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Abstract: This article is oriented to the application of generalized type-2 fuzzy systems in the dynamic
adjustment of the parameters of a recent metaheuristic based on nature that follows the rules of
the best feeding strategies of predators and prey in ecosystems. This metaheuristic is called fuzzy
marine predator algorithm (FMPA) and is presented as an improved variant of the original marine
predator algorithm (MPA). The FMPA balances the degree of exploration and exploitation through its
iterations according to the advancement of the predator. In the state of the art, it has been shown
that type-2 fuzzy increases metaheuristic performance when adapting parameters, although there
is also an increase in the execution time. The FMPA with generalized type-2 and interval type-2
parameter adaptations was applied to a group of benchmark functions introduced in the competition
on evolutionary computation (CEC2017); the results show that generalized FMPA provides better
solutions. A second case for FMPA is also presented, which is the optimal fuzzy control design, in the
search for the optimal membership function parameters. A symmetrical distribution of these functions
is assumed for reducing complexity in the search process for optimal parameters. Simulations were
carried out considering different degrees of noise when analyzing the performance when simulating
each of the used fuzzy methods.

Keywords: generalized type-2 fuzzy; fuzzy control; mobile robots; marine predator algorithm; shark
smell optimization

1. Introduction

In this article, a particular metaheuristic is considered: the marine predator algorithm
(MPA), which can be considered a robust metaheuristic that has many advantages, for
example, simple procedures, few design variables, flexibility, high level of convergence,
almost global solution, and gradient-free attributes [1]. In addition, the MPA has been
applied in diverse areas and has shown effective results, in which it has already been com-
pared in previous studies in different problems, such as the prediction of COVID-19, and in
control. Some of the studies that have considered this algorithm are the following: the first
discussed a new integration between a neuro-fuzzy model and the marine predator opti-
mization algorithm, with a search for optimal system parameters to increase biomethane
gas production [2]. A hybrid computational intelligence approach for structural damage de-
tection using the marine predator algorithm and feedforward neural networks is described
in [3]. The following study implemented an MPA-based design for large-scale photovoltaic
(PV) systems to achieve maximum power under partial shading conditions in [4]. The
marine predator algorithm is proposed for solving transcendental nonlinear equations in
a selective harmonic elimination technique using a multilevel inverter (MLI) [5]. In the
search for the optimal values of the commutation angles with MPA, it is applied to control
a three-phase motor of 11 levels using a cascade H-bridge (CHB) topology in the control
of the fundamental component and cancel the low-order harmonics to all modulation
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index values from 0 to 1 [5]. The marine predator algorithm is used to optimize the gains
as well as the input scaling factors and membership functions of a proposed fuzzy PID
controller in [6]. A novel technique for multilevel thresholding of digital image segmen-
tation by combining fuzzy entropy type-II (FE-TII) with a metaheuristic marine predator
algorithm is proposed in [7]. A new short-term COVID-19 forecast model is proposed
using an improved version of the adaptive neuro-fuzzy inference system (ANFIS); then an
improved MPA, called chaotic MPA (CMPA), is applied to improve the ANFIS and avoid its
deficiencies [8]. More recently, a hybrid COVID-19 detection model based on an improved
marine predator algorithm (IMPA) and a ranking-based diversity reduction strategy is
proposed for X-ray image segmentation with the aim of rapidly extracting from chest X-ray
images the similar small regions that may contain the identifying features of COVID-19 [9].

Some researchers have proposed implementing the fuzzy logic controller (FLC) in par-
allel with conventional controllers to improve overall system performance [10-13]. A trend
that has occurred in recent years is that fuzzy controllers are optimized using metaheuristic
approaches and, in this way, optimally achieve a parameter setting and therefore reduce
the proposed objective function since the best is not usually achieved [14,15]. Although
these techniques can be very competitive, they do not necessarily obtain better times and
computational costs with their application [16]. The fuzzy controller input variables are
determined by combinations of membership functions known as fuzzy sets, and their
parameter values can be metaheuristically tuned to produce the desired performance re-
quired by the system [17]. The area of fuzzy logic continues to advance, since recently an
investigation was presented in which dynamic fractional order models are obtained from
an extension to general type-2 fuzzy systems, which are called interval type-3 fuzzy logic
systems (IT3FLS) [18].

In previous control investigations, different variants of algorithms have been presented
to adapt the parameter values of the membership functions of the fuzzy controller, such
as the hybrid harmony search and differential evolution algorithm for the optimal design
of fuzzy controllers [19,20], and the optimization of type-2 and type-1 fuzzy controllers
utilizing the shark smell optimization algorithm is described in [17]. In addition, to control
an inverted pendulum system in [21], the optimal parameter estimation of a controller for
an autonomous mobile robot for adjusting a fuzzy controller using the firefly algorithm is
described in [22], and an optimization of interval type-2 fuzzy controllers with parameter
adaptation utilizing fuzzy systems (of the interval type-2 and type-1 form) for the optimiza-
tion of the fuzzy controller of an autonomous mobile robot is presented in [23]. In addition,
fuzzy parameter adaptation of the grey wolf algorithm is offered in [24]. A variant of
differential evolution applying shaded and general type-2 systems for adjustment of the
main parameter of an evolutionary technique is presented in [25], a comparison applying
the multiverse optimizer and also varying the parameter values of the principal points in
each membership function, its comparison with other algorithms in the optimization of
fuzzy controllers, and benchmark problems in [26], An improved hybrid IT2FLC design
was proposed for the design of a fuzzy controller based on a variant of the shark smell and
salp swarm algorithms with parameter adaptation for the benchmark problem of a DC
motor. Additionally, test runs on CEC2017 benchmark functions are presented in [27].

Research has been developed that suggests the use of generalized type-2 fuzzy systems
(GT2FLSs) in the control area or in other more complex endeavors. In addition, very few
related works have been developed that apply optimization techniques to formulate an
optimal GT2FLS. In addition, the concepts of GT2FLS and the representation of planes
(oc cuts) as a mechanism to increase their ability to find solutions to problems of different
complexity have been recently applied [28-33]. It has been established in previous research
how much type-2 fuzzy systems help when utilized, as they increase the performance
of metaheuristics by dynamically adapting the parameters through their executions [34].
However, there is a limitation when using fuzzy logic in the variation of parameters that
we get longer execution times for metaheuristics.
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Therefore, the application of the FMPA metaheuristic in solving complex problems has
been established with the guidance of previously referenced works as the main motivation
of this research, since in the state of the art, there are few works that deal with metaheuristics
inspired by nature and using parameter adjustment based on a GT2FLC. Appealing to the
robustness, as a property of the GT2FLS, we use it as a tool to find the best values of the P,
FADs, and CF parameters of the MPA algorithm.

The greatest contribution of this research, analyzing the divergence from previous
works in the literature, was to develop a comparative analysis by taking the different types
of FLSs, in the optimal tuning of the main parameters of the marine predator algorithm,
for the functionality of fuzzy controllers and, finally, for the improvement of results for
CEC2017 benchmark functions. Furthermore, the results obtained from the executions
with the marine predator algorithm based on the adaptation of generalized type-2 FLC
parameters show a great improvement. The generalized type-2 FLS (FMPAGT?2) is by far
more efficient than the original MPA algorithm and its fuzzy counterparts, the interval
type-2 and type-1 FLS (FMPAIT2 and FMPAT1), in finding better parameter values.

Therefore, hybridization is an important contribution of this work, as GT2FLSs are
combined with marine predator algorithm to propose a novel variant of MPA to help in the
exploration of optimal fuzzy controllers and the optimal search for results in the CEC2017
benchmark functions. It was assumed that a goal was a better treatment and handling of
uncertainty in optimization problems, in addition to presenting a comparison between
T1FLC, IT2FLC, and GT2FLC for the development of optimal fuzzy controllers and the
application of fuzzy systems in the search for the key parameter values in the marine
predator algorithm implemented for the optimization of benchmark functions.

The composition of the document is as follows: Section 2 outlines a background of
the types of fuzzy systems used in this work. Section 3 puts forward the proposal for the
improvement on the optimization of fuzzy systems. Section 4 presents the case studies:
CEC2017 benchmark functions and fuzzy controller design, in addition to the formulation
of the objective function. Section 5 describes a compilation of results of experimentation
with both case studies: CEC2017 benchmark functions and mobile robot fuzzy controller
optimization. Section 6 offers conclusions and possible future works.

2. Fuzzy Systems

Fuzzy logic systems (FLSs) have advanced through the years since their inception in
1965 with a type-1 fuzzy logic system (T1FLS) to represent the vagueness in the real world,
as a methodology for control, as well as the application of mathematical models to emulate
human understanding, industrial developments, electronic applications, medical opinion
systems, and robotics, to name a few. Later, due to the interest in managing uncertainties,
what we now know as type-2 fuzzy logic did emerge, which has steadily evolved to the
present day:.

Although the area of fuzzy logic continues to advance, recently, an investigation was
presented in which dynamic fractional-order models were obtained from an extension of
general type-2 fuzzy systems, which are called interval type-3 fuzzy logic systems (IT3FLS),
where the secondary membership function (SMF) is an interval type-2 fuzzy set (FS). Values
of a tertiary membership are unity over the footprint of uncertainty (FOU) of secondary
membership [35]. A proposed novel method based on interval type-3 fuzzy logic systems
(IT3-FLSs), an online learning approach for solar energy management systems, is described
in [18]. Finally, the design of an interval type-3 (IT3) Takagi-Sugeno (T-S) fuzzy logic
system (FLS) using the alpha plane representation is presented in [34].

2.1. Type-1 Fuzzy Systems

Based on the foundations of fuzzy logic [36], we can define a fuzzy set (FS) charac-
terized by the membership function (MF). This initial definition of a type-1 fuzzy set is
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expressed as: a fuzzy set is characterized by an MF 14 (x) that has values on [0, 1] and can
be interpreted as a set of pairs defined by Equation (1):

A={(x, pa(x))|x € X} )

where p4: X— [0, 1]. Here, p 4 (x) represents the membership degree of the element x €X
to the set A. Figure 1 depicts a type-1 fuzzy system, which is structured by the fuzzifier, the
rules, the inference, and finally, the defuzzifier [37].

Knowledge Base \']

System
( Rules Base )
\ o ; Crisp
Crisp Inputs § ! Outputs
P= P Fuzzifier Inferc.ance | L
X=x Engine |

Figure 1. Architecture of type-1 fuzzy systems.

The fuzzifier performs the process of converting precise numbers to fuzzy sets, the
inference process computes fuzzy rules based on the activation of the inputs, and finally,
the defuzzifier performs the reverse process, converting the resulting fuzzy sets to precise
numbers. Figure 2 illustrates the inference process of a Mamdani-type T1FIS. In the control
area, the fuzzy systems have had a great boom due to their great ability to control nonlinear
systems. Some examples of recent applications can be found in [14,36,37], having each day
more applications in different areas, like to Robot control [38,39].

W XX XX KRN

VAVAVANERE IVAVAVAN JAVAVAN
[ NN VAL N JIEAAN

DEFUZZIFIER

Figure 2. Stages of a Mamdani T1FLS.

