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Abstract

This paper is dedicated to the development and research of the advanced
approach for optimization of fuzzy control systems (FCS) for mobile robots
(MR) with remote control based on bioinspired swarm techniques. The pro-
posed approach makes it possible to create effective intelligent control
systems for MRs based on the principles of hierarchical multi-level control,
remote loT-based control, fuzzy logic control, and intelligent optimization of
fuzzy control devices. The applied hybrid particle swarm optimization (PSO)
techniques with elite strategy allow effectively optimizing various parameters
of FCSs, finding the optimal solution to the problem, and, at the same time,
have a higher convergence rate compared with the basic PSO algorithms.
To evaluate the effectiveness of the obtained advanced approach based on
hybrid swarm techniques, the optimization process of the FCS for the speed
control of the multi-purpose caterpillar MR, which can move on inclined and
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vertical ferromagnetic surfaces, is carried out. The presented research results
fully confirm the high efficiency of the proposed approach, as well as the
expediency of its application for the optimization of fuzzy control systems
for various remotely controlled mobile robots.

Keywords: Fuzzy control systems, mobile robots, optimization, bioinspired
swarm techniques, Internet of Things, remote control.

1 Introduction

Nowadays, there is an extensive digitalization of the economies of the devel-
oped countries in the world. Industry 4.0 and the Internet of Things (IoT)
technologies are successfully used in various industries, agriculture, and
transportation. In particular, there is a trend towards a more confident use of
the Internet of Things technologies for tasks not only of monitoring but also
of control, even of diverse types of mobile moving objects [1-3]. The risks
associated with information security and the protection of transmitted data
from the sensors and control signals do not stop developers (the cybersecurity
of such systems is also developing in parallel and quite rapidly) [4, 5].

Thus, new digital solutions are being implemented in agriculture, namely,
“smart” harvesters, and greenhouses controlled by artificial intelligence (AI)
are being appeared; big data analytics helps to predict drought and other
natural disasters [6, 7]. These and other scientific and technical solutions
optimize costs and simplify data monitoring, control, and analysis, which,
consequently, increases profits. Thanks to the current level of development
of the IoT and Al technologies, it is possible to significantly increase
the efficiency of the concept of precision farming by using the enormous
computing capabilities of remote web-servers and big data algorithms, to
determine the optimal time for irrigating, fertilizing, sowing and harvest-
ing using mobile unmanned (airborne and ground) agricultural robots [8].
In particular, the quality of management is significantly improved due to
the integrated consideration of the terrain (including satellite mapping, GIS),
wind strength, soil quality, and moisture level, weather forecast (temperature
change, precipitation) based on sensor data collected “on the spot” by the
mobile robots.

The global market of digital solutions for transport and logistics is
also rapidly developing. According to Forbes Insights, more than 60% of
transport and logistics companies in the world have begun actively using
digital technologies, including drones, unmanned vehicles, IoT and NFC
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technologies (near-field wireless data transmission), big data analytics, and
AI [9]. Modern cargo control systems help logistics companies to control the
freshness of products, fuel consumption, vehicle position, and driver’s driving
style. And this, in turn, allows to track the possible (due to various reasons)
incorrect behavior of the driver on the road and prevent a potential accident.
For ordinary employees using smart public transport services, digital tech-
nologies can reduce the average travel time to and from work by 15-20%
[2,9].

The industrial Internet of things (IIoT) and intelligent control technolo-
gies are much less developed for production systems, although growth is also
observed mainly for SCADA systems [10—12]. Much less attention in the
literature is paid to the issues of IIoT control of mobile objects, which are
used in industry to perform routine or dangerous technological operations
for humans, especially many such tasks have to be performed by teams of
workers in shipbuilding and ship repair when processing the ferromagnetic
surfaces of the ship hulls [3, 13]. MRs can reduce the present risks to workers’
health and life, as well as substantially improve the performance of tech-
nological operations on ferromagnetic surfaces. Cleaning, cutting, welding,
polishing, painting, and inspection of large areas, as well as installation
of individual elements and fire extinguishing on vessels, bridge supports,
tanks, and large diameter pipelines, elevators are the main tasks that can
be successfully performed by such mobile robots. However, the industrial
MRs have to be able to operate under uncertainty of the working surface and
simultaneously move along the given trajectories desirable in fully automatic
mode [14, 15].

Traditional control theory means are not enough, as a rule, for reliable
and efficient control of such robots, because they are rather complicated
non-linear and non-stationary control plants [16, 17]. They require highly
effective and safe automatic control systems, based on intelligent principles.
In turn, recent research shows that intelligent systems based on fuzzy logic
can be quite effectively used for the automation of different types of mobile
robots, drones, and other unmanned vehicles [18-20]. On the one hand, the
given fuzzy systems make it possible to effectively use expert information,
implement complex and flexible control and decision-making strategies, have
high interpretability and logical transparency, and can also be effectively
trained like neural networks based on training samples or objective functions
[21, 22]. On the other hand, to use these advantages and realize the full
potential of fuzzy control systems in the automation of mobile robots, it
is necessary to have effective approaches and methods for their synthesis
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and optimization [23, 24]. Thus, currently, research aimed at developing,
improving, and testing such methods for the synthesis and optimization of
MRs’ fuzzy control systems is very relevant.

The cutting-edge studies show that due to the rapid development and
increase in the power of computer technologies, bioinspired intelligent meth-
ods of global search are quite promising for solving problems of synthesis
and optimization of various fuzzy control systems [25, 26]. These methods
include evolutionary and swarm techniques, that simulate processes of natural
selection and collective behavior of various social groups of animals, insects,
and microorganisms, as well as have several advantages over the classical
search methods [27, 28]. Therefore, it is advisable to use the main principles
of these bioinspired methods as the basis for creating a highly efficient
approach to optimizing fuzzy systems for remotely controlled mobile robots.

