impossible to use state-of-the-art arithmetic units. Because of that, memory usage
must be managed carefully.

In this article, a resource-friendly control algorithm enhanced by robust and adaptive
properties—a sliding mode radial basis function neural network (SM-RBFNN) controller is
proposed. Both of the components are not computationally heavy, as the sliding surface
only requires the numerical calculation of the error derivative, and the selected topology of
the RBFNN consists of just five neurons in the hidden layer. The operation of this strategy
will be verified with a two-mass system selected as the controlled plant. Combination
of RBFNNs and SMC has already been investigated in the literature [53,54]. However,
usually, the RBFNN is used purely as an adaptation tool for the sliding surface gains.
The novelty, and the main contribution provided by this paper, is an investigation of the
possible use of RBFNN as a substitute for sign function, which means that it is directly
responsible for generating the control signal. The motivation for this research emerges from
the main drawback of the sign function—the chattering effect caused by its discontinuity.
The RBFNN is expected to completely mitigate this problem. Moreover, due to the weights
being adapted continuously, the elimination of steady-state error as well as the addition of
adaptive properties are achieved.

This paper is organized as follows: In the next chapter, the mathematical description
of all the components of the control structure is given. The stability of the system is also
proven. Then, preliminary numerical studies are conducted to confirm the theoretical
assumptions. Matlab/Simulink (ver. 2020b) environment is incorporated for this task.
The influence of all the adjustable parameters of the algorithm is shown. The subsequent
section presents the results obtained during the experimental verification. The laboratory
workbench is comprised of two DC machines connected through a long, thin, steel shaft.
The algorithm is implemented in a 1103 dSPACE fast prototyping device. In the final
section, the results are discussed and this study’s most important findings are summarized.
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2. The Proposed Sliding Mode Radial Basis Function Neural Network Controller for
a Two-Mass System
2.1. Mathematical Model of the Considered Electric Drive Mechanical Structure

Numerous industrial applications are affected by elasticity in the connection between
the driving machine and the effector. Two-mass structures are often selected as test plants
for control system design purposes. The name refers to a structure of two masses conjoined
by a flexible element. Each of the elements is characterized by its own inertia, which is
recalculated into a time constant, which can be used with transfer functions in the Laplace
domain or state-space equations. The mathematical description of a two-mass system’s
behavior can be given with the following state-space equation [55]:ω̇1

ω̇2
ṁt

 =

 0 0 − 1
T1

0 0 1
T2

1
Tc

− 1
Tc

0


ω1

ω2
mt

+

 1
T1

0
0 − 1

T2
0 0

[me
mL

]
, (1)

where ω1—angular speed of the motor, ω2—angular speed of the load machine, mt—torsional
torque, me—electromagnetic torque, mL—load torque (external disturbance), T1, T2,
Tc—mechanical time constants of the motor, load machine and shaft, respectively. From
the effectiveness point of view, the most attention should be paid to how the load machine
operates. However, from the control design perspective, information about the current
state of the motor is equally as important. Therefore, the output of the system can be
described as:

yyy =

[
1 0 0
0 1 0

]ω1
ω2
mt

. (2)

The equations can be visually interpreted by a diagram shown in Figure 1.

Figure 1. Schematic interpretation of two-mass system described with Equation (1).

In its nature, the two-mass system’s state variables are dependent on each other. This
level of sophistication creates a serious control problem that has become one of the leading
research topics in scientific facilities around the globe. In order to conduct the required
tests and simulations, the presented mechanical system can be also described in the form
of transfer function blocks realized in the Laplace domain. The model of the whole control
structure is shown in Figure 2.

Figure 2. The block diagram of proposed control system.
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The part of the control system responsible for generating electromagnetic torque me is
described with the following equation:

Ge(p) =
1

Te p + 1
, (3)

where: Te—current control loop time constant, p—Laplace operator.
The detailed structure of the speed controller proposed in the described approach is

presented in Section 2.3.

2.2. Principles of Operation of Radial Basis Function Neural Networks

Radial basis function neural networks are a subcategory of feed-forward neural net-
works. Their name is derived from the type of activation function used in the hidden layer
neurons. There are several parameters that need to be selected before an RBFNN is fully es-
tablished. First, an equation describing the radial basis function must be selected. The most
common activation function that can be found in the literature is the Gaussian function.
Conventionally, in the RBFNNs, there are always three layers, namely the input, the hidden,
and the output layers. However, attempts are made to create multi-layer RBFNNs, which
increase the network’s capability to accurately represent the input space [56]. The number
of radial neurons then needs to be established. This task can be performed, e.g., through
the use of clustering algorithms, such as Growing Neural Gas (GNG) [57] or Expectation
Maximization (EM) [58] algorithms. The output of each of these neurons is dependent on
two parameters: the Euclidean distance between the input variable and its center vector,
and the width of the function. Finally, the values of the weighted connections between
the hidden and output layers need to be established. The values can be calculated with
gradient-based algorithms (such as gradient descent). For this purpose, a learning coef-
ficient needs to be established and adjusted. Moreover, for online training (i.e., training
performed simultaneously with the cooperating process) possible addition of momentum
factor and careful selection of the initial weights may need to be considered if the train-
ing process begins to oscillate around the minimum of the cost function to facilitate the
convergence process.