Given the inputs (numerical values), different membership values are obtained for
each of the values. This represents an “input fuzzification”. If the premise of the rule
contains more than one expression, we will apply an operator (t-norm or t-conorm) to
obtain the activation of the rule. This is shown in the example in Figure 2.

Starting from the consequent of each rule in addition to the value of the obtained
antecedent, we use a fuzzy implication operator, resulting in a new FS. One of the most
used implication operators is the minimum, which cuts the MF of the consequent, and the
product, which scales it.

The outputs resulting from each rule in step 2 are combined into a single fuzzy set
using an aggregation operator. The most popular aggregation operators are the maximum,
the sum, or the probabilistic or. In Figure 2, the maximum is utilized.
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In the case of finding a solution to a decision problem, what we need as output is a
number. Therefore, we have to transform the fuzzy set calculated in step 3 into a number.
One of the most used methods is the centroid method that calculates the center of the area
defined by the FS calculated in step 3. The calculation is shown in Figure 2.

2.2. Interval Type-2 Fuzzy Systems

Based on Zadeh'’s ideas, Mendel et al. introduced the definition of a type-2 fuzzy
set [40,41]. Based on the initial concepts of FS [42,43], interval type-2 fuzzy sets (IT2FS)
represent an uncertainty model [44] (see Table 1). An IT2FS A is represented by U g(x) and
# 5 (x), the lower and upper MFs of y 7 (x,u), where x € X,and u € ], C [0, 1]. Equation
(2) describes the concept of an IT2FS [45]:

A= {((x, u), pr(x,u))|Vx € X, Vu € J, €[0, 1]} )

where X is the primary domain, and J is the the secondary domain of the primary mem-
berships, which is the secondary domain. All secondary degrees y ;(x, u) are equal to
1 representing the membership degree of each element. Figure 3 illustrates and represents
an IT2FLS.

Table 1. Formula for the upper and lower MFs.

FOU p-(x) pa(x)
A -
1
- UMF (4) 0, x<a 0, x<e
LMF(d) \ gt a<x<b ;%g, e<x<f
Fi(x) = , 1, b<x<c Fa(x) = -
d—x c<x<d 8—x <
0 _ X 76 >d7 SN f<x_g
a e bfe d 4 =z 0’ x> 8

WL MF ) MF y(x) MF %)

Upper MF Hz(x)

1A
Lower };EF—j

Jx

— - - = Y
1 X v | Soome eye contact
Uneertainty show Uncertainty show
lef} endpoint right endpoint
FOU FoU

Figure 3. The footprint of uncertainty for an IT2 MFE.

An MF of type IT2 can be represented as two T1 MFs, described as upper MF and
lower MF, and the extension between them is recognized as the footprint of uncertainty
(FOU) [46,47], and Figure 3 illustrates this representation.

What also characterizes an IT2FLS are the IF-THEN control rules; what differentiates
it are its fuzzy sets that now have the form of a type-2 interval. A T2FS can be used when
the events are too ambiguous to specify the relationship with exact degrees of membership,
as in a fuzzy controller, where the membership functions take on many values, and we seek
to determine the assignment of the best MF features that give optimal results and a stable
controller [48] and function optimization [49].
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The main difference in an IT2FS is that it includes a type-reducer module to summarize
an IT2FS to a T1FS, and later is presented in the defuzzifier module, obtaining a crisp
result [40]. The IT2FLS takes the uncertainty or ambiguity in the system, while the TIFLS
just does not do it properly [41]. Although it is similar to a TIFLS, a block diagram
presented in Figure 4 describes an IT2FLS.

 [Membership] | Knowledse Buse N .
| Functions | | YR | efuzzifier | — >
[ == LR (__Rules Base ) ‘ ) Crisp
3 J L ] A Outputs
* || I TIFLS
Crisp Inputs | IT2FLS IT2FLS

p P | Fuzzifier Infer?nce ; Type i

X=X i Engine Reducer i
i J Type reduced set
S - (Type-1F9)

Figure 4. ITFLS architecture.

In this work, we used the architecture of the fuzzy system, as described in Figure 4.
For all inputs p and rule I, we are using MFs with an uncertain mean. The upper and lower
MFs for the IT2FS are described in Table 1.

Taking into account that we formulate N rules on a rule base of T2FLC, these are with
the form [41] of Equations (3) and (4):

Rl:Ifxlisl?iland ...,xpisf}lgthenyisGl, I=1,...,N 3)

where x;(i = 1,..p) are inputs and fil are antecedent sets, G/ are consequent sets, y is the
output variables, and ‘~” implies that the set is a type-2 fuzzy set.
The firing strength is the following set of type-2 intervals:

Fe=[f (.F@ = [fF]] )

There are different techniques for the implementation of an IT2FLS type reducer, where
the center of gravity (cos) is one of the most used techniques, where ycos is an interval,
described by the values y;, yi, which are computed with Equations (5) and (6). Karnik and
Mendel [43] showed that the two endpoints y; and y, depend on a combination of f. and

f; values.

= (7 P Nk
yr=yr(i, SN --,fN,y},-~-,er)

Here, j‘j and i], are upper and lower values of F, and Karnik and Mendel developed

Q)

an iterative process for computing the values of y; and y;.

a0 = gy (00, g (0| = [, 7] ©

They proposed an algorithm that finds the switch points L and R and calculates the
end points y; and y, of a type-reduced set in the following way:

_ ZiL:1 ]szf + Z?LLH ﬁyf
Y fit i fi

@)

Yi
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o = LR fivi + TN g fil
r — p—
ZF:lﬁ"’ LR g1 fi

Here, with the Karnik-Mendel algorithm (Table 2), the change points can be calculated.
Finally, the crisp outputs in the defuzzification process can be evaluated as:

®)

Vit+yr
- I 9
y="2 ©)
Table 2. Karnik-Mendel algorithm.
Step Left Point Right Point
1 Sort x; by increasing order Sort x; by increasing order
2 Initialize w; as: w; = % Initialize w; as: w; = %
3 — Lisg Xiwi — Lisg Xiwi
. Compute y T . Compute y T w
4 Find k where x; <y < X441 Find k where x; <y < x341
L e
i setwi={ i) sevwi = { 5024
Wiy ir
6 Compute y — Lig %i%% Compute y = Li=1 %%
P Y Eﬁ] wi P Y Zzl\il wi
7 If, then stop, set, and if not, go to step 8 If, then stop, set, and if not, go to step 8
8 Go to step 3 Go to step 3

Here, y is a defuzzified output. The Karnik-Mendel algorithm is not too time-
consuming, and it is efficient for the application of T2FLSs.

2.3. Generalized Type-2 System

The GT2FLS was determined approximately in 1999; however, its practical use has
been impeded by its greater computational complexity, favoring the simplest version, the
IT2FLS. The logic that is applied in IT2FLSs and T1FLSs is similar to that used in a GT2FLS,
only that there is relatively more complexity in its procedure and operations [30]. Figure 5
describes a membership function using an example of a generalized type-2 Gaussian
illustrated from various angles, which is showing the relationship with a third dimension
and presents a better approximation to uncertainty.

Type-2 Fuzzy Sets Type-2 Fuzzy Sets

Fy (U)

(a) (b)

Figure 5. Generalized type-2 Gaussian MF: (a) top view; (b) isometric view.

The difference of a GT2FLS is due to the need to utilize the vertical axis, where the

main reason lies in the complexity involved in the GT2FLS compared with the less complex
fuzzy sets in T1FLSs and IT2FLSs [50,51].
Equation (10) describes the function of the generalized T2 fuzzy set:

A= {C(xu), pp(x, u) )|VeeX,Vy € Jx €[0,1] } (10)
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where J, C [0, 1], x is in the domain of the primary MEFE, and u is in the domain of the
secondary MF.
Figure 6 describes the architecture of a GT2FLS in a more synthesized and stylized way:.

— > Crisp
Defuzzifier]/ Output

! Knowledge Base /|

\ ) m B
~{_RulesBase j*

't TIRLS
( Perfofming| \
| | Antecedent/, | Alpha-planes
N ! | Consecuent | = integration
Crisp Inputs | | salpha | | ‘
x=x | | ‘ e
| - ‘Plﬁ‘“‘ = | Typereduction Type
P ;o oY for interval reduction for
| L | The 1nfe;red I'| | Type-2fuzzy | interval Type-
: : ' Membership | | output (Ina | I set .2 fuzzy set | |
| l : Functions ! multlple L \ ﬁ“ §
| | ===y | Input single | Alpha plane /Alpha plane
| Sensor ::> ! i | Qutput FLS) |
| Measurements |~ | T |
| b V V :
| b | p
I 3 (

: ' | Fuzaifier Infer.ence ‘ % Alpha p:a?es
| : | GT2FLS"| Engine | = Grorrs |\ representation
| i —

nput Sets..-. OutputSets ?

Figure 6. Generalized type-2 system.

2.3.1. The Fuzzification Stage

The generalized fuzzy set, in its fuzzification stage, has a single non-zero member-
ship point. So the singleton fuzzy block interprets the crisp input xp into a Type-2
. . _ 1 o _
fuzzy singleton, whose MF is p A (xp) = 1 forxp = X;, and p A (xp) = Oforall x, #
X; forallp =1, 2, ...,P, where P is the number inputs [52].

2.3.2. The Inference Stage

This stage introduces the interpretation of the rule base configuration; it is used in
a GT2FLS using the definition of Mamdani-type rules, similar to those described for a
T1FLS and IT2FLS. In this case, the antecedents and the consequent are characterized for
a GT2FLS. Therefore, there are K rules defined, and the ky, rule in the GT2FLS can be
formulated by means of Equation (11) [20,32] and defines the relationship between the
input and output fields.

Rfk: IF xy isf{‘ and ... and x is f,’,f, THEN y is Gk (11)

where RF is a specific rule, x, is the input p, frl,‘ is an MF on rule y and the input p, and y is
the output on MF G. Both f{‘ and G are in the forms pp(x) and 1 (y), respectively.

The inference of the rules is generated with Equations (12) and (13) by means of
the t-norm connectors (), where p5 defines the membership function that arises in the
consequents when inferring each rule, and w corresponds to the space of the consequents.
The GT2FLS is used in the inference process, which involves two procedures identified as
meet and join. These are formulated in Equations (12) and (13), respectively.

nalx u) L pplx, w) = {(v, () % fr(w)) |0 € u vV w,ue JyC [0, 1, we ¥ < [0, 1]} (12)

palx, u) pup(x, w) = { (o f) ¥ fu(w) [0 € u Nw,u e JE clo, 1), we ¥ <o, 1]} (13)
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2.3.3. Interpretation of x-Planes

The interpretation of an «-plane for a GT2FLS (A) takes the following form: it is
denoted by A o, and itis postulated as the union of all primary MFs of A, whose secondary
memberships are higher than or equal to « (0 < a < 1) [40,41]. The definition for the
a-plane is described by Equation (14), and Figure 7 depicts a particular case of an «-
plane [20,28].