This study is devoted to the development of the advanced approach for
optimization of fuzzy control systems for mobile robots with remote control
based on bioinspired swarm techniques. The rest of the paper is organized in
the following way. Section 2 presents a brief literature review of the studied
area and the main purpose of this work. Section 3, in turn, describes in
detail the proposed advanced approach for optimization of fuzzy systems for
remotely controlled MRs. Section 4 presents the results of studying the effec-
tiveness of the designed approach on a specific example of a fuzzy control
system for the mobile robot capable of moving on inclined ferromagnetic
surfaces. Finally, Section 5 concludes the work and suggests the directions
for future studies.

2 Related Works

The issues of developing intelligent control systems for mobile robots, which
are controlled via the global Internet and able to navigate in space (includ-
ing limited), move along curvilinear trajectories, and perform technological
operations, are studied in a limited form and remain open [29]. In many
cases, it is advisable to build remote control systems for mobile robots based
on the generalized structure shown in Figure 1 [30]. This structure allows
implementing effective local automatic control of the MR using a local robot
computer, as well as remote monitoring and control via the Internet using a
web server, desktop computers, and various mobile devices.

Although MRs of this class are extremely important for inspection and
research purposes, the creation of their embedded systems based on meth-
ods and principles of building intelligent multimedia control systems are
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Figure 1 Generalized structure of the remote control system for MR.

becoming especially relevant due to the ever-increasing requirements for
quality control, complicating existing mobile robots as control plants, as well
as increasing the amount of information processing based on the Internet of
Robotic Things (IoRT) [31-33]. Due to the countless advantages of the spread
of cloud robotic systems, there has been an increase in sales of such systems
in recent years, and this trend is leading to growth [34, 35].

Thus, in [35] the authors consider the problem of developing cloud
distributed control systems for mobile robots. A set of nine most important
design parameters for such systems is identified: general technical require-
ments for implementation, assessment of the number of connected sensors,
specification of the number of drives and non-motorized degrees of freedom,
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assessment of the need for rapid prototyping, assessment of the criticality
of fault tolerance requirements, determination of computing power for the
operation of the system, evaluation of the criticality of the noise immunity
of the device, evaluation of the limitation on the distance between interact-
ing modules, assessment of the real-time requirements. Moreover, in [36]
modern technologies of resource allocation and provision of services in multi-
agent cloud robotics are comprehensively considered. The full taxonomy of
resource allocation computing and task planning for effective cloud robotics
management is presented. Specific examples of IoRT application are in
paper [37], which presents a method of traffic planning to coordinate several
mobile robots with avoidance of collisions, and the control architecture for
the use of cloud computing, operating in real-time. Another similar exam-
ple is considered in [38], which presents the server infrastructure, the grid
method, the artificial potential field method, and the ant colony algorithm.
Also, in [39] much attention is paid to the means of communication of
mobile robots. In turn, the authors have designed three mobile robots with
a single control system that has centralized control by a central server with
ROS implementation for local communication and the Internet of Things via
MQTT.

The principal outcomes of the systematic review show that the main
research focuses on the analysis of key components that a cloud robotic
system is made of and how these systems are evaluated. It should be noted
that the main trends for the creation of cloud robotics are (a) the decentraliza-
tion of data processing for the rational use of resources of the mobile robot
and server, (b) means of wireless communication with secure communication
channels, which provide significant benefits of controlling the mobile robot
in a limited space and monitor it in real-time on computer devices connected
to the Internet, and (c) modern means of intelligent control, which allow
achieving the highest efficiency in the performance of various technological
operations by the MRs.

The development of highly efficient intelligent control systems for mobile
robots, in particular, fuzzy control systems, deserves special attention. Thus,
many studies provide examples of the development and successful appli-
cation of fuzzy control systems and devices for the automation of various
mobile robots [40-42]. However, the issue of creating highly efficient
methods and approaches to the FCSs synthesis and optimization, taking
into account the peculiarities of the hierarchical structure and remote con-
trol, remains open. Recent theoretical and practical research in the field
of Al shows that bioinspired evolutionary and swarm methods can quite
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successfully solve the problems of synthesis and optimization of fuzzy con-
trol systems of various classes and purposes [43—45]. The given bioinspired
intelligent techniques have the following advantages and attractive features:
(a) the strong ability of local minima avoiding compared to the conven-
tional optimization methods; (b) the usage of derivation-free mechanisms
in the optimization process; (c) the flexibility and relative simplicity of
basic procedures; (d) easy adaptability for solving completely different real-
life optimization problems as well as for the synthesis and optimization of
the various high-dimensional fuzzy systems. Furthermore, these methods
can be effectively hybridized with the local search techniques of different
types which allows to rationally take advantage of global and local search
strategies [46, 47]. As a result of such combinations, specific hybrid methods
are obtained that require fewer iterations to find global optima at solving
optimization problems [48-50].

Among the considered bioinspired intelligent techniques, the most effi-
cient and well-proven are ant colony optimization (ACO) algorithms [51],
genetic algorithms (GA) [52], methods of artificial immune systems
(AIS) [53] and differential evolution (DE) [54]; artificial bee colony
(ABC) [55] and particle swarm optimization [56] algorithms, bacterial
foraging optimization (BFO) [57] and biogeography-based optimization
(BBO) [58] algorithms, etc. The considered bioinspired optimization tech-
niques can be conditionally divided into two main groups: evolutionary
methods, which simulate processes of natural selection and evolution in
nature, and swarm methods, which model the interacting behavior of col-
lective animals, insects, and microorganisms [28]. As the State-of-the-Art
research in this area shows, swarm techniques have several advantages
over the evolutionary methods [59]. In particular, swarm methods have
fewer operators compared to evolutionary approaches (crossover, selection,
cloning, mutation, migration, and so on) and fewer parameters to adjust [59].
Also, swarm algorithms save information about the search space throughout
the iteration, while evolutionary algorithms discard the information of the
previous generations [59]. As a result, swarm techniques can be easier imple-
mented and are more effective in some cases. Thus, they are more appropriate
to be used for the optimization of the fuzzy systems for remotely controlled
mobile robots.

Since these techniques are highly iterative and can be performed on paral-
lel processors, then when applying them for optimization of fuzzy systems for
remotely controlled MR, it is advisable to transfer all their main computing
operations to a remote powerful server using IoT technologies.
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Thus, the main purpose of this paper is the development and research of
the advanced approach for optimization of fuzzy control systems for mobile
robots with remote control based on bioinspired swarm techniques.