Activation level h of the i-th hidden layer neuron can be described with the following
equation [59]:

hi(t) = exp
(
−∥xxx(t)− ccc∥2

2σ2

)
, (4)

where x—input of the neural network, c—neuron center vector, and σ—gaussian function
width coefficient.

The output of the RBFNN yrb f can be then defined as [60]:

yrb f (t) =
n

∑
i=1

hi(t)wi(t), (5)

where wi—weight coefficient corresponding to the i-th neuron.

2.3. The Proposed Control Scheme—Sliding Mode-RBFNN Controller Applied to a
Two-Mass System

A typical sliding mode control uses a switching surface equation passed through an
additional function. Its role is to execute the control law of the system. In the proposed
algorithm, a novel approach in the field of electric drives has been proposed. The control
law of the sliding surface is executed with the use of an RBFNN. The input signal for the
network and the adaptation algorithm is constituted of the switching surface equation
values [61]. Despite having typical sliding mode control robustness, the described solution
offers additional adaptation capabilities. The description of the overall structure of the
control system is based on the scheme shown in Figure 3. The proposed approach assumes
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a lack of information about the speed of the load machine. This leads to the conclusion
that motor speed is the only state variable taken into consideration in the described control
system. The speed of the load machine is examined in terms of appropriate work of
the speed control loop but is not used in the main control process. Considering what is
mentioned above, the further presented analysis omits the second motor speed and treats
the speed of the motor as the plant output.

Figure 3. The overall structure of the control system.

2.3.1. Theoretical Background of the Sliding Surface Design Process

The main goal of the sliding mode control algorithm is to obtain a quick, inertial re-
sponse of the plant. That being said, the desired dynamics of the system can be obtained by
defining an appropriate mathematical formula in the form of a first-order transfer function:

H(p) =
1

ξ p + 1
, (6)

where: ξ—demanded time constant of the plant, which enforces the slope of switching line.
The transfer function included in Equation (6) can be also described as a correlation between
the output and the input of the system, which in our case can be substituted as follows:

ω1(p)
ωre f (p)

=
1

ξ p + 1
, (7)

which after conducting some transformation can lead to the expression:

ω1(p)(ξ p + 1) = ωre f (p). (8)

Thus, considering the above-mentioned mathematical formula and switching to the time
domain one can obtain the following formula:

ξω̇1(t) + ω1(t) = ωre f (t), (9)

which can be rewritten as:

ω̇1(t) =
1
ξ
(ωre f (t)− ω1(t)). (10)

Assuming that two state variables are defined, we can describe the system with the follow-
ing state space equation. To simplify the notation time domain has been omitted:{

x1 = ω1 − ωre f

x2 = ẋ1 = 1
ξ (ωre f − ω1)− ω̇re f ,

(11)
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which can be simplified to: {
x1 = ω1 − ωre f

x2 = ẋ1 = 1
ξ (ωre f − ω1).

(12)

By differentiating (12) one can get:{
ẋ1 = x2 = 1

ξ (ωre f (t)− ω1(t))

y = x1.
(13)

Having summarized all of above considerations, demanded phase plane straight line
equation can be described as follows:

ẋ1 =
1
ξ
(ωre f − ω1), (14)

ẋ1 · ξ = (ωre f − ω1). (15)

The goal of the sliding mode controller is to minimize the value of the switching surface,
which can be presented as:

ωre f − ω1 − ẋ1 · ξ = 0, (16)

which can be simplified to the following expression:

ωre f − ω1 − ω̇1 · ξ = 0. (17)

With respect to transformations presented above, a sliding surface equation can be written as:

s = ωre f − ω1 − ξω̇1, (18)

which leads to final switching law equation:

u = sign(s). (19)

2.3.2. Design Methodology of the Proposed SM-RBFNN Controller

Due to common uncertainties of sliding mode control (e.g., chattering, possible steady-
state error), in this study the switching law function (sign) is substituted with an RBFNN.
The overall structure of the proposed algorithm is presented in Figure 3.

