ISSN 2007-9737

Generalized Type-2 Fuzzy Logic-Enhanced Mayfly Algorithm
for Robust and Adaptive Optimization

Enrigue Lizarraga, Fevrier Valdez*

Tijuana Institute of Technology, TecNM,
Mexico

arcenio.lizarraga201 @tectijuana.edu.mx; fevrier@tectijuana.mx

Abstract. The Mayfly Algorithm (MA) has demonstrated
great potential as a metaheuristic for solving complex
optimization problems. In this work, we propose the
integration of generalized Type-2 fuzzy logic for dynamic
parameter adaptation in MA, enabling accurate tuning
under uncertain conditions. The proposed method
improves convergence, robustness, and solution quality,
making it suitable for a wide variety of applications,
ranging from engineering and bioinformatics to systems
biology and computational modeling. Comparative
evaluation with mathematical benchmark functions
demonstrates that the incorporation of generalized
Type-2 fuzzy logic in MA outperforms traditional
variants, highlighting its versatility and effectiveness in
addressing diverse and complex
optimization challenges.
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1 Introduction

The realm of optimization has long been influenced
by classical methodologies valued for their
mathematical rigor. A significant challenge
emerges, however, when these approaches
encounter complex systems characterized by
nonlinearity and high dimensionality, mainly due to
their dependence on initial conditions and the need
for prior knowledge of the system [1]. In response
to these limitations, genetic algorithms (GAs)
emerged, modeled on the mechanisms of natural
selection processes, facilitating for a broader
exploration of the solution space. Even so, GAs
were not without their problems, sometimes
showing difficulties in converging efficiently [2].
These limitations served as a catalyst for the
emergence of collective intelligence algorithms,

which introduced a novel paradigm centered on
cooperative behavior among simple computational
agents, which introduced a different paradigm
based on cooperation among simple agents. The
resulting synergy proved capable of generating
robust solutions applicable to different optimization
scenarios, surpassing the performance offered by
genetic algorithms in numerous scenarios [3].

The versatility of these methods has become
evident in multiple engineering and applied science
disciplines, even making inroads into highly
specialized fields such as medicine, where they
now contribute to challenges like genome
reconstruction and pharmacokinetic modeling
[4-5].

More recently, the incorporation of fuzzy logic
systems to dynamically adapt parameter tuning
has added a new level of sophistication to
metaheuristics. This combination allows for a more
natural management of the ambiguity and
approximation inherent in real-world problems [6].
In this regard, generalized fuzzy logic Type-2 has
stood out for its ability to perform remarkably
flexible and robust tuning, effectively managing the
critical trade-off of venturing into uncharted
sections of the search space versus refining
already discovered high-potential solutions [7-
8].This work proposes the dynamic adaptation of
the parameters of the MA using a generalized
Type-2 fuzzy system, with the aim of increasing its
performance and robustness in different
optimization scenarios.

This article contains the following sections:
Section 2 presents an adaptative optimization
under uncertainly. Section 3 describes the Mayfly
algorithm. Section 4 illustrates the importance of
fuzzy systems. Section 5 details the proposed
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parameter adaptation using generalized Type-2
fuzzy logic. Section 6 explains the design of the
proposed fuzzy adapter. Section 7 shows the
resulting performance obtained in dimensions of
50, 1000 and 2000 variables. Section 8 analyzes
the behavior of the algorithm along with that of the
different fuzzy adapters, and finally compares it
with fire (PSO) and Firefly Algorithm (FA). Finally,
Section 9 presents the conclusions drawn from the
experiments conducted.

2 Adaptative Optimization under
Uncertainly

In real world optimization environments, algorithms
inevitably face various forms of uncertainty, such
as the inherent variability of data, the changing
dynamics of the problem, a lack of knowledge or
epistemic uncertainty, and temporal alterations of
the environment [9]. In such scenarios, traditional
deterministic methods are often insufficient, as
they operate under the assumption of a static,
completely defined, and unambiguous
landscape [10].

Faced with this limitation, adaptive optimization
emerges, an approach focused not only on finding
optimal solutions but also on the algorithm self-
regulating its behavior based on environmental
conditions [11].