3 Advanced Approach for Optimization of Fuzzy Control
Systems for Mobile Robots with Remote Control Based
on Bioinspired Swarm Techniques

3.1 Basic Principles of Designing the Intelligent Control System
for Mobile Robots with Optimization Unit

The proposed by the authors advanced approach involves the creation of an
intelligent control system for mobile robots based on the following principles:
hierarchical multi-level control, remote IoT-based control, and fuzzy logic
control, as well as intelligent optimization of fuzzy control devices. In turn,
the hierarchical multi-level control implies the presence of at least two
levels of control (upper and lower) to ensure that mobile robots successfully
perform complex tasks and different technological operations. In addition,
the upper level can be divided into the highest, strategic and tactical levels of
control, and the lower level is the executive control level. At the highest level,
the intelligent control system must make a decision on the implementation
of a particular technological operation, task, movement, or maneuver of the
MR based on the analysis of the environment and the situation, assessment
of current operating conditions, external disturbances, etc. [60]. In addition,
to make decisions at this level, preliminary simulations of certain situations
can be performed based on existing intelligent models to predict the MR’s
behavior and the state of the environment. At the strategic level of control,
after receiving certain commands (control goals) from the highest level it is
necessary to plan technological operations, tasks, or movements and their
transformation into certain sequences of elementary actions (subtasks) [60].
The strategic level forms commands for the tactical level to perform specific
actions or basic operations. In turn, the main task of the tactical control
level is to transform the control commands of the strategic level into the
control programs that define the laws of coordinated functioning or move-
ment of executive mechanisms and actuators of the executive level of control.
The given programs define sequences of the set values of the generalized
controlled coordinates of the MRs’ main executive mechanisms [60]. As for
the lower (executive) level of control, it consists directly of executive mech-
anisms and actuators (AC), sensor systems (SS), as well as of automatic
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control subsystems, which due to the corresponding control impacts work
out the set values of the MRs’ generalized controlled coordinates, that come
from the tactical level [60]. In turn, the SS are used to receive feedback and
to obtain all available information about the state of the mobile robots and the
environment.

The remote loT-based control principle implies the possibility of dividing
the system into the local and remote control levels to increase the effec-
tiveness of the upper level, to simplify the structure, and reduce the cost of
the system hardware. This separation is carried out using IoT technologies
and allows transferring the upper control level with complex algorithms of
the highest, strategic and tactical control to a powerful remote web server
with significant computing capabilities. Also, the use of IoT technologies
allows the system operator, if necessary, to intervene in the control process
at the upper level, make any settings and track all changes from anywhere
in the world with the Internet using a special human-machine interface.
In turn, relatively simple control mechanisms of the lower (executive) level
are implemented at the local level using the embedded hardware of mobile
robots to increase the reliability and autonomy of the system.

The principle of fuzzy control implies the use of fuzzy systems and
control devices, as well as observers and identifiers at the lower (executive)
control level to improve the accuracy and quality of control of mobile robots
as complex plants with non-linear and non-stationary parameters. Also, fuzzy
devices and systems can be successfully applied at the upper level of control.

The principle of intelligent optimization of fuzzy control systems and
devices implies the implementation of structural-parametric optimization
procedures for fuzzy systems and devices of the lower level using bioin-
spired swarm techniques to increase their efficiency. These procedures can
be conducted both during the initial synthesis of fuzzy systems and devices
and in the process of subsequent MRs’ operation when it becomes necessary
to improve their performance. In turn, the powerful optimization units should
be located in the remote web server to speed up the optimization procedures
and simplify the hardware at the local level.

3.2 Structure of the Hierarchical loT-based Intelligent Control
System for Mobile Robots with Optimization Unit

Taking into account all the above principles, the functional structure of
the hierarchical IoT-based intelligent control system for mobile robots is
developed according to the proposed advanced approach. The given structure
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Figure 2 Functional structure of the generalized hierarchical loT-based intelligent control
system for mobile robots with optimization unit.

is presented in Figure 2, where the following abbreviations are used: UCL is
the upper control level; LCL is the lower control level; FCSi is the i-th fuzzy
control system of the lower level for the i-th mobile robot (i = 1,2,...,n);
WDTD:i is the i-th wireless data transmission device for the i-th MR; Yg;,
Yg; are i-th vectors of set and real values of the control variables of the
i-th MR (i = 1,2,...,n); Yy, is the vector of the actuators outputs of
the i-th MR; Ug; is the vector of the i-th sensor system’s output signals;
Up; is the vector of the control signals of the i-th fuzzy control system;
XF; is the vector of adjustable parameters of the i-th fuzzy control system; Yg
is the vector of set values of the control variables of all » mobile robots
(Ys = Ysi1, Yso2,...,Ys;,...,Ysy); Usg is the vector of output signals of
all n sensor systems (Ug = Ugy, Ugo, ... ,Ug;,...,Us,); Ur is the vector
of control signals of all n FCSs (Ur = Ug1, Ura, ... ,Ur;, ... ,Ur,); Yqr is
the vector of quality indicators of technological operations performed by all
n robots; Uro is the vector of control signals that specify the performance of
certain technological operations by all n robots; X is the vector of adjustable
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parameters of all n FCSs (Xp = Xp1, Xr2, . . . , XFi, . . . ,.XFrn); JF 1s the vector
of objective functions that are used for optimization of all n FCSs; X is
the vector of adjustable parameters for optimization procedures (includes
selection of optimization methods and their parameters, parameters and
structures of MRs’ models, parameters and structures of FCSs; parameters
of objective functions, etc.); Upp is the vector of signals that control the start
of optimization processes of a particular fuzzy system.