Input of the RBFNN is defined as:

xxx(t) = sss(t) =
[

s(t)
s(t − τ)

]
, (20)

where s—sliding surface, τ—sampling period.
The sliding surface can be defined as follows:

s(t) = e(t) + ξ ė(t), (21)

where: ξ—error derivative gain, e = yre f − y.
Above formula leads to Equation (4) taking the following form:

hi = exp
(
−∥sss − cicici∥2

2σ2

)
. (22)

Considering the overall structure of the control system (shown in Figure 3 and Equation (21)),
the sliding surface can be described as follows:
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s(t) = yre f (t)− y(t) + ξ

(
∂yre f (t)

∂t
− ∂y(t)

∂t

)
. (23)

Because of the fact that
∂yre f (t)

∂t = 0, Equation (23) can be also written as:

s(t) = yre f (t)− y(t)− ξ
∂y(t)

∂t
= ωre f (t)− ω1(t)− ξ

∂ω1(t)
∂t

. (24)

Finally, the control law u(t) can be described as the output of the Radial Basis Function
Neural Network:

u(t) = yrb f (t) =
n

∑
i=1

wi exp
(
−∥SSS(t)− ccci∥2

2σ2

)
. (25)

2.4. Adaptation Algorithm of the Proposed Control Structure

The adaptation algorithm refers to the change of weight coefficients of the radial basis
function neural network. It is based on a gradient descent method. Its main idea is focused
on minimizing the value of the cost function. In the described case, the cost function can be
defined as:

E(t) =
1
2

s2(t). (26)

The values of the variable parameters are modified according to the information about the
derivative of the cost function with respect to the weights:

∂E(t)
∂w(t)

=
∂

∂w(t)

(
1
2

(
ωre f (t)− ω(t)− ξ

∂ω(t)
∂t

)2
)

=

=

(
ωre f (t)− ω(t)− ξ

∂ω(t)
∂t

)
·
(
−∂ω(t)

∂w(t)
− ξ

∂ω(t)
∂w(t)∂t

)
. (27)

Applying the chain rule leads to the expression:

∂ω(t)
∂w(t)

=
∂y(t)
∂w(t)

=
∂y(t)
∂u(t)

∂u(t)
∂w(t)

, (28)

thus:
∂ω(t)
∂w(t)

= h(t)δ(t), (29)

where: δ(t) = ∂y(t)
∂u(t)—plant derivative.

Finally, combining the formula (29) with the expression (27) the derivative of the cost
function can be described with the following equation:

∂E(t)
∂w(t)

=

(
ωre f (t)− ω(t)− ξ

∂ω(t)
∂t

)
·
(
−h(t)δ(t)− ξ

∂ω(t)
∂w(t)∂t

)
. (30)

2.5. Stability Analysis

Stability analysis is one of the most critical aspects of the whole control system design
process. In terms of non-linear plants, it is crucial to examine the stability both with global
and local approaches. Lyapunov Stability Theory is one of the key findings in the field
of stability analysis of non-linear systems. In the proposed survey, the convergence of
the adaptation algorithm of the proposed SM-RBFNN controller is investigated as well.
The core of the Lyapunov theory in general refers to the time-varying non-linear system
stability. For the following system, it is demanded to define a Lyapunov candidate function
ensuring the following condition is accomplished [62–64]:
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L = VV̇ ≤ 0 (31)

Assuming that the V(t) value is positive, that leads to the conclusion that the system stays
globally stable in the sense of Lyapunov when the following condition is fulfilled:

V̇ ≤ 0 (32)

In the proposed approach the cost function was chosen as a Lyapunov candidate function:

V = E(t) =
1
2

s2(t). (33)

Moreover, a value of weight coefficients in the following time moment can be described as:

w(t + ∆t) = w(t)− η
∂E(t)
∂w(t)

. (34)

Similar dependence can be applied to the value of switching surface in a particular time moment:

s(t + ∆t) = s(t) + ∆s(t). (35)

By elaborating further on Equations (34) and (35), the following expansions can be obtained [62]:

∆s(t) =
∂s(t)
∂w(t)

· ∆w(t) (36)

∆w(t) = −η
∂E(t)
∂w(t)

= −ηs(t)
∂s(t)
∂w(t)

=

= −η

(
ωre f (t)− ω(t)− ξ

∂ω(t)
∂t

)(
−h(t)δ(t)− ξ

∂ω(t)
∂w(t)∂t

)
. (37)

According to the Lyapunov theory, the system is stable when the following equation
is ensured:

L = E(t)Ė(t) ≤ 0 =⇒ Ė(t) ≤ 0. (38)

Thus, the combination of Equations (35)–(37) provides the following formula:

Ė(t) =
∂E(t)

∂t
= ∆E(t) =

1
2

η

[(
s2(t)

∂s2(t)
∂w2(t)

)(
η

∂s2(t)
∂w2(t)

− 2
)]

. (39)

If the derivative of the Lyapunov function is limited to be negative, this ensures that the
Lyapunov function only decreases and proves that the system is stable. Therefore, in order
to accomplish that condition, the following condition must be fulfilled:

η
∂s2(t)
∂w2(t)

− 2 < 0, (40)

which can be re-written as:

0 < η <
2(

∂s(t)
∂w(t)

)2 . (41)

After conducting a proper transformation of Equation (41), the final stability condition can
be described as follows:

0 < η <
2(

−δ(t)h(t)− ξ
∂ω(t)

∂w(t)∂t

)2 . (42)
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In order to confirm the propriety of the obtained stability condition, the value of the
Lyapunov candidate function was numerically calculated. Its transient as a step reference
signal response is presented in Figure 4.