This type of optimization incorporates internal
adjustment, learning, and feedback mechanisms
that allow for the dynamic modification of system
parameters, such as inertia or learning coefficients
in PSO, the exploration/exploitation strategy, and
even the algorithm's structure as uncertainty
evolves[12]. In particular, hybrid or bio-inspired
methods demonstrate how fuzzy logic can be used
to adapt these parameters in each iteration and
improve performance in uncertain
environments [13].

In this context, fuzzy logic is key for algorithms
to handle uncertainty and imprecision gradually.
Thanks to fuzzy logic, the optimizer can
dynamically adjust parameters such as learning
rates, exploration coefficients, and cognitive and
social weightings according to environmental
conditions, without relying on strict rules [14].
Achieving this level of self-regulation is particularly
challenging even for hybrid algorithms based on
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PSO, where the combination of strategies alone
does not guarantee optimal parameter tuning
under dynamic uncertainty [15-16].

3 Mayfly Algorithm

The mayfly is an insect whose primary goal is to
reproduce before disappearing. Inspired by its
intense search for a mate, the mayfly algorithm
represents an improvement on PSO, optimizing its
convergence through the continuous updating of
particle positions. This makes it possible faster and
more efficient performs an efficient space search,
facilitating the attainment of global optima. This
methodology was introduced by Zervoudakis and
Tsafarakis in 2020 [17].

3.1 Fundamental Principles of the
Mayfly Algorithm

The MA algorithm begins its optimization process
by creating two distinct subpopulations: males and
females. Each individual, represented as a d-
dimensional vector, encodes a prospective
solution within the search space. Once generated,
all individuals are evaluated using an objective or
fitness function f(x), which determines their
effectiveness for the problem at hand [18].

3.2 Dynamic Behavior of Males

The positioning of males mayflies is influenced by
their positions based on their previous positions
and interactions with other nearby mayflies. The
new position of the i-th mayfly at iteration t+1 is
obtained by adding its current velocity to its
previous position, as shown in equation (1). This
mechanism allows individuals to explore the
search space and adjust their trajectories
according to social influence and the attraction

behavior characteristic of the Mayfly model [19]:
xftt = b+ it (1)

The Cartesian or Euclidean distance is
calculated as shown in equation (2):

||xl- —Xi” = Z}l:l(xi]- —Xi]-)z, (2)
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where x; is the jh element of mayfly i and Xi
corresponds to pbesti or gbest.

The velocity of the male mayfly is updated as
indicated by equation (3):

vt =l + aze™"(pbest;; — xh) + aze "% (gbest; — xf;), 3)

Where v{j corresponds to the velocity of mayfly
i in dimension j=1,...,n at time step t, a;and a, are
positive attraction constants, pbest;; is the best
local position, d, and d, are Euclidean distances
between mayfly i and its best position and between
mayfly i and the best position, respectively and
gbest;is the best global position mayfly [20].

The positions of the female mayflies are
described by the position vector y{j and its

associated speed vfj where j=1, denotes the
dimension of the search space and the iteration
time. The time update follows the standard

relationship expressed in equation (4):

yit =yl + vl (4)

The velocity of female mayflies is updated

based on the attraction to fitter males and a

random component that promotes exploration, as
shown in equation (5):

e [Vl @ (= v, if PO > F))

(%)

Dol i GO) S fO0)
Where v{; denotes the velocity of female mayfly
i in dimension j= 1, ..., n at time step t,The term

yi; corresponds to the position of female mayfly i
in dimension jat time step t, a, is a positive
attraction constant and B is a fixed visibility
coefficient, while r,, is the Cartesian distance
between male and female mayflies, finally, fl is a
random walk coefficient, used when a female is not
attracted by a male, so it flies randomly and r is a
random value in the range [ -1,1] [21].

3.3 Impact of Parameters

Analyzing equation (3), we observe that
parameters a, and a, are fundamental
components, as they determine the exploit-explore
balance processes. An inappropriate configuration
of these parameters can trap the algorithm int

suboptimal regions or, conversely, to adopt
excessively erratic and chaotic behavior [17].

According to previous studies, parameter a, is
the most influential factor in the algorithm's overall
behavior, since it directly controls the update
towards the best global solution, while a, acts on
the local adjustment [22]. Consequently, a, it has
critical impact on the exploit-explore balancing
during the convergence process [23].

4 Fuzzy System for Parameter

Adaptation

This section presents the theoretical foundations of
fuzzy systems and their relevance in the context of
adaptive optimization.