Ao={(xu), pz(x,u) > «Vxe X,Vue Jx C [0, 1]} (14)

Aoyt

_ The associated IT2FLS at
one particular value of
alpha

" The two-dimensional
alpha-plane at one
particular value of alpha

Figure 7. Alpha planes.

2.3.4. Type Reduction

Regarding the type reducer that is applied to a GT2FLS, the most used technique is
the centroid, described by Equation (15), taking it as the definition of the centroid C; of
a GT2FLS. 6; represents the changes in relation to the secondary degree of the function

fr (01)% . F fry (ON)-

LR xif;
Zf\il 0;
One of the techniques for type reduction is the one developed by Karnik and Mendel [43],

Ci=1{(z, wz)]ze S (z) € fr(01) X oo X fay(On), 01 € Jxy Xeoo X Jay} (15)

where ﬁi indicates the upper MFs’ alpha plane and QF denotes the lowest alpha plane of
the ME. Equations (16) and (17) condense this type reduction.

—k , S
b B Y 2L

1 (.
Ya (¥') — :
Yot Q};(x/) + ZinL-i-l Qi(x)

(16)

_ TR OF ()i + lec\I:RJrl Of (x)7
25:1 Q (x) +ZiIiR+1 Q, (x))

The process that continues is composed of the integration of the alpha planes, and
Equations (18) and (19) describe the procedures necessary to achieve this [28,43].

Ya (')

(17)

Zl\i—1 w'f"'yl-(X’)

N, 1 1 J]

X)) = ——— (18)
]( ) Zf\f 1 o
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_ i “?iy;(x/)

i a )

2.3.5. The Defuzzification Stage

Once the type reduction operation has been carried out, the resulting values go to the
defuzzification stage, which is obtained by the mean of y; and y,. Equation (20) represents
the defuzzified output of a nonsingleton GT2FLS [32,33].

NI AT (il
7i(x") + 75 (x)
9i() = F—5"— (20)

3. Metaheuristic of Marine Predators

Now, in current research, it has become very common to apply metaheuristics when
determining feasible solutions to problems in different areas, and they are used expecting
to optimize the results of the problems. This research presents a recently created algorithm,
its main qualities, and mathematical procedures for its implementation. The algorithm is
the marine predator algorithm (MPA) with the implementation of GT2FLS for parameter
adaptation. The combination between the GT2FLS and the marine predator algorithm is
called FMPAGT?2, which is a new variant proposed in this work (see Figure 8).

I Dynamic setting of
| : parameters with FLS
| |
| L. | ! .
I MPA || Metaheuristic ! | Generalized Type-2
: Algorithm : 777:/ Fuzzy Logic System
|

3 |
! Adjustment of main
- parameter values

I

Ctrl Tracking :
|

I

trajectory

Calculate Error

I
I
|
|
I
MSE : | G _—
I P
P nan A
I
H i =N
|
I
| |
\ I -
Update Preys e o
\\ Position — o A e

01N

7

=
==
==
3 3>

I
I
|
\ \J AN
\ l '.M>‘K-'M
\ \ | Elmn N 500
\ l \J \/
\X , W
es =~ 0
] rule./cr.iteria \\ L ___________ 3
satisfied? W
\

Figure 8. Proposed fuzzy marine predator algorithm (FMPA) method.
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BROWNIAN FLY SPACE

3.1. Marine Predator Algorithm

The marine predator’s algorithm (MPA) is a fairly recent proposed algorithm inspired
by the actions of predator and prey in nature [1-5]. When presenting the proposed algo-
rithm, it is very important to first know the mathematical model of the two main random
movements on which this approach is based, the (i) Brownian movement and (ii) the
Lévy movement.

3.1.1. Brownian Motion

The Brownian motion is the random motion observed in particles, where the trajecto-
ries developed by the Brownian particle are irregular (Equation (21)) and, of course, depend
on the experimental observation times; that is, the sampling points on the path will not be
the same as if the particle is observed in different time intervals.

It is a stochastic process in continuous time, where the extension of its step is extracted
from a probability function determined by the normal distribution (Gaussian) with zero
mean (¢ = 0) and unit variance (02 =1). The probability density function (PDF) that governs
point x for this movement is given by (Equation (21)):

1 (- (x—p)?

fB(x; M, U) = \/27_[76 7) (21)

Figure 9a shows how the Brownian motion covers more domain areas with more
uniform and controlled steps, unlike the Lévy strategy.

LEVY FLY SPACE

-0.2 o 0.2 0.4 0.6

(a) (b)

Figure 9. (a) 2D Brownian motion; (b) Levy motion.

3.1.2. Levy Movement

The probability density function of the Lévy distribution over the x> u (Equation (22))

is defined as. .

filxm c) \/T e 0 (22)
L 7 7 = E 7@
(x —p)?

The side of this function exhibits heavy tail behavior that falls according to a power

law (Equation (23)):
[c 1 .
fL(.X, W, C) = E g, lf X — o0 (23)
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where c is the scale parameter. This shows that Lévy not only has a tail, but also has a thick
tail where y = 0. Figure 9b shows that a Lévy flight is mainly related to small steps and
occasional long jumps.

Therefore, predators take the Lévy strategy when there is a low conglomeration of prey
and Brownian motions when there is prey abundance [2], where the velocity ratio v from
the prey to the predators represents the tradeoff between the Lévy and Brownian strategies:

As in any population-based algorithm, the MPA does not differ from other metaheuris-
tics, in which the candidate’s position and its interpretation in mathematical terms give
rise to a series of steps and their appropriate mathematical expressions:

Step 1: Initialize the candidate position and parameters, updated as in Equation (24):

— — — —
XO = Xmin =+ i’and(o, 1) <Xmax - Xmin) (24)

where ?(mm and }_)(mgx represent the upper and lower limits of the design variable for the
search space of each dimension, and rand represents a random vector with upper and lower
bounds € [01].

Step 2: As established by the survival strategy of the fittest, the main predators have
great capacity in the process of foraging. Therefore, the one with the most outstanding
fitness value is the top predator. Such elite seekers who survey and find the prey have the
knowledge of the location of the most abundant prey:

Xél XéD

Elite = 21 2D (25)
1 1
X xt,

where X! is the vector of the top predator, produced n times to form the elite matrix;
n represents the number of search agents; and D is the number of dimensions. At the
conclusion of each iteration, the elite matrix is updated with the best predator.

Step 3: Initialize the second matrix called prey with the same dimension as elite.

X\, - Xp
X .. X

Prey = 21 2D (26)
Xn,l .. Xn,D

In Equation (26), X ; ; shows the j;, dimension of iy, prey, clarifying at this point that
the entire optimization process depends mainly on the update of these two matrices.

Step 4: Update the position memory. To update the MPA with the new solutions
matrix, elite, and prey, the optimization scenarios will be used to evaluate them. An
evaluation is performed to see whether the worst historical solution is eliminated and
updated with a new one.

3.1.3. High-Velocity-Rate Scenario

At first, the prey moves faster than the predator (high-speed rate). It occurs when they
are the initial iterations, in which the idea of exploration is important. When the movement
speed is high (v > 10), the predator remains still and watches the prey search for food
quickly. This stage is mathematically modeled as follows [1]:

For Iter < Iterma /3

— — - — —
STEPSIZE; = Rz ® (Elztei —Rp® Preyi> )
. i=1,...n (27)

— —
Prey; = Prey; + P.R ® STEPSIZE;
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where I_{) p is a vector based on a normal distribution, which interprets Brownian motion,
P is a dynamic value (the author establishes it as a constant value equal to 0.5), R is a
vector of random numbers between 0 and 1, and Iter and Iter;,;, describe the current
and maximum iterations, respectively. This stage occurs in the first % of the optimization
process, where the exploration capacity is high due to the length of the jump and the speed
of the movement.

3.1.4. Velocity Rate Unit Scenario

This scenario describes a similar speed between predator and prey in their search for
food. This change occurs midway through the optimization process. Therefore, in this part
of the process, the prey is in charge of the exploitation, and the predator is the cause of the
exploration. When the velocity is (v ~ 1), the predator applies Brownian motion, and the
prey will tend to move in Lévy. Its mathematical description of this stage is the following
(Equations (28) and (29)):

- A process for the first half of the population:

For Itermax/3 < Iter

— — — — —
STEPSIZE; = R4 (Elitei - Ry ® P”eyi) =1 n
i=1,...

> (28)

— — —
Prey, = Prey;, + P.R ® STEPSIZE;

5

where R, is a vector of random numbers that represents the Lévy flight strategy. The
— —

notation ® describes entrywise multiplications. Ry ® Prey; represents the movement of

the prey based on Lévy, and in this part by means of the position and the size of the prey’s
passage, the movement of the prey is emulated.
- A process with the second half of the population:

For Iter < 2/3-Iteryy

— — — — —
STEPSIZE; = Ry (RB ® Elite; — Preyl)
) (29)

— — —
Prey; = Elite; + P-CF @ STEPSIZE;

where E B® El_i)tel- represents the predator movement using the Brownian approach; here,
the prey updates its position based on the motion of the predator when changing to advance
with Brownian. CF is an adaptive variable designed to control the stride length of this
movement, and is generated using Equation (30).

Iter
Tter "\ Termax)
F=(1-
¢ ( Iteryax > (30)

3.1.5. Low-Velocity-Rate Scenario

In this last stage, the predator moves rapidly towards the prey representing the
optimization process that results in a high exploitation process. Otherwise, the predator
with a low-speed ratio (v = 0.1) will move with a Levy approach. This procedure is
mathematically formulated using Equation (31) as follows:

For Iter > 2/3-Iteryax

— - - - —
STEPSIZE; = R (RL@)Elitei — Preyi> )
i=1,...n (31)

—

— —
Prey, = Elite; + P-CF ® STEPSIZE;
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Step 5: Check if stopping criteria are satisfied, where the iterations are repeated until
the established criterion is satisfied (Iterqy); if it is not fulfilled, it repeats the process from
steps 2 and 4. Lastly, an optimal solution is obtained, and it is presented as an unbeatable
result for the established problem.

Step 6: The formation of marine eddies or the effects of fish aggregation devices (FADs)
are environmental issues that determine the behavior of the predators. These avoid falling
into stagnation as local minimums and affect our search space and can be formulated
mathematically, causing predators to search the surroundings for their prey 80% of their
time, and during the remaining time, they prowl in another environment. This stage is
known as FADs and is evaluated as follows:

— - - - — —
Prey; + CF [Xmin +R® (me - X,m-nﬂ QU
if r < FADs

— — —
Prey; + [FADs(1 —r) + 1] (Preyr1 - Preyrz>
if r > FADs

—
Prey; = (32)

>
where FAD:s is selected; U is a vector that is made up of arrays of zeros and ones. This is
structured to generate a random vector between 0 and 1 and modify this matrix to zero if

the array is less than 0.2 and one if it is greater than 0.2. )_émin and )_émax are the vectors that
comprise the upper and lower limits of the dimensions, r is the uniform random number in
[0, 1], and rq and rp represent random indices of the prey matrix.