The presented hierarchical IoT-based system is designed for controlling
of n mobile robots, in particular, their spatial movement and the implementa-
tion of various technological operations. In turn, the given robots can perform
jointly a single operation on a single plant or several different operations
separately on the different plants. To do this, each MR is equipped with
several actuators, as well as with a system of sensors (SS). To implement the
high-performance control of MRs’ actuators and main coordinates, the fuzzy
control systems are used at the lower level of control. The sensor systems
provide feedbacks for these FCSs, as well as the acquisition of information
about the current state of the performed technological operations and the
robots themselves. All information from sensor systems, as well as FCSs’
control signals, are sent to the upper control level via the Internet using the
wireless data transmission devices. Also, these devices receive signals corre-
sponding to the set values of the controlled coordinates Yg; and adjustable
parameters of the fuzzy control systems from the upper control level Xg;. In
turn, the upper level control unit is located on a powerful server and designed
to control the execution of technological operations and for MRs coordina-
tion. In particular, the given unit receives the control objectives from the
user-operator, as well as the commands to perform certain technological oper-
ations. It performs the planning of operations, dividing them into elementary
actions, drawing up the sequences of their execution, issuing control signals
at the necessary time points, evaluating the quality of operations performed,
evaluating the quality of control of the fuzzy systems, as well as making
decisions about the need to reconfigure and optimization of FCSs. Herewith,
the user-operator remotely via the Internet sends the control objectives and
commands for performing certain technological operations to the upper level
control unit. Also, he receives the quality indicators of technological oper-
ations performed by all the robots and can make decisions about the need
to optimize fuzzy control systems for improving their efficiency. To provide
communication between the user-operator and the server, as well as to imple-
ment remote control and monitoring, a specialized human-machine interface
is used, which can be installed on personal computers (PCs), tablets, and
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various mobile devices. In turn, the fuzzy systems’ optimization unit (FSOU)
is also located on a powerful server and designed to conduct structural-
parametric optimization of FCSs based on the advanced bioinspired swarm
techniques to increase their efficiency. The detailed structure of the given
optimization unit is presented in Figure 3, where the following abbreviations
are used: OML is the optimization methods library; FCOU is the fuzzy
controllers’ optimization unit; FCM is the fuzzy controller model; MRM is
the mobile robot model; OFCU is the objective function calculation unit;
FCML is the fuzzy controller models library; MRML is the mobile robot
models library; MCU is the model correction unit.

The presented fuzzy systems’ optimization unit includes libraries of
simulation models of all MRs and fuzzy controllers that are used in different
control channels of the FCSs of the lower level of control. This allows per-
forming optimization of any of the fuzzy controllers available in the system.
Moreover, the model correction unit receives the current signals from the
sensor systems of mobile robots Ug, as well as the control signals from their
fuzzy controllers Ur, which allows tracking all changes in MRs, identifying
their changing parameters, and adjusting the parameters of their models
accordingly. Also, the fuzzy systems’ optimization unit has the optimization
methods library, which consists of the advanced bioinspired swarm methods
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for conduction of the effective FCSs’ optimization. For direct carrying out the
optimization procedures, the following units are used: FCM, MRM, OFCU,
and FCOU. In turn, the MRM and FCM include the current models of the
mobile robot and its fuzzy controller, selected for optimization. The OFCU
is used for determining the objective function values Jr to evaluate the
effectiveness of the fuzzy systems in the optimization process. The FCOU
implements all the optimization procedures of the current fuzzy controller
according to all the steps of the chosen optimization method. All new-found
values of the adjustable parameters Xp are uploaded to the FCM and are
sent via the Internet to the current fuzzy controller. Herewith, the control
of all optimization procedures, choice of the necessary controller, its model,
and the MR model, as well as the proper optimization method is carried out
using the optimization process control unit based on the signals Upp obtained
from the user-operator or the upper level control unit. Also, the optimization
process control unit receives all the adjustable parameters for optimization
procedures Xar from the user-operator or the upper level control unit and
implements their setting to all the necessary units.

The main tasks that can be solved by the fuzzy systems’ optimization
unit include the optimization of: the number of linguistic terms (LT) of
input and output variables, as well as the types and parameters of their
membership functions, the antecedents and consequents’ gains of the rule
base (RB), the number of RB fuzzy rules, the input normalizing coefficients,
the types of aggregation, activation and accumulation procedures, as well as
the defuzzification method [61-63]. However, successful optimization of the
FCS parameters (consequents’ gains, parameters of membership functions,
and normalizing coefficients) has a decisive influence, since due to the flexi-
ble and efficient parametric optimization, it is possible to achieve the optimal
value of the objective function with its various structural organization [64].
In turn, as swarm optimization techniques, it is advisable to use effective
and well-proven PSO methods as well as their hybrid modifications. Next,
let us consider in detail several modifications (basic and hybrid) of the PSO
methods that can be effectively applied in the FSOU for efficient optimization
of MRs’ fuzzy controllers.

3.3 Hybrid PSO Techniques for Optimization of MRs’ Fuzzy
Controllers

Particle swarm optimization techniques simulate the collective behavior of
flocks of birds or schools of fish with swarm intelligence as they move
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through space in search of better food sources [48, 64]. Models of interacting
individuals of the flock in the PSO techniques are represented by the particles
(agents) of a single swarm system, which move in a multidimensional search
space finding the optimum of the problem and exchanging information with
each other [56]. The current position of the Z-th particle in the m-dimensional
search space on the N-th iteration is a potential solution to the optimization
problem and, in the case of parametric optimization of a fuzzy system, is
a certain value of the parameters’ vector X. In turn, the vector X mainly
includes the vectors of normalizing coefficients K;, adjustable parameters of
linguistic terms Py, and the weights of the consequences of the RB rules P,

X = {K;,Prr,Pc}. (1)

In some cases, this vector may consist of separate vectors K;, Py, or Pc
if the optimization is performed consistently.

Changing the current position of the Z-th particle in the iterative search
process is carried out by adding to it the velocity vector V [56]

X, (N+1) =X, (N)+VL(N+1), Z={1,...,Zmax}, 5 ={1,...,m},

2
where Z . is the total number of particles in the swarm; j is the parameter
number that is optimized in the FCS; m is the total number of parameters that
are optimized at the same time, depending on the FCS structure.