Fuzzy logic has become established as a
practical instrument for modeling the stochasticity
inherent in dynamic systems and optimization
processes operating in noisy or changing
environments [24].

Its main advantage lies in its ability to represent
uncertain or imprecise knowledge using linguistic
rules, supporting a phased transition across states
instead of relying on strict boundaries [25].

In this context, the representation of uncertainty
ranges from Type-1 fuzzy logic, which models
membership using precise degrees between 0 and
1, to Type-2 fuzzy logic, which adds an extra layer
of uncertainty to better reflect the imprecision in the
membership functions [26].

The following subsections present each of
these fuzzy logic frameworks in detalil,
emphasizing their characteristics, limitations, and
relevance to adaptive parameter control.

Type-1 Fuzzy Adaptation for
Evolutionary Algorithm

4.1 Type-1 Fuzzy Adaptation for Evolutionary
Algorithm

Type-I| fuzzy systems represent the foundation of
uncertainty modeling in parameter adaptation [27].

They are based on membership functions that
assign a unique value to each input, allowing
linguistic knowledge to be translated into
interpretable computational rules; thanks to their
low computational cost, these systems facilitate
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the dynamic adjustment of algorithmic parameters
[28-29].

In the field of evolutionary optimization, Type-I
fuzzy logic has proven effective in adapting
algorithm behavior in real time, responding to
gradual changes in performance or population
diversity [30].

Nevertheless, the efficacy of Type-1 fuzzy
systems depends on a precise definition of the
membership functions. In dynamic or uncertain
environments, this rigidity can reduce their
representational capacity and lead to less robust
decisions. Even so, their simplicity and
interpretability make them a solid starting
point [31].

Although their limitations in the face of
uncertainty have driven the development of more
expressive models, such as the Type-2 fuzzy
systems analyzed in the following section 4.2.

4.2 Interval Type-2 Fuzzy Systems

Interval Type-2 fuzzy systems (IT2-FLS) are a
natural extension of Type-1 models, developed to
improve the representation of uncertainty
associated with imprecise or variable information.
Unlike Type-1 systems, where each element has a
single degree of membership, in IT2-FLS this
degree is expressed by an interval that reflects the
potential variability of membership [32].

Equation (6) mathematically
this relationship:

i) =[200), p()],

represents
(6)

where ¥(x) represent the lower limits and | (x)
represent the upper limits of the membership
function. The difference between these two values
constitutes the so-called Footprint of Uncertainty
(FOU), which quantifies the extent of uncertainty
present in the system [33].

One of the most widely used variants is IT2-
FLS, in which uncertainty is represented by upper
and lower bounds on the membership
functions [34].

This approach offers a suitable balance
between modeling power and computational
complexity, which has favored its adoption in
various applications, especially in adaptive control,
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and evolutionary optimization, as in the case of the
PSO algorithm [35-36].

4.3 Importance of Generalized Type-2 Fuzzy
Logic

Generalized fuzzy logic Type-2 (GT2-FLS)
overcomes the limitations of interval-based Type-2
fuzzy systems when uncertainty is not
homogeneous or exhibits correlations between
parameters. This generalization allows for the
modeling of complete membership surfaces
instead of simple intervals, capturing complex
variations in uncertainty more accurately [37 - 38].

Its relevance is evident in the robustness and
adaptability it offers in dynamic and non-
deterministic  environments. For example,
implementing GT2-FLS improves parameter
tuning mechanisms in system control and
optimization, increasing stability and accuracy with
imprecise data [39].

Although its implementation entails a higher
computational cost, its flexibility and ability to
handle complex uncertainty justify its use in
evolutionary algorithms and adaptive control
systems [40].

5 Proposed Method

With the aim of improving the Mayfly algorithm's
ability to adapt to complex problems, a generalized
fuzzy logic system of Type-2 is proposed for the
dynamic adaptation of one of its
fundamental parameters.

Unlike the interval-based Type-2 fuzzy logic
approach, the generalized version allows for a
more accurate representation of uncertainty and
more robust handling of the variability in the
optimization environment [41].

This improvement provides a more robust
equilibrium between global search and local
refinement phases, strengthening the algorithm's
ability to avoid local optima and adapt to
dynamic scenarios.