(a) (b)

Figure 4. Transient of proposed Lyapunov function: (a) derivative of the Lyapunov candidate
function; (b) corresponding step response of the motor angular velocity.

3. Tests of the SM-RBFNN Controller Applied to the Drive with Elastic Shaft

Tests of the implemented structure are divided into two parts. The first one involves
simulations conducted in a Matlab/Simulink environment. This stage refers to modeling a
proper mechanical model, conducting initial tests of the structure, and adjusting the param-
eters of the control system and neural network. The second part contains the laboratory
experiment. Its goal is to prove that the proposed solution fulfills all initial requirements.

Simulation Results

The simulation stage of the test was initiated by modeling the control system of the
drive in a Matlab/Simulink environment. The simulation model was based on the scheme
shown in Figure 2. The reference signal is realized in the form of an adjustable square wave
with the following parameters:

• Amp = 0.25,
• f = 0.15 Hz,

where: Amp—signal amplitude, f —signal frequency.
In order to keep all conducted tests objective, all initial parameters of the neural

network were kept at the same level during the first attempts. The implemented vector of
the neuron’s centers can be described as follows:

c =
[
−1 −0.5 0 0.5 1

]
. (43)

The applied vector of initial weight coefficients can be described as:

w =
[
−0.1308 −0.0434 0.0343 0.3578 0.2769

]
. (44)

Additionally, the rest of the changeable parameters consist of the width of each neuron,
momentum, and learning rates. Each of the mentioned parameters takes consecutive
values:

• σ = 0.5,
• β = 0.5,
• η = 0.02,

where: σ—width of the Gaussian activation function, β—momentum rate, η—learning rate.
The additional load was initiated at ts = 15 s. The step assumed for numerical

calculations was equal to Tstep = 0.1 ms.
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At the beginning of the simulation tests stage, the sliding surface trajectory defined
with Equation (24) was verified. The obtained results are presented in Figure 5.

(a) (b)

Figure 5. Sliding surface tracking for the proposed control algorithm: (a) Response of the state
trajectory; (b) corresponding step response of the load machine angular velocity.

In the designed control system, an additional reference signal filter was used. Due to
the inertia of the electric motor, it is not capable of following a typical square wave with
such a steep slope. The purpose of using a reference signal filter was to avoid the situation,
where the adaptation algorithm would be stimulated without having a physical chance to
compensate for the speed error that occurred. The applied filter can be described with the
following transfer function:

G f (p) =
ω2

f

p2 + 2ζω f p + ω2
f
, (45)

where: ω f —angular frequency, ζ—damping coefficient, p—Laplace operator.
The first attempt of the tests was carried out to verify the correctness of the system

behavior with default parameters taken into account. The achieved results are shown in
Figure 6.

(a) (b)

Figure 6. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller: (a) a general overview of the simulation run; (b) a zoom-in showing the moment of
attachment an additional load torque.

The general results of the presented attempt are shown in Figure 6a. It can be observed
that both motor and load speed follow the reference trajectory. No overshoots are visible
after each speed direction change. Furthermore, the steady-state error does not exist as
well. The moment of attachment of the additional load torque mt is presented in Figure 6b.
A small difference between particular speed values is visible. Considering the fact that the
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elastic shaft was used in the system, the mentioned speed difference is negligible. Speed
error, which occurred during the additional load torque attachment, is taken down to
zero instantly.

The next stage of simulation tests contained a significant increase in mechanical time
constant value T2. In order to simulate an extreme situation, the mentioned parameter
was increased 3 times. The obtained results are shown in Figure 7. The actual values of
the motor and load speed directly follow the reference signal. There are no overshoots
visible on the obtained transients. The dynamics are at the same level as they were during
the first attempt with default parameters. The only noticeable difference can be seen in
Figure 7b. After applying additional load torque both speed transients are brought back to
the reference level more smoothly.

(a) (b)

Figure 7. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller with the T2 time constant increased 3 times: (a) a general overview of the simulation run;
(b) a zoom-in showing the moment of attachment of additional load torque.