The velocity vector V in various PSO techniques is determined differ-
ently [64]. The most common and effective is the Gbest PSO algorithm [56],
in which each particle is connected to all other particles of the swarm and
tends to the best position of the whole swarm. According to this algo-
rithm, the velocity vector of the Z-th particle V is calculated based on the
dependence (3)

VL (N +1) = VJ(N) + CIR](N)[LL(N) — X, (N)]
+ CIRL(N)[GY (N) — X7, (N))], 3)

where C{, CJ, are the vectors of particle accelerations for optimized param-
eters, j = {1,2,...,m}; RY, R% are the vectors of random numbers from
the range [0, 1], which bring stochasticity to the algorithm implementation,
R}, R} = rand[0, 1]; L’ is the best position found by the Z-th particle in the
search process, starting from the first iteration; G/ is the global best position
of the whole swarm of particles, which was found from the beginning of the
search process.
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In turn, the best position of the Z-th particle LjZ on the iteration N + 1 is
determined based on the objective function J of the fuzzy system according
to the dependence (4) [48]

L,(N),  IFJ(XL(N+1)) > J(LL(N));
< J(LY,

Z
XL (N +1), IF J(X,(N +1)) < J(L,(N)).

L,(N+1)= {

The global best position of the whole swarm G’ on the iteration
N is selected from the best positions of all swarm particles L?,, Z =
{1,2,..., Zmax} by the smallest value of the objective function J [56]

G/(N) € {LJ(N),...,LL(N),...,L}, (N)}J(G'(N))

= min{J(L{(N)),..., JLL(N)),...,J (L} (N)}. (5

To increase the stability of the PSO techniques and prevent excessively
rapid growth of the particles’ velocities, it is advisable to use a limiting
mechanism [64], according to which the vector of real velocities of the Z-th
particle Vg on the iteration N + 1 is determined based on the expression (6)

} VL(N+1), IFVL(N+1)<Vi
V’}(N+1):{ 2N+ f( ) < Vina 6)
V?nax? IF VZ(N+1) 2Vgnax?

where V(N + 1) is the velocity vector of the Z-th particle, which is calcu-
lated based on the expression (3); V... is the vector of maximum allowable
values of particles’ velocities for optimized parameters, j = {1,2,...,m}.

In turn, to improve and speed up the processes of FCS parametric opti-
mization, the hybrid modifications of the PSO method are proposed by the
authors in the paper [64]. In particular, the hybridization of the PSO technique
is implemented based on the elite strategy with such algorithms of local
search as gradient descent (GD) and extended Kalman filter (EKF). The main
idea of these modifications is to conduct an independent parallel search by the
best (elite) swarm particle using GD or EKF, which can significantly speed
up the convergence and reduce the computational costs of the optimization
procedures.

When using a gradient descent algorithm, the iterative procedures are
carried out based on the Equation (7)

X(N +1) = X(V) () 22X )
X=X(N)
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where -y is the vector of steps of gradient descent. In turn, the vector ~ can
be determined differently, depending on the selected gradient descent method
(with a fixed step, with a fractional step, fastest descent, etc.).

In the case of using the algorithm of extended Kalman filter, the problem
of the parameters optimization of a fuzzy system can be formulated as a
nonlinear filtering problem [65], for which the model of the nonlinear system
is described by expressions (8) and (9)

x(N +1) =f(x(N)) + w(N); €))
d(N) =h(x(N)) + v(N), ©)

where X is the system state vector; d is the system’s observation vector; f and
h are nonlinear vector functions of system states; w and v are vectors of
process and observation noise.

Moreover, the vector of estimates of the system states X is determined
using the extended Kalman filter algorithm based on expressions (10)—(13)
as follows

of(x) oh(x)
F(N)= —== ; HV) = ; (10)
( ) ox x=x(N) ( ) ox x=x(N)
K(V) = P(VHT (V)R + HIVP(NET (V)™ (1)

X(N) = f(x(N = 1)) + K(N)(@(N = 1) —=h(x(N - 1))); ~ (12)
P(N +1) = F(N)(P(N) - K(N)H(N)P(N)EFT(N) +Q,  (13)

where F and H are matrices of system state partial derivatives of functions f
and h; K is a Kalman gains vector; P is a posterior error covariance matrix;
Q and R are process and observation noise covariance matrices.

When implementing the algorithm (10)—(13) for parallel optimization of
the vector of FCS parameters X: the given vector X is represented as a vector
of the system states estimates X, the FCS objective function J is the function
h, the optimal (desired) value of the objective function J is represented
as the system observations d [64, 65]. Also, the matrix F, in this case, is
the identity matrix, and matrices Q and R are used as matrices of tunable
parameters of this search algorithm.

Figure 4 shows the block diagram of the generalized hybrid PSO
technique for optimization of MRs’ fuzzy controllers.

The first step contains the initialization of the PSO technique, as well
as the initialization of the parameters of the local search algorithm. At the
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Figure 4 The block diagram of the generalized hybrid PSO technique for optimization of
MRs’ fuzzy controllers.

stage of initialization, the following are selected: the vector of fuzzy system
parameters X that are simultaneously optimized, as well as its restrictions
X! and X7, j = {1,2,...,m}; the type, parameters, and optimal value
of the FS’s objective function J; the maximum number of iterations Np,ax; the
criterion of the optimization completion. Herewith, completely all the FCS
parameters can be selected as the vector X, or separately taken vectors of
normalizing coefficients K;, adjustable LT parameters Py, and the weights
of the consequences of the RB rules Pc. In turn, the mean integral quadratic
control error can be selected, for example, as the objective function J [64, 66].
As the criterion for the optimization completion, it is advisable to choose
the achievement of the optimal value of the objective function J < Jopt
or performing the maximum number of iterations Ny,.,. Also, at this stage
a swarm of Zy,ax particles is created, the initial positions of the particles

XJZ(O) are determined, their initial velocities V7,(0), the vector of maximum
allowable values of speeds V7., as well as the acceleration vectors C} and

Cl, j = {1,2,...,m}. In turn, the initial positions of the particles X7,(0)
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should be determined randomly, and the values of velocities V7, (0) should
be equal to 0. In addition, when choosing a gradient descent algorithm as a
local search algorithm, the vector of steps = is set depending on the specific
method (fixed step, fractional step, fastest descent, etc.). When choosing the
algorithm of the extended Kalman filter, the initial values of the parameters
of the posterior covariance matrix of errors Py, as well as the values of the
covariance matrices Q and R are determined. '

In step 2, for each Z-th particle of the swarm with the position X7, (),
Z ={1,2,..., Zmax} the value of the objective function of the fuzzy system
Jz(N) is calculated.