Figure 1 presents the general diagram of the
proposed method, highlighting the main stages of
the modified algorithm and the incorporation of the
GT2FLS fuzzy system in its iterative process.
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Fig. 1. General diagram of the proposed method

Figure 1 shows the operational flow of the
proposed method, describing the stages of the
Mayfly algorithm improved with a generalized
Type-2 fuzzy system.

The process begins with defining the objective
function and generating the population, followed by
evaluating solutions and selecting the best overall
individual. Periodically, the population diversity is
calculated, and fuzzy parameter adaptation is
performed, dynamically adjusting the algorithm's
behavior. Finally, the solutions are updated and the
least favorable ones are replaced until the stopping
criterion is met.

In evolutionary algorithms, diversity measures
the dispersion among candidate solutions and
allows for maintaining a balance between
exploration and exploitation. A diverse population
favors global search, while low diversity drives
local intensification; therefore, this metric reflects
the influence of solutions on the evolution of the
process [42-43].

In the proposed method, population diversity
and the current iteration are used as inputs to the
generalized Type-2 fuzzy system, which adaptively
adjusts the parameters of the Mayfly algorithm
according to the state of the process.

The L1 norm (Manhattan distance), a stable
and computationally efficient measure, is used to
calculate diversity [44-45]. Based on this value, the

fuzzy system dynamically adjusts the balance
between exploration and exploitation, increasing
the algorithm's adaptability and performance in
highly uncertain or complex scenarios. The
diversity calculation is explicitly presented in
equation (7):

llx; — X;ll = ’Z?:l(xij - Xij)?, (7

Where ny Denote the number of individuals
solutions in the population, d is the number of
decision variables or dimensions, x;;(t) represents
the value of the j variable por the i individual at
time t, Yj(t) is the average value of the j variable
across the entire population at time t.

6 Design of the Generalized Type-2
Fuzzy Systems

This section presents the design of the fuzzy
adapter based on a GT2-FLS, integrated into the
Mayfly algorithm to adaptively optimize its
internal parameters.

Unlike the interval-based Type-2 approach, the
generalized system allows uncertainty to be
represented by continuous membership surfaces,
offering a more accurate model of the variability
inherent in the evolutionary process [46].

The continuous representation of uncertainty in
GT2-FLS allows for a more precise adjustment of
the adaptive parameters, achieving superior
performance compared to classical hybridizations
or variants proposed by different authors [47-50].

6.1 General Structure of the Fuzzy System

The proposed adapter is based on a generalized
Type-2 fuzzy logic system with a Mamdani
architecture, designed to dynamically adjust the a,
parameter of the Mayfly algorithm. The system has
two input variables and one output.

The inputs correspond to the iteration and the
population diversity, the latter calculated using the
L1 norm, which measures the average dispersion
of the solutions within the population. These
variables allow capturing both the convergence
state and the degree of exploration in the
evolutionary process.
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The output of the fuzzy system is the a,
parameter, responsible for regulating the balance
between exploration and exploitation in the
algorithm [51].

Using the GT2-FLS shown in Figure 2, this
parameter is adaptively adjusted based on current
process conditions, enabling more precise and
stable control than that achieved with static
schemes or Type-1 and Type-2 interval
approaches [52].

Figure 2 represents the generalized Type-2
fuzzy system, based on the Mamdani inference
model, which uses trapezoidal membership
functions as the primary basis for representing
input and output variables. This approach allows

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 215-235

doi: 10.13053/CyS-30-1-6302

for more accurate modeling of the uncertainty
inherent in the boundaries of fuzzy sets and
improves the ability to represent
imprecise knowledge.

6.2 Modeling of Membership Functions

The proposed generalized fuzzy Type-2 adapter is
defined by membership functions whose lower and
upper bounds are modeled as bivariate functions
[53]. This formulation extends the conventional
interval Type-2 representation by introducing an
explicit functional dependency on both the primary
variable and the secondary membership degrees.
Formally, this characterization is expressed by
equation (8):

A={(xupuz(x,w)|x e X,uel =[01]}, (8)

Where 0 < pz(x,u) < 1the secondary universe
U is assumed to be [0,1]. The membership function
of T2FS it three-dimensional, with the primary
variable x on the x-axis, the secondary variable u
on the y-axis, and the membership grade uz(x, u)
on the z-axis.