The idea of the third conducted test was to examine the influence of the learning
rate change on the whole control system behavior. To do so, a first attempt at the third
test included three learning rate values: η = 0.005, η = 0.02, η = 0.05. To emphasize
the influence of the changed parameter and to increase the readability of the graph, load
speed was taken into consideration only. The obtained results are shown in Figure 8. The
difference in system behavior is significant. The influence of the learning rate value is
particularly visible during additional load torque attachment. Not only does the higher
value of the examined parameter have no positive impact on the system dynamics, but
it also causes some unwanted oscillations. On the other hand, too small a value of the
learning rate parameter may cause some overshoots to occur. Despite the plant response
being different, it is brought to the reference speed trajectory after each return and the
whole system remains stable in both cases.

However, values tested in the previous attempt were not extremely different from the
default parameter. In order to examine the behavior of the system in extreme conditions,
an additional attempt was made. In this case, the η = 0.5 value was examined. To make
the conditions of the test even more extreme, the value of T2 mechanical time constant
was increased three times again. Speed transients presented in Figure 9 prove that it is
required to find an optimal value of the learning rate parameter. An unlimited increase in
the examined parameter may cause dangerous stability loss. Nonetheless, the difference
in the dynamics of the system is visible during the first settling period, when undesired
oscillations occur, which proves that the learning coefficient has a visible influence on
the system stability. The motor speed behavior observed in Figure 9c,d is unacceptable.
Nonetheless, despite the temporarily intolerable behavior of the system, it is undeniably
important to emphasize that the control system tries to get the stability back (Figure 9d),
which confirms its adaptation capabilities.



Energies 2024, 17, 833 14 of 28

(a) (b)

Figure 8. Transients of the two-mass electric drive system with elastic shaft and SM-RBFNN controller
with different learning rate values: (a) a general overview of the simulation run; (b) a zoom-in showing
the moment of attachment of additional load torque.

(a) (b)

(c) (d)

Figure 9. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller with the T2 time constant increased 3 times and different learning rate values: (a) a general
overview of the simulation run; (b) a zoom-in showing the first steady-state transition; (c) a zoom-in
showing third steady-state transition; (d) a zoom-in showing system stability loss.

The fourth test was performed to examine the influence of ξ gain value. The mentioned
parameter is included in Equation (21). It is responsible for determining the influence of
the error derivative contained in the sliding surface formula on the system response. The
conducted test included four values of derivative gain: ξ = 0.1T1, ξ = T1, ξ = 2T1, ξ = 5T1.
That test was also carried out with the load machine speed taken into consideration only.
Obtained results are presented in Figure 10. Speed transients presented in Figure 10a,b
confirm the fact that the error derivative gain has a significant influence on the overall
dynamics of the system. Its low value (ξ = 0.1T1) makes a visible overshoot after each
return visible in the plant response. Moreover, Figure 10b proves that increasing the
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verified parameter influences system dynamics till a specific moment. As it is shown,
there is no key difference in the slope steepness between the second, third, and fourth
try. Nonetheless, the correct match of ξ gain plays a crucial role in the system behavior.
Figure 10c shows that too large a value of the examined coefficient not only makes the
plant response fluctuate but also leads it to stability loss, which is considered an extremely
dangerous situation. Summarizing the conducted test leads to the conclusion that the
default gain value (considered as ξ = T1) is marked with the best plant response. The
steepness of the speed transient slope is high enough to ensure proper dynamics of the
plant, no overshoots exist and what is even more essential, no stability loss was noticed.
The obtained results demonstrate that in order to keep the satisfying dynamics of the
system combined with its stable and predictable response the optimal derivative gain value
needs to be found during the designing process.

(a) (b)

(c) (d)

Figure 10. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller with different speed error derivative gain: (a) a general overview of the simulation run; (b) a
zoom-in showing the first steady-state transition; (c) a zoom-in showing the moment of additional
load torque attachment; (d) a zoom-in showing adaptation progress between particular returns.

The last stage of the conducted simulations involved verifying the values of the initial
weights’ influence on the system behavior. The dynamics of the system response and its
robustness on additional load torque attachment were examined during the described
attempt. To do so, four sets of initial weight coefficient values were prepared. To keep the
stochastic nature of the chosen weight values, the rand function was used. The obtained
results are shown in Figure 11. The presented speed transients prove that the difference in
weight coefficient values may have a negligibly small impact on the system dynamics. It
may be mainly visible right after enabling the drive system during reaching the first steady
state or during additional load torque attachment. In the described test, no differences
between obtained transients were noticed, which proves that the adaptation algorithm
follows updated weight coefficients in a way that allows the control algorithm to follow
the reference speed trajectory properly.
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(a) (b)

(c) (d)

Figure 11. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller with different sets of initial weight coefficient values: (a) a general overview of the
simulation run; (b) a zoom-in showing the first steady-state transition; (c) a zoom-in showing the
moment of additional load torque attachment; (d) a zoom-in showing convergence of actual and
reference speed value for each case.