MPA achieves less memory consumption by maintaining the old position of the
dam. Then, after updating the current solutions, the suitability values of each of them are
evaluated with each previous solution, so if the suitability of the previous one is better than
the current one, they are permuted.

The FADs' effect with long steps of the Lévy strategy greatly helps MPA to avoid
local optima stagnation and ensure better performance of the method (Equation (32)).
The adaptive defined convergence factor (CF) parameter represents the intensification of
exploitation (Equation (30)) and the adjustment (P), and the randomization parameter (R)
(Equations (27) and (28)) represents the exploration of the algorithm.

3.2. Fuzzy Marine Predator Algorithm (FMPA) Design

The main approach given to the adaptation of dynamic parameters using fuzzy sys-
tems is to enhance the quality of the results achieved by performing a better local and
global search than with MPA. The metric used in the input of the fuzzy system is the
iterations postulated by Equation (33) [27], where the current [ter describes the current iter-
ation, partitioned by the maximum number of iterations to execute what is called Iter ;.
The output is the dynamic fuzzy fit of the main FMPA parameters, the P, FADs, and CF
parameters representing the exploration, exploitation, and avoidance deadlocks of local
optima (stagnation) in the search space, established by Equations (34)—(36). The values
are considered fuzzy since they are computed with the FMPA progress and are calculated
by Equation (33), where the CF values are in the ratio [0, 1]. The FADs' effect in the ratio
[0.1, 0.3], synchronously with the long steps (the Lévy strategy) to avoid stopping at the
local optima, improving the performance of the method and the adjustment (P) with the
ratio [0.35, 0.75], works the exploration of the algorithm.

. Current Iteration(Iter)
Iterat It = - 33
eration(Iter) Total of Iterations(Itetyay) (33)

Equation (33) generates a percentage of iterations generated to detect the CF, FADs,
and p values. It is initialized with very low CF values so that the algorithm reaches
alternation and then achieves an increase. This is a process in which the three phases of the
FMPA depend on the exploration and exploitation of search space.
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Equations (34)—(36) express the outputs of the FMPA algorithm, respectively:

r
Yl Vf(l“l i)
I'p
Zz} 1 :uz
where P is the speed ratio or when a predator moves towards the prey (fast-slow), r,, is

the given number of fuzzy system rules assigned to p, p; ; is the output result for rule i
corresponding to p, and yf i is the MF of rule i corresponding to p:

P= (34)

Z?’fzdc fads (fad51 z)

”fnds fads
Lim1 Wi

FADs =

(35)

where FADs are to avoid local optima stagnation and achieve better performance of the
method, 7,5 is the given number of fuzzy system rules assigned to fads, fads; ; is the

output result for rule i corresponding to fads, and yf * i is the MF of rule i corresponding
to FADs: .
yef
CF: 1 1 uuz (Cfll) (36)
Zrﬂf cf
i=1 Hi

where CF is the speed ratio or when a predator moves towards the prey (fast-slow), 7. is
the given number of fuzzy system rules assigned to cf, cfj ; is the output result for rule i
corresponding to cf, and yff i is the MF of rule i that corresponds to cf.

The tuning of the optimization parameters for the marine predator algorithm is
performed with the type-1 and type-2 fuzzy systems (interval and generalized), which
have iteration as an input variable that is in a range [0, 1], and as output variables, they
have the parameters CF (convergence coefficient) in a range [0, 1], FADs (the probability
effect on the optimization process) in a range [0.1, 0.3], and P (a dynamic value) in a range
[0.35, 0.75] [9]. In addition, the FMPA dynamically obtains the values of the parameters
CF, FADs, and P through iterations, thus addressing the search for solutions at a local
and global level. The proposed fuzzy marine predator metaheuristic is shown below in
Algorithm 1 and Figure 10.

The basis for optimizing the parameters, the main parameters of MPA mentioned
above, will be: First, the fuzzy system of the FMPA is Mamdani type with T1IFLS and
IT2FLS. The input variable is the iteration, granulated in three MFs, low, medium, and high,
with two trapezoidal to the extremes and triangular to the middle; and the output variables
CF, FADs, and P are granulated into partitions of three MFs, low, medium, and high of the
triangular type. These are shown below in Figure 11 of the proposed fuzzy system.

Another important part to consider is the set of rules of the FMPA for the dynamic
tuning of the parameter values of the MPA algorithm for the method where the parameter
values of the FMPA MFs are adjusted. The function that the rules achieve allows us to
evaluate it. This means that as the iterations in the stages progress, P and FADs increase
and CF tends to decrease. The rules are summarized in Table 3.

Table 3. Rules of FMPA fuzzy system.

Iter/ P FADs CF
L L L H
M M M M
H H H L
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Algorithm 1. The fuzzy MPA

START STAGE 1 (Initialization):

Initialize search agents (prey) P; (i=1,2,3,... n)

Set parameters value

Fuzzy evaluation of the main parameters P, FAD, and CF by FMPA
Top_Predator_Fit == MAX_VALUEX
Top_Predator_Position = NULL

While (Tter < Max_Iter /3 termination criteria are not met:
For each i prey

Calculate the fitness value of prey

End for

construct the elite matrix

accomplish the memory saving.

START STAGE 2: (FMPA optimization is divided into three main phases):

For each i prey

/ Scenario 1

If Tter < Maxper /3

Update the current prey with Equation (27)
/ Scenario 2

Else if Maxper /3 < Iter < 2/3*Max_Iter

/ The first half of the populations (i=1, ... ,n/2)
Update the current prey with Equation (28)
/ The second half of the population (i=n/2, ... ,n)
Update the current prey with Equation (29)
/ Scenario 3

Else if Iter > 2/3*Max_Iter

Update the current prey with Equation (31)
End (if)

End For

START STAGE 3 (Detecting top predator):
Recalculate the fitness value of prey

if (Top_Predator_Position < Top_Predator_Best)
Top_Predator_Best = Predator
Top_Predator_Position = P;

End (if)

Achieve memory saving and elite update

Accomplish the FADs’ effect for each predator and update using Equation (32)

It ++
End while




Symmetry 2022, 14, 859

17 of 36

v -
Initialization Parameters, ( A :‘
length of memory T
Itmax/3<Iter 0
or ’\
v Iter < 2/3 Itmax
Construct the YES
Elite and P, Eqs.
9-10 Update solutions Update solutions
based on Eqs. 11-12 based on Eqs. 18-19
\ 4 Jr
The First half The Second half
v population population
2| | Assign the top follows Eq. 13 follows Eq. 14
v —
/ predator Elite
P{Apply the FADs using Eq. 20 |«
\\NO Termination
) Criteria < Evaluate objective function
Meet?
YES
h 4
Display the End
best Solutions "
(a)
Initialization N Predators,
define the set parameters for
MFs, Iter =0 S
(a)
N
Evaluate the Predator’s —— NO Ttwa/3<Iter NO — NO ,/’A\\
P I er< Itmax or er > ax { A)
f - [[iness vates Iter < 2/3 Itmax —
‘ l y VES YES YES
Show and represent the Update solutions/ Update solutions/
MFs Positions based on Positions based on
Eqgs. 11-12 v + Eqgs. 18-19
The First half The Second half
(;onstruct the population population
Elite and P, Egs. follows Eq. 13 follows Eq. 14
‘ 9-10
| ,
predator Eie Update
P solutions /Positions
\ P Apply the FADs using Eq. 20 [«
} NO L
\ Tter<IterMax Evaluate objective function/
A Criteria Meet? New solution
YES
y
Display the
best Solutions Fad

(b)

Figure 10. Flowchart: (a) MPA, (b) FMPA.



Symmetry 2022, 14, 859

18 of 36

ITER (3)

ITER (3)

FMPA / Fe FMPA / PE)

Mamdani MA Ml Mamdani MA

9 rules FADs (3) 9 rules FADs (3)
\ , n ITER (3 \ ﬁ ,\ ,,

CF (3) CF (3)

(a) (b)

Figure 11. Mamdani FMPA system: (a) type-1; (b) interval type-2.

Second, we apply a Sugeno method to FMPA with T1FLS and IT2FLS. In this method,
as in Mamdani, the input variable is the iteration, granulated in three MFs, two trapezoidal
to the extremes and one triangular to the middle. The output variables CF, FAD, and P are
of the linear type so that in each combination of antecedent-consequent values, a function
of the linear type is obtained in the general form f (x, y) = ax + by + c. In Figure 12, the
proposed fuzzy system is shown:

flu) / flu)
FMPA / P(3 FMPA P
\
Sugeno f(u) Sugeno flu)
9rules FADs (3) 9rules FADs (3)
\ ITER (3) \
fu) flu)
CF(3) CF(3)

(a) (b)

Figure 12. Sugeno FMPA system: (a) type-1; (b) type-2.

Lastly, the generalized fuzzy system FMPAGT?2 is of Mamdani type without optimiza-
tion, where the input variable is iteration, granulated in three MFs of the low, medium,
and high membership of the triangular type; and the output variables CF, FAD, and P
are granulated into partitions of three MFs, low, medium, and high of the triangular type.
The main goal is the dynamic adaptation of MPA parameters using fuzzy systems to im-
prove the results achieved by performing a better local and global search than with MPA.
Similarly, the metric used in the input of the generalized fuzzy system is the percentage
of iterations defined by Equation (33), and the output is the dynamic adjustment of the
parameters P, FADs, and CF that represent the exploration and exploitation of the search
space. In Figure 13, the proposed fuzzy system is illustrated.
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FMPA GT2
Mamdani
9 rules ‘
FADs (3)
ITER (3)
CF (3)

Figure 13. Generalized type-2 FMPA fuzzy system.

4. Study Cases for Testing the Proposal
4.1. Study Case CEC2017 Benchmark Functions

This first case study considers the improvement on the optimization of the CEC2017
(Competition on Evolutionary Computation 2017) mathematical functions. In this case, 19
functions are taken with the purpose of augmenting their performance with GT2FLS by
dynamically finding the best parameter values for MPA. We perform 30 experiments with
each reference function. Table 4 describes the mathematical functions that were considered.
The mathematical functions were optimized with the MPA fuzzy variants, with T1FLS,
IT2FLS, and GT2FLS, respectively.

Table 4. CEC2017 benchmark functions.