6.2.1 Input Membership Functions

The structure of the fuzzy sets associated with the
Iteration variable of the GT2FLS system is
presented in Figure 3.

Figure 3 shows the fuzzy sets associated with
the input variable Iteration in the GT2FLS system,
defined with three linguistic labels: Low, Medium,
and High.

The main membership functions are modeled
using trapezoidal shapes, which are overlapped in
a controlled manner to represent the progressive
transitions between the different states of the
evolutionary process. shown in Figure 4.

The horizontal axis represents the degree of
advancement of the normalized algorithm in the
range [0, 1], while the vertical axis indicates the
degree of membership in each set.

Figure 4 represents the linguistic sets of the
Diversity variable, also defined as Low, Medium,
and High, with principal trapezoidal membership
functions that describe the dispersion of the
population within the evolutionary process. The
horizontal axis corresponds to the normalized
diversity values, and the vertical axis to the degree
of membership of each value to the defined sets.
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Table 1. Membership values of the input variables

Membershie a2 b ¢ d A & &
Low lteration 0 01 02 04 08 0202
Medium lteration 0.2 04 05 0.6 0.8 0.2 0.2
High Iteration 05 07 08 1 08 020.2
Low Diversity 0 01 02 04 08 0202
Medium Diversity 0.2 0.4 05 0.6 0.8 0.2 0.2
High Diversity 05 07 08 1 08 020.2

Table 2. Membership values of the output variables

MembersShie 2 B ¢ d A & &
a2 Very low 1.951.951.96 1.97 0.8 0.2 0.2

az Low 1.96 1.98 1.98 2.00 0.8 0.2 0.2

a2 Moderately low 1.98 2.00 2.00 2.02 0.8 0.2 0.2
a2 Medium low  2.01 2.02 2.03 2.04 0.8 0.2 0.2
a2 Medium 2.03 2.04 2.05 2.06 0.8 0.2 0.2

a2 Medium High  2.05 2.06 2.07 2.09 0.8 0.2 0.2
az Slightly tall 2.07 2.09 2.09 2.11 0.8 0.2 0.2
a2 High 2.09 211 2.12 2.13 0.8 0.2 0.2

az Very high 212 2.13 2.14 2.15 0.8 0.2 0.2

Table 3. Membership values of the output variables

Rule Iteration Diversity az
R1 Low Low Very low
R2 Low Medium Low
R3 Low High Moderately low
R, Medium Low Medium low
Rs Medium Medium Medium
Rs Medium High Medium High
R, High Low Slightly tall
Rsg High Medium High
Ro High High Muy High

This approach gives GT2-FLS a refined ability
to capture imprecise variations and local
fluctuations in the algorithm's behavior,
maintaining a balance between interpretability
and sensitivity.

To dynamic changes in process conditions.
However, an excessive increase in the amplitude
of the secondary Gaussian functions could
excessively widen the uncertainty footprint,
hindering the interpretation of fuzzy rules and
reducing the clarity of the system's inference [54].

The input membership values are shown in
Table 1.

Table 1 presents the membership degrees of
the input variables, which were defined equally
among their three linguistic terms and
parameterized by the values a, b, ¢ and d.

In the case of the parameter 4, its value was
determined by exhaustive tests carried out with
increments of 0.01, a procedure that was applied
analogously for the parameters ¢; and ¢, ,whose
values are presented in Table 2.

6.2.2 Output Membership Functions

Table 2 represents the membership degrees for
the output membership functions, for which nine
linguistic rules were defined, whose membership
values were determined experimentally from 1 and
1.5. These ranges were adjusted incrementally or
decreasingly in 0.1 according to the results
obtained from averages of 30 executions, in order
to improve the performance of the fuzzy system.

6.3 Fuzzy Rule Base

The parameter a, is dynamically regulated by nine
fuzzy rules that automatically balance exploration
and exploitation.

The fuzzy rules will be shown in Table 3 below.
As shown in Table 3, in the early stages or with
high diversity, a, is kept low to prioritize exploration
of the search space.