In step 3, the checking of the optimization process completion is per-
formed using the calculated values of the objective function .Jz (V) for all the
particles of the swarm, which is determined by achieving the optimal value of
the objective function (Jz(N) < Jopt) or performing the maximum number
of iterations Ny ax. If this checking is positive, then go to step 8. Otherwise,
go to step 4. A

In the fourth step, the best position L7, for each Z-th particle of the swarm
is determined, Z = {1,2,..., Zmax}, based on the values of the objective
function Jz(N) according to the dependence (4).

In step 5, from the best positions of all swarm particles L}, Z =
{1,2,..., Zmax}, determined in the previous step, the global best position of
the whole swarm G is selected by the smallest value of the objective function
based on the expression (5). Herewith, if the particle with this position was
not elite in the previous iteration, it becomes an elite particle with a new
global best position G, and the elite particle with the previous best position
becomes a separate elite particle. 4

In the sixth step, the values of the velocity vector V%, are calculated based
on the expression (3) for all particles of the swarm, except the elite. Also,
for these particles, the vector of real velocities Vg is calculated using the
dependence (6) to limit the excessively rapid increase in the velocities of the
particles.

~ The seventh step calculates the values of the positions of the particles
XJZ in the m-dimensional search space based on the dependence (2) for
all particles of the swarm, except the elite. In turn, for elite particles, the
calculation of new positions at this step is performed using the selected
local search algorithm. Thus, Equation (7) is used when choosing GD.
Equations (10)—(13) are used when choosing the EKF algorithm. Next, go
to step 2.
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Step 8 is the completion of the FS optimization process.

To study the effectiveness of the proposed approach and hybrid swarm
techniques with the elite strategy for optimization of MRs’ fuzzy controllers,
the next section presents the optimization process of the FCS for automatic
speed control of the multi-purpose caterpillar MR, which can move on
inclined and vertical ferromagnetic surfaces [67-69].

4 Case Study: Optimization of FCS for the Multi-purpose
Caterpillar MR Based on the Hybrid Swarm Techniques

The remotely controlled multi-purpose caterpillar mobile robots capable of
moving on the inclined and vertical ferromagnetic surfaces are quite effec-
tively used to move the working tools along specified trajectories for auto-
matically performing different technological operations (inspection, welding,
rust removal, painting, cleaning, etc.) in various industries [16, 30, 70-72].
The appearance of the 3D model and the physical model of the multi-purpose
caterpillar MR is shown in Figure 5, a, b.

One of the most important tasks in the automation of the spatial motion
of the caterpillar MR on an inclined ferromagnetic surface is the stabilization
and automatic control of its speed [16]. In this work, to study the effectiveness
of the proposed hybrid swarm technique with elite strategy, the parametric

Figure 5 The appearance of the multi-purpose caterpillar MR: (a) 3D model; (b) physical
model.
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optimization of the fuzzy controller of the Takagi-Sugeno type for the MR’s
speed automatic control is performed. In particular, the vector of weight gains
of the consequences for the RB rules P¢ of the fuzzy controller is selected as
the vector of optimized parameters X. Other parameters and the structure of
this fuzzy controller are set based on expert knowledge [64].

The considered remotely controlled caterpillar MR has the following
characteristics: the total weight of the MR with equipment is 160 kg; the
MR’s length is 1.1 m; the MR’s width is 0.85 m; the radius of the caterpillar’s
drive wheel is 0.16 m. The detailed functional diagram of the speed auto-
matic control system and the mathematical model of this mobile robot are
presented in the papers [16, 64]. In turn, the developed fuzzy speed controller
of the Takagi-Sugeno type implements the fuzzy control law based on the
dependence (14)

urc = frc <KP5V7KDév’KI/5vdt)a (14)

where upc is the fuzzy controller output signal; ¢, is the speed control error;
Kp, Kp, and K7 are the normalizing coefficients for the controller inputs. In
turn, Kp = 5; Kp = 0.33; K1 = 60 [64].

For the first controller input, 5 linguistic terms of triangular type are
chosen: BN — big negative; SN — small negative; Z — zero; SP — small positive;
BP - big positive. In turn, for the second and third inputs, 3 LT of triangular
type are selected: N — negative; Z — zero; P — positive. The appearance of the
selected terms with the set parameters is shown in Figure 6.

The total number of RB rules of the fuzzy controller s is determined by
the number of all possible combinations of the inputs’ linguistic terms and is
equal to 45, s = 5-3-3 = 45. Each r-th rule of the given RB (r = 1,...,45)
is presented by the expression (15)

IF “Kpe, = LTy” AND “Kpé, = LT>” AND “K; / eydt = LT3”

THEN “upc = k‘lr(Kpa,) + k‘gr(KDéV) + ks <KI/€vdt) e

(15)
where LT, LT9, LT3 are the corresponding linguistic terms; k1,-, ko, k3, are
the weight gains of the consequents for the r-th RB rule.

The vector of the weight gains of the consequences P, in this case,
consists of 135 gains.
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Figure 6 The appearance of the linguistic terms with the set parameters for the MR fuzzy
controller.

For the comparative analysis and study of the effectiveness of the pro-
posed swarm approach, the parametric optimization of the RB weights is
performed with the implementation of the following techniques: basic PSO
Gbest, hybrid PSO based on the elite strategy with GD, hybrid PSO based
on the elite strategy with EKF, as well as separately taken algorithms of the
gradient descent and the extended Kalman filter.

In this case, at the initialization stage (step 1), the vector of weight gains
of the consequents of the rules Pc is selected as a vector of optimized
parameters X. In turn, the following restrictions are chosen when optimizing
this vector: ki, € [1;120], ko, € [1;90], k3, € [1;100], 7 = {1,2,...,45}.