Type No Functions E;* = Fj(x*)
_ 1 Shifted and Rotated Bent Cigar Function 100
Unimodal Fnct 2 Shifted and Rotated Zakharov Function 200
3 Shifted and Rotated Rosenbrock’s Function 300
4 Shifted and Rotated Rastrigin’s Function 400
5 Shifted and Rotated Expanded Scaffer’s F6 fcn 500
Simple Multimodal 6 Shifted and Rotated LunacekBi_Rastrigin Fen 600
7 Shifted and Rotated Noncontinuous Rastrigin’s 700
8 Shifted and Rotated Levy Function 800
9 Shifted and Rotated Schwefel’s Function 900
10 Hybrid Function 1 (N = 3) 1000
11 Hybrid Function 2 (N = 3) 1100
12 Hybrid Function 3 (N = 3) 1200
13 Hybrid Function 4 (N = 4) 1300
14 Hybrid Function 5 (N = 4) 1400
Hybrid Functions
15 Hybrid Function 6 (N = 4) 1500
16 Hybrid Function 6 (N = 5) 1600
17 Hybrid Function 6 (N = 5) 1700
18 Hybrid Function 6 (N = 5) 1800

19 Hybrid Function 6 (N = 6) 1900
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Table 4. Cont.

Type No Functions F;* = Fi(x®)

20 Composition Function 1 (N = 3) 2000

21 Composition Function 2 (N = 3) 2100

22 Composition Function 3 (N = 4) 2200

23 Composition Function 4 (N = 4) 2300

Composition 24 Composition Function 5 (N = 5) 2400
Functions 25 Composition Function 6 (N = 5) 2500
26 Composition Function 7 (N = 6) 2600

27 Composition Function 8 (N = 6) 2700

28 Composition Function 9 (N = 3) 2800

29 Composition Function 10 (N = 3) 2900

Search Range: [—100, 100] B

The Competition on Evolutionary Computation 2017 functions for real-parameter
single-objective optimization with learning is composed of a set of unimodal, simple multi-
modal, hybrid, and composition functions [49]. Table 4 shows the complete 29 functions of
CEC2017, which are formed by 2 unimodal functions, 7 multimodal functions, 10 hybrid
functions, and finally, 10 composite functions that can be utilized to validate the algorithms
proposed in this research.

4.2. Mobile Robot Controller

The second case study analyzes the control procedure for tracking a trajectory by
a mobile robot. The main objective is to control the ability to follow the direction of
a predetermined trajectory through the control of the two independent wheels of the
differential-type robot. Figure 14a presents a graphical representation of the kinematic
model to pursue the direction of the trajectory, and Figure 14b schematically illustrates the
mathematical model block representation.

5,
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c,mme. ussia satrion Workspace

Ev|
(. »EVI TW 1" PM1 wa
Gaussian Noise. a""' x|
p Generatort a s e ™ 2_l | ‘

» EM — 2 oot | To Workspace2
Ol 1
B uzzy lers thetaf |
. A |
[ T
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xDyD
To Workspace1

Linear and Angular
Calculation Module

(qd-q)
Tracking and Position error

(a) (b)

Figure 14. (a) Wheeled mobile robot model; (b) mobile robot control scheme design.

The main goal of the FMPA fuzzy system is to find the values that form each of the MFs,
where the best solution to the problem is found in the optimal parameters that represent the
best positions in each of the MFs of the controller. When each of the outputs of the FMPA
system is iterated, the aim is to dynamically move the parameter values to improve the
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performance of the algorithm. Figure 15 illustrates how to make the optimization of MFs of
the trapezoidal and triangular type, which takes advantage of a symmetrical distribution
of the MFs for reducing complexity in the search process of optimal parameters.

BP
i J

SN z

BP

-0.6

Elv Elv

Figure 15. The adjustment of parameters of the MFs: (left) type-1FLS; (right) type-2FLS.

Objective Function Formulation

A predator symbolizes the parameter values of the MFs of the FLC, where in the
process of the iterations, the values of the mean square error (MSE) (Equation (37)) that
are calculated denote the fitness function as a result of the reduction in the calculation of
the error in the simulation. When obtaining the minimum error, the best predator with
the best predator error is evaluated, until completing the total iterations. The adjustments
of parameters a, b, ¢, and d in the trapezoidal case of the type-1 and type-2 inputs and
outputs are listed in Tables 5 and 6, respectively. This will be adjusted in Section 5.2 using
the proposed FMPA. The structures of the type-1 and type-2 fuzzy systems and controller
are illustrated in Figure 15 we describe the parameters in each of the MFs of the different
tracking controllers proposed in Figure 16. The rules are described in Table 7, and the
control surface can be found in Figure 17, where in Figure 17a is shown for wheel 1 and
in Figure 17b for wheel 2, respectively. The interpretation of the predator size in MPA in
searching for the adjustment of values of the MFs is shown in Figure 18 for the second case
study (fuzzy controllers of a mobile robot).

Table 5. Adjusting parameters of the type-1 and type-2 inputs without optimization.

Type-1FLS

Type-2 FLS

MFs a

b C ay b1 (5] d] ar b2 (5]

INZTNZ

-1
—04

0 0.4
—0.6

-1
-0.4

0 0.4

-0.6

—0.4
0 0.4
0.7
—-0.4
0 0.4
0.7

-1 -0.8
—0.6 —0.1
0 0.4
-1 —0.8
-0.6 -0.1
0 0.4

—-0.5 -0.3
0.4 -
0.7 0.8
—-0.5 -0.3
0.4 -
0.7 0.8

-0.8
—04
0.2
-0.8
-0.4
0.2

—0.6
—0.07
0.6
—0.6
-0.07
0.6

—-0.4
0.6
0.8

—0.4
0.6
0.8

— o, 1 O
=] O | O

Table 6. Adjusting parameters of the type-1 and type-2 outputs without optimization.

Type-1FLS

Type-2 FLS

Outputs

MFs a

a by c ap b, c©

™W,

W,

-1
-0.5
0
-1
-0.5
0

OINZPONZ

—-0.5 0 -0.7
-0.1
0.4

-0.7
-0.1

0.4

—-0.3
0.4
0.8

-0.3
0.4
0.8

—-0.8
—-0.4
0.3
-0.1
—-0.4
0.3

—0.5 —0.1
0.6
0.6 1

-0.5 -0.1
0.1 0.6

0.6 1

-0.6
0.1
-1

—0.6

0.5 1
-0.5
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Figure 16. Fuzzy controller: (a) type-1, (b) interval Type-2, (c) generalized type-2.
Table 7. Fuzzy rules for the autonomous mobile robot controller.
Rules Inputs Outputs
Evl Ewl TW1 TW2
1 N N N N
2 N Z N Z
3 N P N P
4 Z N Z N
5 Z Z Z Z
6 Z P Z P
7 P N P N
8 P Z P Z
9 P P P P

(b)

Figure 17. Control Surface. (a) Type-2 FLC for wheel 1, (b) Type-2 FLC for wheel 2.
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TYPE-1 FUZZY LOGIC CONTROLLER
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Figure 18. Representation of predators in the distribution of MF parameters.

In the T1FLC, the size of the predators is 40 parameter values that belong to the inputs
and outputs. When implementing the IT2FLC, the size is 80 values because the IT2FLC
requires 6 points for triangular MFs and 8 points for trapezoidal MFs in total; the IT2FLC
has 8 triangular MFs and 4 trapezoidal MFs.

Finally, the GT2FLC needs 92 values because each triangular MF needs 6 points and
9 points for trapezoidal MFs in total, taking the same parameter values from the IT2FLC,
where the last parameter in the configuration that describes the trapezoidal MFs represents
the thickness, which is represented by the rho parameter (p) taking values between [0, 1];
in this way, the number of secondary MFs is defined.

The case of the FLC design requires a fitness function; in this case, we utilized
Equation (37), which describes the mean square error (MSE):

1

MSE = f (Xi — Y;)? (37)
I=1

Z|

where X; represents the reference value at the time 7 and is given in [50], Y; is the value
produced by the system at the time 7, and 7 is the number of samples utilized in the experi-
mentation.

The desired path for the robot is described by the following (Equation (38)), where u(t)
represents the changes in time:

[ 04(t) =09 %cos(0.9 — exp(—u(t)))
v4(t) = { wz(t) - 0.9*sin(0l?5 * u(t)) )

5. Experimentation Results

This section summarizes the results achieved with the experimentation on the CEC2017
mathematical functions: First, the results are presented with FMPAT1 and FMPAIT2; then
statistical testing is performed. Then for the results obtained with FMPAGT2, the same
procedure is followed; after that, a statistical test with respect to FMPAIT?2 is performed,
demonstrating its good performance. In addition to performing in the second case, the op-
timization of the FLC of an AMR with the proposed fuzzy methods shows its performance
evaluation with the following metrics: IAE, ISE, ITAE, and MSE.
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5.1. Case 1: Experimentation and Statistical Analysis

This section shows a breakdown of the results in the application of the fuzzy marine
predator algorithm, and we use the CEC2017 mathematical functions that are described in
Section 4.1 to carry out the experiments considering the following parameter values:

Dimensions: D = 30, 50, 100.

Space search: [—100, 100] D.

The maximum number of the function’s evaluations: 1000*D.

Optimization trials per problem: 30.

The optimization process is finished upon completing of the maximum number of the
function’s evaluations.

The parameters that were taken for the tests of the optimized marine predator algo-
rithm with the Mamdani and Sugeno types of inference, for dimensions 30, 50, and 100, are
described in Table 8.

Table 8. Parameters utilized in the experiments.

Parameter MPA FMPA with FMPA with FMPA with
T1FLS IT2FLS GT2FLS
SearchAgents 100 100 100 100
Iterations 1000 1000 1000 1000
P 0.7 Dyn Dyn Dyn
FADs 0.5 Dyn Dyn Dyn
CF Random [0, 1] Dyn Dyn Dyn

Tables 9-11 show the solutions of the tests after 30 runs with the Mamdani FMPAT1
and FMPAIT?2 fuzzy systems, and show the averages after 30 runs for 30, 50, and 100
dimensions with the statistical tests (best results highlighted in bold).

Table 9. Mamdani results for 30 dimensions.