4. Experimental Results

After finishing simulation tests with positive results, the next part involved carrying
out experimental tests. The goal of that part was to confirm the propriety of the designed
SM-RBFNN controller. To do so, two D.C. motor setups were used. The laboratory
experimental setup contained one power supply in the form of an auto-transformer, two
four-quadrant D.C.-D.C. converters, allowing the motor to rotate in two directions, and one
rectifier. Because of the fact that second motor worked as an electric generator, an additional
breaking resistor attached to its converter was required. The motors were coupled using
a long, steel, elastic shaft. To simulate the change of the mechanical time constant of the
machine, additional flywheel weight was attached. The whole experimental setup was
controlled with the use of a 1103 dSPACE card equipped with a digital signal processor. Its
role was to perform data acquisition of all speed and current signals, execute the control
algorithm, and form proper PWM control signals. The overall structure of the experimental
setup is shown in Figure 12.

The basic parameters of the used setup are correlated in Table 1. The photos of
particular components used in the experimental setup are shown in Figure 13.

Table 1. Basic parameters of the used experimental setup.

Parameter Symbol Value

Nominal Power PN 500 W
Nominal Angular Speed nN 1450 rpm

D.C. Motor mechanical time constant T1 0.203 s
Active Load Machine mechanical time constant T2 0.285 s

Shaft mechanical time constant Tc 0.0026 s
Nominal encoder resolution — 36,000 pulses/rev
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Figure 12. Schematic diagram of experimental setup.

(a) (b)

(c) (d)

Figure 13. Cont.
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(e) (f)

Figure 13. Particular components of experimental setup: (a) D.C. motor with LEM current sensor; (b)
D.C. load machine with flywheel weight attached; (c) 1103 dSPACE card; (d) four-quadrant D.C-D.C.
converter; (e) resistor; (f) auto-transformer.

4.1. Verification of the SM-RBFNN Control Algorithm in Various Operating Conditions

Four particular tests were distinguished in the experimental part. In the beginning,
a default try was made to check whether the proposed controller could handle the basic
parameters of the two-mass system. No additional torque disturbance and flywheel weight
were used in this attempt (Figure 14a,b).

(a) (b)

Figure 14. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller obtained during the experiment: (a) neither additional load torque nor flywheel weight
used; (b) neither additional load torque nor flywheel weight used-zoom-in showing the initial phase
of the test.

After achieving a positive system response, additional attempts were carried out. The
first one included the use of active load torque (Figure 15a,b). Additional load torque was
being attached during positive speed value only, then after the period of t = 2 s it was
switched off. Having analyzed the speed transient presented in Figure 15b it can be noticed
that the adaptation algorithm works well. After each try when load torque occurs, the level
of overshoots are progressively decreased.
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(a) (b)

Figure 15. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller obtained during the experiment: (a) active load torque with no fly-wheel weight; (b) active
load torque with no fly-wheel weight—zoom-in showing the decreasing value of occurred overshoots.

The third attempt included a lack of active torque load. Instead of the mentioned
disturbance, a hypothetical mechanical time constant increase in the load machine was
simulated. It was realized by putting an additional flywheel weight on the load machine’s
part of the shaft. The attachment of the additional weight to the second motor caused its
mechanical time constant to increase twice in regard to its default coefficient value. The
obtained speed transients (Figure 16a,b) show that despite a small overshoot in the first
steady-state transition, the adaptation algorithm works properly and converges the actual
speed value to the reference signal.

(a) (b)

Figure 16. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller obtained during the experiment: (a) single fly-wheel weight with no additional load torque;
(b) single fly-wheel weight with no additional load torque—zoom-in showing the initial phase of
the test.

Afterwards, the most complex attempt was made. Besides having additional flywheel
weight installed on the load machine’s shaft, active load torque was applied as well. The
obtained results are presented in Figure 17a,b. Likewise, the quality of the SM-RBFNN
controller work is satisfactory. The adaptation algorithm gradually decreases the value
of the overshoot occurring after switching off the external load torque every single try.
Moreover, the actual speed value converges to the reference signal, which at this point
confirms the robustness of the designed control structure.

Furthermore, the obtained transients of electromagnetic and torsional torque included
in Figure 18 confirm that the behavior of the control system and its reaction to active load
torque are accurate. The presented results clearly demonstrate the moment of additional
load torque attachment. The analysis of electromagnetic and torsional torque confirms the
stability of the system.
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(a) (b)

Figure 17. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller obtained during the experiment: (a) both additional load torque and single flywheel weight
applied; (b) both additional load torque and single flywheel weight applied—zoom-in showing
decreasing values of the overshoots that occurred.