As the objective function J, in this case, the generalized integral deviation
of the real transient characteristic of the MR’s control system vy (¢, Pc) from
the desired transient characteristic of its reference model vp(#) is chosen [64]

J(t,Pc) =

tmax . ..
/ (B2 + k(B2 + ks (B2, (16)
0

max

where fihax 1S the total transient time of the MR’s fuzzy control system; & 1,
kjo are the weight coefficients; E, is the deviation vgr(f, Pc) from vp(7),
E, =vp(®) — vr(t, Po).
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In turn, the optimal value of the objective function is chosen J,pt = 0.2,
at which the deviation of the real transient characteristic vg(¢, Pc) from the
desired vp(#) is within acceptable limits. The execution of the maximum
number of iterations N,,x = 200 is chosen as the criterion for optimization
completion. At the stage of initialization of the PSO algorithm, the main
parameters were selected experimentally for this particular task. In particular,
a swarm was created to implement each technique with a number of particles
Zmax = 30. In this case, the initial positions of the particles were determined
randomly, and their initial velocities were equal to zero. The maximum
allowable values of the particle velocity as well as the particle acceleration
values were chosen to be the same for all optimized parameters: V.« = 10;
C1 = 0.1; C2 = 0.1. At the initialization stage of the parameters of local
search algorithms, for gradient descent, a fixed-step algorithm was chosen,
v = 1 — for all optimized parameters. In turn, for the extended Kalman filter
algorithm, the initial values of the parameters of the posterior covariance error
matrix were selected as Py = 40600135, where I135 is the identity matrix of
size 135. The covariance matrix is defined as Q = 3800135, and matrix R,
in this case, is a scalar, R = 480, since the optimized system has only one
output.

The parametric optimization of the fuzzy controller weights Pc was
performed alternately using each of the algorithms 5 times, followed by the
selection of the best results. Also, at the evaluation of the formed vectors
X when calculating the objective function J, the simulation of the MR’s
transients was carried out in different operating modes (under the action of
various input and disturbing influences) to effectively optimize all parameters
of the speed fuzzy controller.

To evaluate the effectiveness of the techniques used to optimize the speed
controller for the mobile robot, it is advisable to compare the best values
of the objective function Jp,in, as well as the computational costs of these
techniques [64]. Also, for the evaluation, the computational costs required
to find the given optimal value of the objective function J,,¢ can be used.
Herewith, the computational costs of these methods are mainly determined
by the total number of times v; of calculation of the objective function
required to achieve its certain value (v jop; — to achieve the optimal value
Jopt> UJ min — t0 achieve the best (minimum) value Jpin).

In turn, to determine the parameter vjop¢ depending on the number
of iterations N jopt, required to achieve the optimal value of the objective
function, the following equations can be used for the above techniques: (17) —
for the basic PSO, (18) — for the hybrid PSO techniques based on the elite
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Table 1 The best results of experiments obtained in the process of optimizing the MR’s
fuzzy control system

Optimization Technique ~ Njopt  Ujopt  Jmin ~ NJmin  UJmin

Basic PSO Gbest 144 4206  0.183 167 4873
Hybrid PSO with GD 84 2550  0.149 98 2970
Hybrid PSO with EKF 78 2370  0.146 94 2850
GD - - 0.479 87 87
EKF - - 0412 79 79

strategy (with GD or EKF):

UJjopt = Zmax + NJopt(Zmax - 1); (17)
UJjopt = Zmax + NJopthax- (18)

Similarly, using the above equations, the parameter v, can be cal-
culated based on the number of iterations Ny, required to achieve the
minimum value of the objective function. In turn, for the separately taken
gradient descent and algorithm of the extended Kalman filter, the number of
calculations of the objective function vy i, Which is required to achieve its
minimum value J iy, is equal to the number of iterations N j,iy.

The best results of experiments obtained in the process of optimizing the
weights for the consequences of the RB rules using each of the techniques
are presented in Table 1.

Figure 7 shows the changing curves of the objective function (16) best
values in the process of optimization of the vector X based on the considered
methods: 1 —basic PSO Gbest, 2 — hybrid PSO with GD, 3 — hybrid PSO with
EKF; 4 — GD; 5 — EKF.

As can be seen from Table 1 and Figure 7, the proposed hybrid PSO
techniques based on the elite strategy with GD and EKF allow conducting
optimization of the weights for the RB consequences of this fuzzy controller
much more efficiently compared to the basic PSO method Gbest. Thus,
finding the optimal value of the objective function J using hybrid PSO
techniques with EKF and GD required at best, respectively, for 1836 and 1656
calculations of the objective function less than when using the basic method
Gbest. Moreover, the implementation of these hybrid methods on average
provided achievement of a lower minimum value of the objective function
Jmin compared to the basic PSO method. To solve this particular problem,
the most effective is a hybrid PSO technique based on the elite strategy with
EKEF, the implementation of which managed to achieve the optimal value of
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Figure 7 Changing curves of the best values of the objective function J in the optimization
process of the MR’s fuzzy control system (in the range N = 0...100).

the objective function of the fuzzy control system (J < 0.2) for the least
number of calculations of the objective function (v jopy = 2370). Also, when
implementing this method on the 94-th iteration (Figure 7, curve 3) the lowest
value of the objective function was achieved (J i, = 0.146).

As for the separately taken algorithms of gradient descent and extended
Kalman filter, although their implementation requires much lower computa-
tional and time costs compared to the bioinspired swarm techniques, their
application did not allow to achieve the optimal value of the objective
function (J < 0.2) in solving this problem.

The fragment of the rule base for this fuzzy controller, optimized using
the presented hybrid PSO method based on the elite strategy with EKF for
the smallest value of the objective function, is presented in Table 2.