FMP A 30D
IT2FLS T1FLS

ENC fi AVERAG DEV. STD AVERAG DEV. STD Z

f 100 224 x 1073 127 x 1073 239 x 1013 126 x 1073 —459 x 107!
f3 300 3.89 x 1073 206 x 107 3.08 x 107 2,05 x 1073 1.53 x 109
fa 400  4.09 x 1072 229 x 101! 447 x 10t2 263 x 10*1  —5.97 x 109
fs 500 6.00 x 1072 203 x 10t1 521 x 1072 223 x 101 143 x 10!
fo 600  6.00 x 1072 111 x 1072  6.00 x 1012  1.16 x 1072 0.00 x 100
f7 700 707 x 102  1.07 x 10! 733 x 1072 1.7610*'x = —6.91 x 10°
fs 800 8.06 x 1072 217 x 10t 8.06 x 10t2 223 x 10*! 0.00 x 100
fo 900  9.02 x 102 1.24 x 10! 9.01 x 10*2 349 x 107! 442 x 107!
fio 1000 2.06 x 1073  1.03 x 1072 212 x 10t® 178 x 100!  —3.19 x 109
i 1100 113 x 107 211 x 1012 1.13 x 10™3 240 x 1012 0.00 x 100
fin 1200 222 x 1073 214 x 1072 224 x 1073 224 x 10¥2 354 x 107!
fi3 1300 2.06 x 1073 244 x 1072 236 x 1013 254 x 102 —4.67 x 109
Jin 1400 148 x 1073 3.11 x 1011 149 x 1013 313 x 107!  —1.24 x 109
fis 1500 153 x 1073 630 x 1072 151 x 10*3 368 x 1072 150 x 10!
f16 1600 2.66 x 1073 210 x 1071 269 x 1073 214 x 10t1  —5.48 x 109
fiz 1700 1.82 x 1073 121 x 1072 1.87 x 1073 124 x 102  —1.58 x10°
fis 1800 1.81 x 1073 225 x 1072 185 x 1073 225 x 1073  —9.69 x 1072
fr9 1900 294 x 10T3 227 x 1072 239 x 1013 126 x 10T3 —459 x 1071
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Table 10. Mamdani results for 50 dimensions.
FMP A 50D
IT2FLS T1FLS
FNC fi AVERAG DEV. STD AVERAG DEV. STD Z
fi 100  1.00 x 1072 0.00 x 109 136 x 10t® 284 x 107> —2.62 x 101!
f 300 6.6 x 1072 1.77 x 107! 489 x 1072 279 x 107! 227 x 10*!
fa 400  6.02 x 1072 918 x 107! 639 x 102 194 x 10! —1.04 x 10*!
fs 500 851 x 1072 326 x 1011 6.03 x 10t2  1.18 x 109 416 x 1011
fe 600 923 x 10*2 153 x 107! 8.69 x 1072 225 x 10*1  1.09 x 10*!
f7 700  9.64 x 1072 350 x 101 923 x 1072 1.66 x 1071 580 x 10°
fs 800 578 x 1073 465 x 1072 999 x 100 3.85 x 1071 677 x 10*!
fo 900 1.18 x 10"3 148 x 10t 548 x 1073 442 x 10*2  —5.33 x 10!
fio 1000 713 x 1073 118 x 1072 118 x 10"3 158 x 107! 274 x 10%2
i 1100 170 x 107 540 x 10t  1.67 x 10T 235 x 10** —3.85 x 10*!
fiz 1200 153 x 1073 124 x 1071 204 x 10*3  9.11 x 10!  —3.04 x 10*!
f13 1300 1.65 x 1073 167 x 1011 155 x 103 103 x 10*1 279 x 10*!
fis 1400 221 x 1073 7.80 x 1071 165 x 10"3 331 x 10t1 362 x 107!
fis 1500 227 x 1073 804 x 1011 226 x 10T 1.82 x 1072 275 x 107!
f16 1600 1.90 x 103 966 x 10° 233 x 1013 1.03 x 1072 —2.28 x 10*!
fi7 1700 197 x 1013 815 x 109 1.93 x 10t3 9.65 x 100 1.73 x 101
f1s 1800 1.00 x 10™2  0.00 x 100 196 x 1073 220 x 10*! —4.63 x 1072
fis 1900 1.00 x 1072 0.00 x 10° 136 x 107® 284 x 10*5 —2.62 x 107!
Table 11. Mamdani results for 100 dimensions.
FM P A 100D
IT2FLS T1FLS
FNC fi AVERAG DEV. STD AVERAG DEV. STD Z
f 100 141 x 107® 473 x 1077 113 x 1078 425 x 1077 241 x 10°
f3 300 756 x 1072 406 x 1011 1.02 x 10 114 x 10*2  —3.49 x 10!
fa 400 9.9 x 1072 7.04 x 101 1.10 x 10" 729 x 101  —1.19 x 107!
fs 500 6.17 x 1072 298 x 100 643 x 1072 566 x 109 —9.78 x 109
fs 600 141 x 10T3 724 x 1071 1.65 x 1013 862 x 1071 —2.23 x 101!
f7 700  1.19 x 1073 527 x 107! 137 x 107 695 x 10*1  —1.17 x 107!
fs 800 1.23 x 10t* 506 x 103 3.07 x 10t* 572 x 10"  —1.13 x 101!
fo 900 142 x 107* 927 x 1072 1.28 x 10** 512 x 1072  —1.32 x 10*!
fio 1000 1.99 x 1013 941 x 10t! 216 x 1073 4.31 x 10! 7.24 x 100
fi1 1100 299 x 1017 751 x 107® 530 x 1077 246 x 107  —9.00 x 10°
fr2 1200 1.32 x 10T®  1.82 x 10" 945 x 10t* 411 x 10™  —4.92 x 109
f13 1300 191 x 1013 338 x 10Tt  1.94 x 1013 2.18 x 10*! 457 x 100
fia 1400 547 x 1013 482 x 1012 674 x 1073 944 x 10t2  —4.09 x 100
fis 1500 4.26 x 10T3 356 x 1072 470 x 1013 411 x 102 —6.56 x 10°
f16 1600  1.93 x 1073 149 x 1072 410 x 10T 270 x 10t*  —4.43 x 100
fi7 1700  6.78 x 10T3 112 x 103 328 x 1013 259 x 1072  —4.40 x 101!
fi8 1800 252 x 10t* 581 x 1073 326 x 1073 278 x 1072 1.67 x 101!
fro 1900 1.41 x 10™® 473 x 107 1.13 x 1018 425 x 1077 2.07 x 101!

Tables 12-14 show the results of the tests after 30 runs with the Sugeno FMPAT1 and
FMPAIT2 fuzzy systems, and show the averages after 30 runs for 30, 50, and 100 dimensions

with the statistical tests.
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Table 12. Sugeno results for 30 dimensions.

FMP A 30D
IT2FLS T 1FLS
FNC fi AVERAG DEV. STD AVERAG DEV. STD Z
fi 100 1.85 x 10*° 238 x 10™* 199 x 10t° 357 x 10™* —1.79 x 100

1072 2.16 x 1071 0.00 x 100
1072 1.18 x 1071 551 x 107!
1072 7.06 x 100 2.78 x 100
102 538 x 10071  —6.44 x 100
1072 1.60 x 1071 0.00 x 109
1072 791 x 100 0.00 x 10°
103 669 x 100 —2.69 x 1013
1003 277 x 1072 —1.83 x 109
107 146 x 1071 252 x 1072
107 155 x 107 —1.69 x 109
1003 115 x 1071 —3.46 x 109
107 5.63 x 100 0.00 x 10°
103 9.10 x 100 0.00 x 100
107 916 x 1072 —1.20 x 107!
107 1.32 x 107! 0.00 x 109
107 523 x 100 0.00 x 109
1003 291 x 100 0.00 x 109

10t2  3.02 x 107!  3.01
102, 1.60 x 101 475
1072 947 x 100 555
102 658 x 107! 6.02
1002 120 x 1071 792
102 879 x 100 858
1072 154 x 10t1  9.17
1073 498 x 1072 3.32
1072 0.00 x 109 1.14
100 1.07 x 1072  7.76
1003 1.09 x 101 148
1073 4.82 x 100 147
1073 864 x 100 157
1003 121 x 10*! 193
100 135 x 107! 177
103 4.05 x 100 1.85
1003 217 x 100 194

f3 300 3.01
fa 400 477
fs 500 5.61
fo 600  6.01
f7 700 792
fs 800 858
fo 900 925
fio 1000 3.3
fin 1100 6.73
fiz 1200 7.8
fis 1300 147
fia 1400 147
fis 1500 157
fie 1600 191
fiz 1700 177
fis 1800 1.85
flo 1900 1.94

X X X X X X X X X X X X X X X X X
X X X X X X X X X X X X X X X X X

Table 13. Sugeno results for 50 dimensions.

FMP A 50D
IT2FLS T1FLS

ENC fi AVERAG DEV. STD AVERAG DEV. STD Z

fi 100  1.00 x 1072 0.00 x 109 805 x 10*® 4.08 x 10T® —1.08 x 101
f3 300 3.00 x 1072 0.00 x 10° 359 x 102 276 x 10! —1.17 x 10*!
fa 400  4.00 x 1072 0.00 x 10° 512 x 102 196 x 10!  —3.13 x 107!
fs 500 5.00 x 1072 0.00 x 10° 650 x 10t2 276 x 101  —2.98 x 107!
fe 600 6.04 x 1072 325 x 100 6.05 x 1072 988 x 1071 —1.61 x10°
f7 700 750 x 1072 140 x 1072 892 x 102 231 x 107!  —3.37 x 107!
fs 800 8.00 x 1072  0.00 x 10° 946 x 1072 1.70 x 101 —4.70 x 10!
fo 900 9.05 x 1072 235 x 10713 121 x 10" 118 x 102  —1.42 x 107!
fio 1000 1.00 x 1073 000 x 100 571 x 10*3 521 x 1072 —4.95 x 10*!
fi1 1100 1.19 x 1073 150 x 1001 120 x 1073 232 x 10t1  —1.98 x 109
fiz 1200 520 x 10T 145 x 10*® 509 x 10t° 1.26 x 10t 314 x 107!
f13 1300 4.78 x 1013 553 x 1072 4.82 x 1073 613 x 1072 —2.65 x 1071
fra 1400 1.57 x 10™® 114 x 10! 157 x 1013 867 x 109 0.00 x 100
fis 1500 1.82 x 1013 265 x 10Tt  1.81 x 1013 1.97 x 10! 1.66 x 1009
f16 1600 236 x 1013 139 x 1072 236 x 1073 159 x 10+2 0.00 x 10°
fiz 1700 240 x 10T3 122 x 1072 236 x 1013 1.02 x 1072 1.38 x 100
f1s 1800 218 x 1073 576 x 1011 220 x 10T 759 x 10t1 —1.15x 10°
fie 1900 203 x 107 948 x 100 203 x 103 719 x 10° 0.00 x 10°

Tables 9-17 show the results for 30, 50, and 100 dimensions, respectively. First,
Tables 9-11 show the results and statistical comparison between FMPAIT2 and FMPAT1
Mamdani-type fuzzy systems. In second place, we have Tables 12-14, which show the
results and statistical comparison between the FMPAIT2 and FMPAT1 fuzzy systems of
the Sugeno type. Finally, we have Tables 15-17, which show the results and statistical
comparison between the FMPAGT2 and FMPAIT2 fuzzy systems of Mamdani type. All
the experiments are with the proposed FMPA with dynamic adjustment in the parameters
P, FADs, and CF, respectively. The averages and standard deviations of 30 experiments
are summarized in these tables. From Table 9 with 30 dimensions, it is noticeable that in
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the FMPA optimizing a Mamdani-type IT2FLS, the results achieved in the mathematical
functions are more accurate, unlike the T1FLS results.

Table 14. Sugeno results for 100 dimensions.