Figure 18. Electromagnetic and torsional torque transients of the two-mass electric drive system with
elastic shaft and SM-RBFNN controller obtained during the experiment with both additional load
torque and single flywheel weight applied.

The second stage of the conducted experimental tests was focused on increasing the
mechanical time constant of the load machine by changing the type of applied flywheel
weight. The mechanical time constant of the additional wheel used in the second test equals
Tf w = 2T2. The first try involved a general overview of the system behavior. The results,
presented in Figure 19 illustrate that the system response is valid. The speed transient
presented in Figure 19b proves the efficiency of the implemented adaptation algorithm.
The occurring overshoots are gradually minimized after every single return.

The next attempt included additional active load torque attachment. The parameters
of the additional load stayed the same compared to the first stage of the experiment. The
obtained results are shown in Figure 20. Due to the increased load machine mechanical time
constant, overshoots are characterized by a significantly bigger amplitude. However, the
implemented control system with an integrated adaptation algorithm regularly mitigates
the mentioned effect. It can be noticed that the proposed structure deals with significant
mechanical time constant changes effectively. The electromagnetic torque transient pre-
sented in Figure 21 demonstrates a significant increase in absolute value growth due to big
mechanical time constant growth. Despite the mentioned parameter change the system
remains stable.
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(a) (b)

Figure 19. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller obtained during the experiment: (a) double fly-wheel weight with no additional load
torque; (b) double fly-wheel weight with no additional load torque-zoom-in showing the initial phase
of the test.

(a) (b)

Figure 20. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller obtained during the experiment: (a) both additional load torque and double flywheel-
weight applied, (b) both additional load torque and double flywheel-weight applied—zoom-in
showing decreasing values of occurred overshoots.

Figure 21. Electromagnetic and torsional torque transients of the two-mass electric drive system with
elastic shaft and SM-RBFNN controller obtained during the experiment with both additional load
torque and double flywheel weight applied.
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The last part of experimental tests stage covered the examination of the proposed
algorithm in terms of extremely changed parameters of the plant. To do so, the third
flywheel weight was attached to the load machine. The increase in its mechanical time
constant could be described as Tf w = 4T2, which resulted in a five times bigger inertia of the
electric generator with regard to its default parameters. In this particular try, it was crucial
not to activate additional load torque in order to keep the shaft unbroken. The obtained
results are presented in Figure 22. Furthermore, a huge increase in load mechanical time
constant caused a significant rise of electromagnetic torque, visible in Figure 23. Despite
having observed substantial overshoots after the first returns of the drive, it is undeniably
visible that the proposed control algorithm handles the extreme mechanical time constant
increase. The conducted test leads to the conclusion that the designed control strategy
features high robustness combined with distinguished adaptation capabilities.

(a) (b)

Figure 22. Speed transients of the two-mass electric drive system with elastic shaft and SM-RBFNN
controller obtained during the experiment: (a) 4-times bigger fly-wheel weight with no additional
load torque; (b) 4-times bigger fly-wheel weight with no additional load torque—zoom-in showing
the initial phase of the test.

Figure 23. Electromagnetic and torsional torque transients of the two-mass electric drive system
with elastic shaft and SM-RBFNN controller obtained during the experiment with four mechanical
machine load time constant values flywheel-weight applied.

4.2. Comparative Study of the Proposed Sliding Mode-Radial Basis Function Neural
Network-Based Controller

The experiments conducted in Section 4 showed that the validity of the proposed
structure has been proven. The examined algorithm features high robustness and efficient
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adaptation capabilities, which make it a feasible and versatile solution for speed control
loops dedicated to complex mechanical systems. However, in order to confirm the fact,
that the proposed controller can be considered as a sound and competitive solution for
such mechanical systems, additional tests have been conducted. In the comparison, the
SM-RBFNN controller is examined alongside controllers already known from the literature:
conventional sliding mode controller (deployed using both continuous function (cont.) and
signum function (sign.)), RBFNN functioning as a speed controller, and a traditional PI
controller. Considering the fact that the main difficulty is related to variable parameters of
the plant, the conducted tests include the increased value of load machine mechanical time
constant with the use of single flywheel weight (Tf w = 2T2). That being said, it is crucial
to mention, that the objectivity of additional tests required controllers tuning processes to
be conducted with regard to the nominal time constant. The obtained results are shown
in Figure 24. The comparison of the presented transients clearly proves that the proposed
SM-RBFNN controller can be considered a reliable solution in terms of speed regulation in
complex, mechanical systems with changeable parameters.

The main purpose of the conducted experiments was to compare the dynamics of the
system obtained with the use of the proposed algorithm with conventional, competitive
controllers. The speed transients presented in Figure 24a,b present convergence of reference
signal with actual load machine speed. However, despite the fact, that conventional RBFNN
with error-based input signal handles speed control loop satisfactorily, the difference
between the first steady-state settling times is conspicuous. The obtained response is
significantly worse compared to the proposed SM-RBFNN controller.