As iterations increase or diversity decreases,
the system progressively increases a, to intensify
exploitation around promising solutions. This
continuous adaptation ensures smooth transitions
between search phases, optimizing the algorithm's
performance throughout the evolutionary process.
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Algorithm 1: Mayfly with general Type-2 fuzzy logic

Input: Objective function, Search bounds, Population
size, Max iterations
Output: Best solution, Final population

: Initialize male and female populations
: Initialize GlobalBest = «, diversityHistory = []
: Load GT2 fuzzy system: gt2_fis < 'MaFuzzyt2g'
: for it = 1 to MaxIt do
norm_it < it/Maxlt
/IFuzzy adapter (main contribution)
if it mod 5 == 0 then
diversity « calculate_diversity(population)
norm_div<—normalize(diversity, history)
10: a2 « eval_gt2f([norm_it, norm_div], gt2_fis)
11: endif
12: /I Continue with standard Mayfly operations...
13: end for

eINIarwNR

Algorithm 2: Diversity Calculation and Normalization
FUNCTION CALCULATE_DIVERSITY (population)
Input: population (matrix of size nPop x dimensions)
Output: diversity value

1: [nPop, dimensions] « SIZE(population)

2: mean_positions « MEAN(population, axis=0)

3: deviations <+ ABS(population - mean_positions)
4: total_deviation — SUM(deviations)

5: diversity «total_deviation / (nPop x dimensions)
6: RETURN diversity

END FUNCTION

Algorithm 3: Diversity Normalization with

Sliding Window

FUNCTION NORMALIZE_DIVERSITY/(diversity,
history, window)

Input: current_diversity, history_array, window_size
Output: normalized_diversity, updated_history

1: history < APPEND(history, diversity)
2: IF LENGTH(history) > window THEN
3:  history « history[LENGTH(history)-
window:END]

4: END IF

5: minDiv «— MINIMUM(history)

6: maxDiv «— MAXIMUM(history)

7: normalized_diversity « (diversity - minDiv) /
(maxDiv - minDiv + €)

8: RETURN normalized_diversity, history
END FUNCTION

6.4 Integration with the Mayfly Algorithm

Two key metrics were used to integrate the
generalized Type-2 fuzzy adapter into the mayfly
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algorithm: normalized iterative progress and
population diversity. These were processed
through a fuzzy inference system that handles the
inherent uncertainty in these indicators.

The mechanism is activated every 5 iterations
within the main flow of the algorithm (Algorithm 1),
first calculating the current population diversity
(Algorithm 2), normalizing it within a consistent
range (Algorithm 3), and finally evaluating the
fuzzy rules to obtain the new value of a,. This
adapted parameter is immediately used in
updating male speeds, directly influencing their
search behavior.

7 Results

This part of the paper elucidates the findings from
adapting parameters using generalized Type-2
fuzzy logic applied to the Mayfly algorithm
(MAF2G).

The analysis considers variations in
dimensionality and evaluates the performance of
the proposed approach compared to three
reference configurations: the interval-based Type-
2 version (MAF2I), the Type-1 version (MAF1), and
the original Mayfly without fuzzy adaptation.
Comparisons with other representative swarm
intelligence metaheuristics, such as PSO and the
FA, are also included.

The experimental tests were performed using a
population of 40 agents and a maximum of 2000
iterations, under homogeneous evaluation
conditions to ensure the comparative validity of
the results.

The mathematical functions used for
performance evaluation are presented in Table 4,
which allow for quantifying the accuracy, stability,
and convergence capacity of the proposed
approach compared to other methods.

Table 4 shows the abbreviations of
mathematical functions in the left column, while
their full names are indicated in the right column.

The comparative analysis of fuzzy adapters
was initiated considering a set of 50 dimensions.
The results obtained are presented in Table 5.

Table 5 shows the analysis of the different fuzzy
adapters. MAF2G stands out from the other two,
showing better performance in half of the cases.
However, the difference with MAF2I is less evident
when working with 50 dimensions.
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Table 4. Benchmark functions.