FMP A 100D
IT2FLS T1FLS

ENC fi AVERAG DEV. STD AVERAG DEV. STD Z
f 100 210 x 1078  6.08 x 107 236 x 10"® 6.89 x 10¥7  —2.06 x 10°
f3 300 541 x 1073 153 x 1013 622 x 107 206 x 1013  —1.73 x 109
fa 400 755 x 1072 305 x 1011 7.64 x 1072 243 x 10t1  —1.26 x 109
fs 500 858 x 1072 4.89 x 107! 886 x 1072 477 x 101  —225x10°
fe 600 621 x 1072 611 x 100 620 x 10t2 425 x 109 7.36 x 1071
f7 700 130 x 1073 494 x 10t 130 x 10*3 7.86 x 107! 0.00 x 100
fs 800 1.16 x 1073 442 x 1071 118 x 1013 415 x 10!  —1.81 x 109
fo 900 698 x 1013 239 x 102 882 x 10" 382 x 10®  —2.63 x10°
fro 1000 1.36 x 10™3 834 x 1072 140 x 10t* 1.31 x 10T  —4.46 x 101!
i 1100 219 x 1013 121 x 102 218 x 1073 124 x 10*2 316 x 107!
fio 1200 510 x 1017 119 x 1077  6.05 x 1077 284 x 10t7  —-1.69 x 100
fi3 1300 1.81 x 10™® 339 x 1073 202 x 10t 3.81 x 10™*  —3.01 x 10°
f1a 1400 215 x 1013 538 x 1071 215 x 1073  4.89 x 107! 0.00 x 100
fis 1500 154 x 10 410 x 1013 1.62 x 10™* 336 x 1073 —827 x 107!
fie 1600 4.84 x 1073 353 x 1072 4.69 x 1073 354 x 10+2 1.64 x 100
fi7 1700 399 x 103 240 x 1072 411 x 1073 279 x 102 -1.79 x 10°
f1s 1800 1.23 x 10T 157 x 107 1.19 x 10t* 286 x 10t 672 x 107!
fis 1900 415 x 10T* 897 x 1073 4.07 x 10t* 565 x 10"3 413 x 107!

Table 15. Results for 30 dimensions.

FMP A 30D
GT2FLS IT2FLS

ENC fi AVERAG DEV. STD AVERAG DEV. STD Z
f 100 253 x 1077 257 x 1077 1.00 x 1072 133 x 107® 539 x 10°
f3 300  3.00 x 10*2  0.00 x 10°  3.00 x 10t2 3.09 x 10~ 1! 0.00 x 100
fa 400 4.00 x 1072 0.00 x 109 402 x 1072 2.2 x 100 —4.18 x 109
fs 500 500 x 1072 0.00 x 100 536 x 1072 401 x 100  —4.92 x 10!
fo 600  6.06 x 1072 425 x 100 6.00 x 1012  7.05 x 102 7.73 x 100
f7 700 739 x 1072 3.04 x 10! 7.64 x 1072  3.06 x 10°  —4.48 x10°
fs 800 800 x 10*2 0.00 x 100 838 x 1072 265 x 10° —7.85x 107!
fo 900 1.23 x 10™® 651 x 1001 9.00 x 102 591 x 10°  1.03 x 10T*
fro 1000  1.00 x 10™3  0.00 x 109 243 x 1013 220 x 1072  —3.56 x 101!
fi1 1100 1.23 x 1013 456 x 101 1.11 x 10t 4.01 x 100 1.44 x 101!
fi2 1200 213 x 101® 117 x 101® 149 x 1073 144 x 10t2 996 x 109
fi3 1300 1.51 x 10™3 287 x 1072 135 x 1013 146 x 101 3.05 x 109
fig 1400 161 x 1073 238 x 1071 143 x 1073 399 x 100  4.09 x 107!
fis 1500 1.56 x 10™3 3.18 x 101 151 x 1013 447 x 109 853 x 100
fie 1600 170 x 10"3 115 x 1072  1.83 x 103 414 x 10!  —583 x 100
f17 1700 1.87 x 1073 779 x 1011 1.75 x 10T  8.61 x 109 839 x 100
f1s 1800 1.86 x 1013 411 x 10!  1.82 x 1073 1.63 x 100 533 x 100
f19 1900 1.95 x 1073 437 x 10t1 191 x 1073 155 x 109 501 x 100

As functions, we have the Shifted and Rotated Rastrigin’s Function, Shifted and
Rotated Noncontinuous Rastrigin’s Function, Hybrid Function 1 (N = 3), Hybrid Function
4 (N =4), and Hybrid Function 5 (N = 4), where it is demonstrated that by adjusting the
important parameters of the MPA algorithm, better errors are obtained. As shown in the
results, in the shifted and rotated Rastrigin’s functions, the average of 30 experiments, for
the FMPATT1, the average is 4.47 X 102, and in the FMPAIT?2, the average is 4.09 X 1072
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Table 16. Results for 50 dimensions.

FMP A 50D
GT 2FLS IT2FLS
FNC fi AVERAG DEV. STD AVERAG DEV. STD V4

fi 100  1.19 x 1072 8.02 x 10t} 1.00 x 10*2  0.00 x 109 1.30 x 109
1072 0.00 x 100 3.02 x 1072 715 x 10071  —1.53 x 10™!

f3 300  3.00 x X
fa 400 4.00 x 1072 0.00 x 109 487 x 102 242 x 10t1  —1.97 x 107!

fs 500 5.00 x 1072 0.00 x 10° 626 x 102 177 x 10*1 -390 x 10*!

fe 600 611 x 1012 632 x 109  6.02 x 1072  9.18 x 10~1 7.72 x 100

f7 700 9.9 x 10*% 131 x 10*! 851 x 1072 326 x 107! 1.06 x 100

fs 800 800 x 10*2  0.00 x 109 923 x 1072 153 x 10*1  —4.40 x 107!

fo 900 351 x 1073 3.07 x 1012 9.64 x 1072 350 x 10! 451 x 10*!

fio 1000 1.00 x 1073 0.00 x 100 578 x 1073 465 x 10¥2  —5.63 x 107!

i 1100  1.33 x 10™3 217 x 10t 1.18 x 1013 148 x 10!  3.13 x 10*!

fix 1200 168 x 1073 273 x 1072 713 x 10"3 118 x 10*2  —1.00 x 10*2
fi3 1300 226 x 10T 324 x 1073 170 x 1073 540 x 101 947 x 107!

f1a 1400  1.51 x 1073  6.82 x 1001 153 x 1073 124 x 10t1  —158 x 109

f1s 1500 1.58 x 10™3 715 x 10t  1.65 x 1073 1.67 x 1071  —522 x 109

fi6 1600 1.99 x 1013  1.84 x 102 221 x 10t® 780 x 10t1  —6.03 x 109

fiz 1700  1.77 x 10T  6.00 x 101 227 x 10t® 8.04 x 107! —2.73 x 101!

fis 1800 1.83 x 10™® 3.06 x 1071 190 x 10" 9.6 x 10° —1.19 x 107!

f1o 1900 3.10 x 10™3 451 x 1073 197 x 1013 815 x 109 1.37 x 100

Table 17. Results for 100 dimensions.
FMP A 100D
GT2FLS IT2FLS

FENC fi AVERAG DEV. STD AVERAG DEV. STD Z

f 100 655 x 10™*  0.00 x 100 141 x 10t 473 x 1077 —1.63 x 101!
f 300  3.00 x 1072 0.00 x 10° 212 x 10t* 856 x 10"3 —1.34 x 10"
fa 400  4.00 x 10™2  0.00 x 109 756 x 1012  4.06 x 107! —4.80 x 10!
f5 500  5.00 x 1072 0.00 x 10° 9.19 x 1072 7.04 x 10t1 —3.26 x 107!
fe 600 675 x 1012 7.02 x 109 617 x 1072 298 x 100 417 x 101!
f7 700 9.02 x 1072 233 x 1072 141 x 1073 724 x 10" —1.14 x 10!
fs 800  8.00 x 1072 0.00 x 109 1.19 x 10t3 527 x 10! —4.05 x 107!
fo 900  9.10 x 1072 118 x 10718 123 x 10™* 506 x 1073 —-1.23 x 10!
fio 1000 1.00 x 1013 000 x 109 142 x 10™* 927 x 1012 —7.80 x 10™!
fin 1100 1.39 x 10t® 543 x 10™! 199 x 1073 941 x 10t1 —3.02 x 10™!
fi2 1200 1.10 x 10t? 475 x 10t® 299 x 107 751 x 10T® 1.23 x 10*!
fi3 1300  1.86 x 1017  1.11 x 10t7 132 x 10*> 1.82 x 10t*  9.11 x 100
fia 1400 670 x 10*3 259 x 1073 191 x 1073 338 x 10!  1.01 x 107!
fis 1500 140 x 10T 876 x 10t° 547 x 1073 482 x 1072 872 x 100
f16 1600 265 x 1013 3.82 x 10™® 426 x 1073 356 x 1012 —2.30 x 10°
fi7 1700 519 x 103 481 x 1072 193 x 1073 149 x 1072 355 x 101!
fi8 1800  7.14 x 10™> 3.89 x 10t 678 x 1073 112 x 103 996 x 10°
fr9 1900 528 x 1016 215 x 10T® 252 x 10** 581 x 1013 134 x 101!

From Tables 10 and 11, with 50 and 100 dimensions, it is noticeable that in regard to
the FMPAIT?2 of the Mamdani type, the results achieved with the mathematical functions
are more accurate, unlike the FMPAT1 results.

As functions, we have the Shifted and Rotated Schwefel’s Function, Hybrid Function 2
(N = 3), Hybrid Function 3 (N = 3), and Hybrid Function 6 (N = 5), where it is demonstrated
that by adjusting the important parameters of the MPA metaheuristic, better errors are
obtained. As shown in the results, in the Shifted and Rotated Schwefel’s Function (FCN
9), the average of 30 experiments, for the FMPAT1, the average is 5.48 X 103, and for the
FMPAIT2, the average is 1.18 X 10*3 (in 50 dimensions). Now for the Hybrid Function 2



Symmetry 2022, 14, 859

29 of 36

(N = 3), Hybrid Function 3 (N = 3), and Hybrid Function 6 (N = 5) are presented. As shown,
the results are follows: for the Hybrid Function 2 (N = 3), the average of 30 experiments, for
the FMPAT1, the average is 5.30 X 10*7, and for the FMPAIT2, the average is 2.99 x 107
(in 100 dimensions).

From Tables 12-14, with 30, 50, and 100 dimensions, it is noticeable that in regard to
the FMPAIT?2 optimized with the Sugeno type, the results achieved in the mathematical
functions are more accurate, unlike the FMPAT1. Functions, such as the Shifted and Ro-
tated Bent Cigar Function, Shifted and Rotated Schwefel’s Function, and Hybrid Function
1 (N = 3), once again have demonstrated that by adjusting the important parameters of
the MPA algorithm, better errors are obtained. As shown in the results, in the Shifted and
Rotated Bent Cigar Function (FCN 1), the average of 30 experiments, for the FMPAT]I, the
average is 1.99 X 107>, and for the FMPAIT2, the average is 1.85 X 10> (in 30 dimen-
sions). For the FMPAT1, the average is 8.05 X 10%®, and for the FMPAIT?, the average is
1.00 X 10*2 (in 50 dimensions). Finally, for the FMPAT1, the average is 2.36 x 10*8, and
for the FMPAIT?2, the average is 2.10 X 10*8 (in 100 dimensions).