To confirm the effectiveness of the developed fuzzy system with an
optimized controller based on the proposed hybrid PSO techniques, Figure 8
presents the transients of the MR motion on an inclined ferromagnetic surface
under the action of strong step disturbances. These graphs of transients are
obtained for the fuzzy control system with the optimized vector of the RB
consequents gains Pc based on: 1 — basic PSO Gbest; 2 — hybrid PSO with
GD; 3 — hybrid PSO with EKF. Line 4 is a step disturbance in the form of the
load force of the technological operation Fp(f), varying in the range from 0
to 600 N.
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Table 2 Fragment of the rule base for the MR’s fuzzy controller

Linguistic Terms Consequents Weights
Rule of Input Variables of Rules

Number KPEU KDf-fv KI /Evdt klr kQT k3r

1 BN N N 63.41 4214 5327
5 BN zZ zZ 91.13 73,55 69.72
18 SN P P 4841 7416 47.14
23 zZ zZ z 69.34 51.63 2945
30 Sp N P 1458 31.88 88.16
36 Sp P P 31.79  59.13  39.21
41 BP zZ zZ 32.11  17.22  69.13
45 BP P P 9.67 2426 4584

In turn, the simulation was performed with the following parameters: the
angle of inclination of the working surface v = 65°; the set speed value
vg = 0.2 m/s. The detailed transients of the MR motion under disturbances
are presented in Figure 9. Also, Table 3 presents a comparative analysis of
the quality indicators for the speed control system at these processes of MR
movement (Figure 8).

As can be seen from Figures 8, 9, and Table 3, the MR’s fuzzy control
system with the optimized vector of RB consequents gains P¢ based on both
modifications of the proposed hybrid technique for parametric optimization
(hybrid PSO based on elite strategy with GD, hybrid PSO based on elite
strategy with EKF) has higher quality indicators of control than the system
with optimized vector P¢ based on the basic PSO method.

In particular, the control system with the optimized fuzzy controller
using the hybrid PSO technique with EKF has the best performance when
accelerating the MR to a given speed value, as well as the smallest deviations
(no more than 8.31%) under the influence of strong step disturbances. As a
result, it gives the opportunity to significantly increase the total efficiency of
the mobile robot and various technological operations. Namely, by increasing
the reduction of deviations of movement speed, caused by the action of
disturbances, the quality of the execution of technological operations is
significantly improved due to more uniform staining, rust removal, or welding
during these operations. Moreover, due to a significant increase in transients
speed, the total operating time with the same volume is reduced and, as a
result, the total energy costs of the robot and process equipment are reduced,
which significantly increases the autonomy. Also, the reduction of deviations
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Figure 8 Transients of the MR motion on an inclined ferromagnetic surface under the action
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Figure 9 Detailed transients of the MR motion under the action of strong step disturbances.
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Table 3 Comparative analysis of the quality indicators for the MR’s speed fuzzy control
system under the action of strong step disturbances
Quality Indicators of the MR’s Speed Control System

Basic Hybrid PSO Hybrid PSO
Quality Indicators PSO Gbest with GD with EKF
Disturbances amplitude, N 600 600 600
Disturbances action time, s 0.75 0.75 0.75
Transient time, s 0.34 0.29 0.27
Maximum speed deviation under 30.05 9.45 8.31

the action of disturbances, %

and oscillations reduces undesirable loads on the working tool and increases
the reliability of its operation.

In addition, the procedure of finding the optimal vector of the RB conse-
quents gains P¢ using the considered hybrid PSO techniques required enough
small computational and time costs (vjopy = 2370 — for the hybrid PSO
with EKF; vjop; = 2550 — for the hybrid PSO with GD), that confirms
their high efficiency. Since all the main computational operations are carried
out in the fuzzy systems’ optimization unit on the powerful remote server,
the needed processing and storage resources for the implementation of the
proposed swarm-based approach can be considered insignificant.

5 Conclusions

The development and research of the advanced approach for optimization of
fuzzy control systems for mobile robots with remote control based on bioin-
spired swarm techniques are presented in this paper. The obtained approach
makes it possible to create effective intelligent control systems for mobile
robots based on the following principles: hierarchical multi-level control,
remote loT-based control, and fuzzy logic control, as well as intelligent
optimization of fuzzy control devices. The applied hybrid swarm (PSO)
techniques with elite strategy allow effectively optimizing various parameters
of FCSs, finding the optimal solution to the problem, and, at the same time,
have a higher convergence rate compared with the basic PSO algorithms.

To evaluate the effectiveness of the proposed advanced approach and
hybrid swarm techniques with elite strategy, the optimization process of the
FCS for the speed control of the multi-purpose caterpillar MR, which can
move on inclined and vertical ferromagnetic surfaces, is carried out in this
study. The analysis of the obtained results of computer simulation shows that



866 0. Kozlov et al.

the hybrid PSO techniques based on the elite strategy with GD and EKF allow
optimizing the controller’s RB consequents weights much more efficiently in
comparison with the basic PSO algorithm. This is confirmed by the attain-
ment of the lower values of the objective function J at significantly fewer
computational costs. Moreover, the MR’s fuzzy control system optimized
by both proposed hybrid techniques with elite strategy (hybrid PSO with
GD, hybrid PSO with EKF) has higher quality indicators of control than the
system optimized by the basic PSO method. In particular, the control system
optimized by the hybrid PSO with EKF has the best performance when MR
accelerates to a given speed value, as well as the smallest deviations (no more
than 8.31%) under the influence of strong step disturbances. Thus, all the
research results presented in this paper fully confirm the high efficiency of
the proposed advanced approach, as well as the expediency of its application
for the optimization of fuzzy control systems for various mobile robots with
remote control.

In further work, in a theoretical context, it is planned to develop and
study specific algorithms of task scheduling for the group execution of
technological operations by robots, taking into account the existing limita-
tions and features of continuous and discrete production processes. In the
practical context, it is planned to test the proposed advanced approach in the
development and optimization of the real fuzzy control system for mobile
robots with remote control. Also, for comparison, it is advisable to consider
the possibility of implementing this system based on both IoT and edge
computing solutions.

List of Abbreviations

FCS fuzzy control system

MR mobile robot

PSO particle swarm optimization
FSOU fuzzy systems’ optimization unit
IoT Internet of things

[IoT Industrial Internet of things
IoRT Internet of robotic things

GD gradient descent

EKF  extended Kalman filter

Al artificial intelligence
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