The typical sliding mode controller does not ensure actual speed convergence with
its reference trajectory. The obtained results are insufficient, regardless of the control
law function. Figure 24c,d clearly show that the obtained speed transient exemplifies
typical inconveniences of sliding mode control strategy. Both chattering and steady-state
error occurred, which makes the use of conventional SM controller in such mechanical
systems unacceptable.

(a) (b)

(c) (d)

Figure 24. Cont.
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(e) (f)

(g) (h)

Figure 24. Speed transients of the two-mass electric drive system with the elastic shaft, different
controllers, single fly-wheel weight, and additional torque load obtained during the experiment: (a)
RBFNN controller; (b) RBFNN controller—zoom-in showing first steady-state transition, (c) SMC
controller with sign. function, (d) SMC controller with sign. function—zoom-in showing first
steady-state transition, (e) SMC controller with cont. function, (f) SMC controller with cont. function—
zoom-in showing first steady-state transition, (g) PI controller, (h) PI controller—zoom-in showing
steady-state transition.

Substituting the signum switching function with a continuous (saturation) one casued
the chattering effect to significantly diminish. Nevertheless, the steady-state error is still a
major issue in the presented control strategy.

The last stage of additional tests contained a comparison between SM-RBFNN and
linear PI controller. Speed transients shown in Figure 24g,h demonstrate that the PI
controller does not ensure acceptable results in terms of two-mass systems speed control.
The oscillations that occurred are not damped, which can be a serious inconvenience. Not
only may it lead to mechanical failure of the system, but it can also be a reason for sudden
system stability loss.

Summarizing the conducted comparison, additional speed transients are presented.
The obtained results prove that the proposed algorithm eliminates typical sliding mode
control inconveniences while ensuring significant dynamics improvement.

5. Conclusions and Results Discussion

In this article, a sliding surface radial basis function neural network speed controller
applied to two-mass system speed control is proposed. The main contribution of this
paper is that the RBFNN is utilized as a switching function for two tasks: chattering
minimization and adaptive action. Experimental studies show the prevalence of the
proposed control strategy over other conventional solutions. Lyapunov stability proof is
first derived to achieve the criteria that need to be fulfilled in order for the system to be
safe and operational. Numerical studies show the expected control system behavior. The
sliding surface is followed in a gentle fashion, providing a smooth and non-oscillatory step
response. The impact of all the adjustable parameters of the algorithm is examined to verify
their relevance and facilitate the tuning process. The tests performed on the experimental
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bench confirm the findings from the simulations. The following advantages have been
achieved through the use of the proposed SM-RBFNN controller:

• The system shows robustness against parametric uncertainty. Even though many non-
linear phenomena, such as backlash, friction, and misalignment, were not included in
the two-mass system description from Equation (1), the experimental tests show no
significant divergence from the numerical studies (compare Figures 6 and 14).

• Convergence of the RBFNN training is proven through the adaptive properties that
can be seen in the latter figures in the experimental section of the manuscript. The
oscillatory response that results from the increased inertia of the load machine is
gradually mitigated as the weights are adjusted to the current state of the drive.

• The control system’s response to the active loading provided by the load machine
is also adjusted by the neural network. The undershoots and overshoots resulting
from the load torque mt being activated and deactivated are continuously being
minimized. This shows that the learning process adapts the RBFNN to both parametric
uncertainties and external disturbances.

• Another advantage that can be observed from the use of the RBFNN is the elimination
of chattering that is normally observed with sliding-mode control structures with
a signum switching function at the output of the controller.

• Elimination of oscillations and mitigation of overshoot is a great finding considering
the fact that the control structure does not receive any additional information about
the state of the drive. Only the information about the angular speed of the motor is
provided. Neither the motor current, speed of the load nor torsional torque need to be
measured/estimated. This feature creates a great opportunity to lower the cost and
enhance the reliability of the drive. With the limited amount of needed information,
the proposed control algorithm is not computationally heavy and does not rely on
the estimation of variables unavailable for measurement. Both of these features
enable the possibility to use more affordable programmable devices to determine the
switching signals for the power electronics. Also, with fewer measuring devices, drive
maintenance becomes much more feasible, and detection of faults is simplified due to
a limited number of elements to be monitored.

The values of the parameters of the control structure were adjusted arbitrarily, solely
based on the findings from the numerical tests. Therefore, further improvement can be
expected if these values are optimized. For this purpose, e.g., a nature-inspired algo-
rithm could be implemented. Nevertheless, the results shown in the manuscript present
promising points of development for electric drives with flexible links.
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