From Tables 15-17, with 30, 50, and 100 dimensions, it can be seen that with regard to
the FMPAGT2, the results achieved in the mathematical functions are more accurate, unlike
for the FMPAIT?2, as the dimensions are increased. This is true for functions, such as the
Shifted and Rotated Rastrigin’s Function (FCN 4), Shifted and Rotated Expanded Schaffer’s
F6 Function (FCN 5), and Shifted and Rotated Levy Function (FCN 8). For example, for
the Shifted and Rotated Rastrigin’s Function (FCN 4), the average of 30 experiments, for
the FMPAIT?2, the average is 4.02 X 10*2, and for the FMPAGT2, the average is 4.00 X 10°
(in 30 dimensions). For the FMPAIT2, the average is 4.87 X 10*2, and for the FMPAGT2,
the average is 4.00 X 10*2 (in 50 dimensions). Finally, for the FMPAIT2, the average is
4.87 x 10*2, and for the FMPAGT?2, the average is 4.00 X 102 (in 100 dimensions).
Analyzing the results in Tables 15-17, we confirm that the results of the functions improve
in most cases with the FMPAGT2, not due to the absence of uncertainty, in contrast to the
FMPAT1 and FMPAIT2. For example, for the Hybrid Function 1 (N = 3) (FCN 10), the P
parameter found for the featured experiment with GT2FLS is in [0.35, 0.75], the parameters
of FADs are in [0.2, 0.5], and for the CF, the parameter is in [0, 1].

5.2. Case 2: Mobile Robot Fuzzy Controller Optimization

The composition and organization of the values of the FMPA metaheuristic for the
experimentation with the FLC are described in Table 18. Figure 19 illustrates an overview
of the proposed FLCs.

Table 18. FMPA parameters assigned to fuzzy controller design.

Parameters Values
SearchAgents 50
Iterations 10
P Dynamic
FADs Dynamic
CF Dynamic

The phase that highlights the efficiency and stability of a FLC is the application of
disturbance, for example, in the form of white noise to the inputs and in other experiments
in the feedback loop of the fuzzy controller with Gaussian noise [17,51].

Initially, the tests were carried out with the proposal without affecting the controller
with noise, and later, the following tests were carried out, applying a Gaussian noise of 0.7,
which would be equivalent to 70% of the noise (alteration) in the robot controller. In this
case study, the results of the experimentation are summarized using the mean or average
of 30 runs, contrasting the averages of their integral errors (ITAE, IAE, ISE) describing their
performance and MSE as an objective function in error minimization. Additionally, the
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best, the worst, and the standard deviation are selected from the fitness function and are
represented by the MSE values in Tables 19 and 20.
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Figure 19. Architecture of a fuzzy logic controller (FLC) proposed.

Table 19. Performance index and statistical test results for the FMPAT1FLC and FMPAIT2FLC.

Output Wheel Torque (TW1) and (TW2)

Performance
Index FMPAT1FLC FMPAIT2FLC FMPAT1FLC FMPAIT2FLC
without Noise without Noise with Noise with Noise
ITAE 2.32 x 102 237 x 102 341 x 102 213 x 102
ISE 404 x 100 407 x 10° 6.28 x 102 411 x 10°
IAE 1.15 x 101 122 x 101! 146 x 101 126 x 101
Average 2.81 x 1071 53 x 1072 8.7 x 1071 3.1 x 1072
STD 1.8 x 1071 94 x 1072 25 x 1072 2.0 x 1073
Best 415 x 1073 6.64 x 1073 7.35 x 1073 2.05 x 107*
Worst 317 x 1071 481 x 1072 452 x 100 509 x 1072
Z-Value —7.5 —1.85

Table 20. Performance index and statistical test results for the FMPAIT2FLC and FMPAGT2FLC.

Output Wheel Torque (TW1) and (TW2)

Performance
Index FMPAIT2FLC FMPAGT2FLC FMPAIT2FLC FMPAGT2FLC
without Noise without Noise with Noise with Noise
ITAE 237 x 102 2.08 x 102 213 x 102 193 x 102
ISE 407 x 100 426 x 10° 411 x 100 395 x 100
IAE 1.22 x 101 1.04 x 101 1.26 x 101 119 x 101!
Average 53 x 1072 33 x 1074 3.1 x 1072 22 x 107*
Std Dev 94 x 102 20 x 1074 2.0 x 1073 1.8 x 1074
Best 6.64 x 1073 654 x 1075 205 x 1074 305 x 107°
Worst 481 x 1072 9.13 x 107* 509 x 1072 292 x 1074
Z-Value —3.068 —83.95

In the Z-statistical value described in Equation (39), the parameter values used in this
test were as follows: the level of significance, 0.05, for all Z-values lower than —1.645:

X1 — Xz) — (41 — p2)
o2 o2
i+

where X; and X, represent the values of the means of the samples; y; and i, are the
values of the population means for FMPAT1, FMPAIT2, FMPAGT?2, and FHSIT2; 07 and 03

L

(39)
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represent the standard deviations of the samples; and 17 and 7 are the sizes of the samples
used in the experimentation.

Tables 19 and 20 show a comparison first between the FMPAT1 and FMPAIT2 con-
trollers, and later between the FMPAIT2 and FMPAGT?2 for the autonomous mobile robot,
and the average values and standard deviations for the MSE fitness function are presented.
This comparison was made for 30 experiments with both methods.

The results of Table 20 show the minimum errors in the simulations with the different
fuzzy methods, FMPAIT2 and FMPAGT2, with and without applying noise. For example,
in the case of the autonomous mobile robot controller with FMPAGT2 without noise, the
minimum error without noise is 3.3 X 10~* with a standard deviation of 2.0 X 10~%, and
for the FMPAIT2 algorithm, it is 5.3 X 102 with a standard deviation of 9.4 X 10~2. With
a Gaussian noise of 0.7 (70%) FMPAGT?2, the error is 2.2 X 10~* with a standard deviation
of 1.8 X 1074, and for the FMPAIT2 algorithm, it is 3.1 X 10~2 with a standard deviation of
2.0 x 1073. Therefore, the FMPAGT2FLC shows good performance with the best minimum
errors in the simulations.

In Table 20, when analyzing the statistical results, it can be established that there is
significant evidence to establish conclusions. First, in the tests without Gaussian noise, the
error generated by the FMPAGT2 controller is less than that generated by the FMPAIT2
controller with a Z-value of —3.06. For the case of tests with Gaussian noise, the error
generated by the FMPAGT?2 controller is less than that generated by the FMPAIT2 controller
with a Z-value of —83.95.

Table 21 shows a comparison with the FHS algorithm [53] for the autonomous mobile
robot controller, and the average and standard deviation values for the fitness function of
MSE are presented. This comparison was realized for 30 experiments with both works.

Table 21. Performance index and statistical test results for error in comparison of FMPAGT2FLC and
FHSIT2FLC methods.

Output Wheel Torque (TW1) and (TW2)

Performance

Index FHSIT2FLC FMPAGT2FLC FHSIT2FLC FMPAGT2FLC

without Noise without Noise with Noise with Noise

ITAE 3.03 x 100 2.08 x 102 3.10 x 10° 1.93 x 102

ISE 572 x 104 4.26 x 10° 6.49 x 10* 3.95 x 10°

IAE 6.09 x 10° 1.04 x 10! 647 x 103 1.19 x 101

Average 1.11 x 107! 33 x107% 3.69 x 1072 2.2 x 107*

Std Dev 1.37 x 101 2.0 x 1074 420 x 1072 1.8 x 1074

Z-Value —4.42 —4.78

Results in Table 21 show minimal errors in the simulations with the FMPAGT?2 algo-
rithm. For example, in the case of the autonomous mobile robot controller, the minimal
error without noise is 3.3 X 10* with a standard deviation of 2.0 X 10%, and for the FHSIT2
algorithm, it is 1.11 X 10~! with a standard deviation of 1.37 x 10~!. With the noise
FMPAGT?2, the error is 2.2 X 104 with a standard deviation of 1.8 x 10™%, and for the
FHSIT? algorithm, it is 3.69 X 102 with a standard deviation of 4.20 X 10~2. Therefore,
the FMPAGT2FLC shows the best errors in the simulations.

In Table 21, when analyzing the statistical results, it can be established that there is
significant evidence to establish, first, in the tests without Gaussian noise, that the error
of the FMPAGT?2 is less than that of the FHSIT2 with a Z-value of —4.42. For the case of
tests with Gaussian noise, the error of the FMPAGT?2 is less than that of the FHSIT2 with a
Z-value of —4.78.

Figure 20 illustrates a better simulation resulting with the FMPAT1FLC, FMPAIT2FLC,
and FMPAGT2FLC methods without considering noise.
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Figure 20. Analysis of results with the methods without noise using the (a) FMPAT1FLC, (b) FM-
PAIT2FLC, and (c¢) FMPAGT2FLC methods.

Figure 21 illustrates the simulation with the FMPAT1FLC, FMPAIT2FLC, and FM-
PAGT2FLC methods with Gaussian noise in the controller.
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Figure 21. Analysis of results with the methods and Gaussian noise using the (a) FMPAT1FLC,
(b) FMPAIT2FLC, and (c) FMPAGT2FLC methods.
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The red curves in Figures 20 and 21 detail the controller reference, and the blue curves
indicate the best results achieved by the best simulation achieved in each proposed method.
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Finally, when we supervise the route in the autonomous mobile robot, the FMPA ob-
tains a better behavior with the FMPAGT2FLC than that with its counterpart, FMPAIT2FLC
and FMPAT1FLC, despite the disturbance (0.7 Gaussian noise) in the model (Figure 22), so
the results demonstrate the excellent performance and behavior of the fuzzy predators with
the GT2FLC (FMPAGT?2) algorithm for optimal stabilization and tuning of fuzzy controllers.

T T T T T
\ —-—-'T1FLC with Gaussian Noise
\ A ---#---IT2FLC with Gaussian Noise
\ AN GT2FLC with Gaussian Noise

s

MSE

0.1
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ot W 3 RRIALOILLSSRIEALSISI SR LD L LR

Experiments

Figure 22. The contrast of results of the best MSE for the mobile robot with the fuzzy proposals.

6. Conclusions

In this article, an efficient FMPA algorithm for function optimization and the design of
MFs for the autonomous mobile robot control problem is presented as the main goal of this
research. The scheme presented to find an optimal distribution of the MFs in the control
problem shows that when a disturbance in the form of Gaussian noise is added to the
model, the FMPA algorithm achieves stabilization by reducing the error in the autonomous
mobile robot controller. Then, based on the results, the strategy of the FMPA to explore
and exploit stands out. A symmetrical distribution of these membership functions was
assumed for reducing computational complexity and was found to be successful in this
case for finding optimal parameter values.

Therefore, to demonstrate the aforementioned, comprehensive performance met-
rics were applied, such as ITAE, ISE, IAE, and MSE, to reveal the performance of the
FMPA algorithm.

By applying the FMPA algorithm, it can be determined that it is an excellent search
tool for the optimal design of FLS MFs, achieving capable and stable fuzzy controllers. The
results of Tables 19-21 present the contrasts in the minimum errors achieved by the three
methods used in the simulations and their comparison with the harmony search method.

As future work for this research, it would be a good idea to make use of type-2 shadow
sets to make a comparison in search for shorter times and reduce computational overhead
when applying generalized type-2 fuzzy. In this way, an improvement in the design of
fuzzy controllers for dynamic trajectory tracking control, obstacle evasion, and goal seeking
from mobile autonomous robots is achieved.
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