ISSN 2007-9737

Function Name
F1 Sphere
F2 Rastrigin
F3 Griewank
F4 Powell
F5 Rosenbrock
F6 Alpine
F7 Zakharov
F8 Sum Squares
F9 Wood
F10 Dejongl
F11 Levy
F12 Dixon Price
F13 Qing
F14 Hyper ellipsoid

Table 5. Comparison of the performance of fuzzy adapters in 50 dimensions

Functions MAF1 MAF2I MAF2G

F1 X 3.151x10Y 8.868x1018 2.658x10°1°
S 5.975x10Y 8.043x1018 3.275x101°

F2 X 1.086x10? 1.636x10?* 1.540x10?
S 1.197x10?! 6.484x10° 7.334x10°

F3 X 1.316x10* 6.318x10°3 4.793x10°3
S 3.474x10°3 7.901x10°3 4.793x10°3
F4 X 9.025x10%° 1.154x10710° 1.203x10°%3
S 4.943x101° 6.152x10710° 6.589x10°33

F5 X 5.172x10* 4.801x10? 5.577x10*
S 3.312x10! 2.015x10* 2.795x10*

F6 X 1.876x104 2.678x101° 1.857x10°
S 5.536x10* 2.842x1010 5.278x10°

F7 X 3.384x101 7.031x101 2.269x10*
S 9.149x10! 1.450x10? 1.241x10?
F8 X 3.542x10°15 3.809x10Y7 8.161x1018
S 2.515x1015 8.202x10Y7 1.185x10Y7

F9 X 2.022x101 3.599x102 1.401x101
S 1.230x101 1.971x101 6.510x101
F10 X 2.655x1016 1.360x107 2.629x101°
S 8.008x1016 3.789x10Y7 5.125x10%°

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 215-235
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Table 6. Comparison of the performance of PSO, FA and MA2FG in 50 dimensions

Functions PSO FA MA2FG
F1 O 1.177x103 5.383x1036 2.658x101°
S 4.571x103 7.668x10°%7 3.275x101°
F2 O 4.653x101 1.182x102 1.540x10?
S 1.182x10?! 3.210x10?t 7.334x10°
F3 O 3.579x10° 7.396x103 4.793x108
S 1.880x10* 1.076x102 4.793x103
F4 O 4.725x10° 4.251x1012 1.203x103
S 3.079x10° 1.276x1011 6.589x10-33
F5 a 4.338x10! 3.366x10* 5.577x10!
S 1.056x101 1.637x10t 2.795x10!
F6 a 1.038x101 2.829x101° 1.857x10°
S 8.523x107? 1.576x1010 5.278x10°
F7 0 5.007x102 7.041x10? 2.269x10!
S 5.401x102 2.246x10%1 1.241x10?
F8 a 5.158x103 1.259x10°34 8.161x1018
S 1.365x102 1.808x1035 1.185x107
F9 0 7.053x106 1.200x10° 1.401x101
S 8.006x10° 2.420x10° 6.510x101
F10 0 6.624x104 5.368x1016 2.629x101°
S 2.954x103 6.037x1017 5.125x101°
F11 O 5.888x10! 1.181x10° 4.031x101
S 2.840x101 9.207x10! 8.707x101
F12 O 1.490x10° 6.666x10! 4.562x101
S 1.983x10° 1.797x1016 3.011x10*
F13 a 5.525x10° 6.778x10%8 9.040x10*
S 1.910x10 9.361x102° 2.581x103
F14 O 1.114x103 4.2949x10°16 1.223x10Y7
S 5.747x10°3 3.8026x10°16 1.502x1017

Table 6 presents the results of the PSO and FA
algorithms at 50 dimensions.

Table 6 shows a comparison with other
metaheuristics, PSO and FA. In this case, 50
dimensions were used, and although by a small
margin, MAF2G manages to stand out against
both algorithms.

To highlight the relevance of applied the
generalized  Type-2  fuzzy system, the
dimensionality of the problem was increased to
enhance its complexity and re-evaluate the
performance of the fuzzy adapters.
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Table 7 summarizes the results obtained for
100 dimensions.

Table 7 shows the superiority of the MAF2G
adapter over the MAF2I and MAF1

This advantage is attributed to its greater
capacity to handle highly complex problems.

In this case, with 1000 dimensions, MAF2G
achieved the best performance in 8 of the 14
mathematical functions, followed by MAF1 with 4
out of 14, while MAF2I only excelled in 2 of the 14
functions evaluated.
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Table 7. Comparison of the performance of fuzzy adapters in 1000 dimensions

Functions MAF1 MAF2I MAF2G
F1 O 9.893x10! 9.545x10?! 8.3376x10!
S 1.150x10! 1.414x10° 9.1463x10°
F2 O 1.715x10°3 1.871x10° 1.729x10°
S 1.051x10? 1.351x10? 1.002x10?
F3 O 9.353x10° 9.394x10° 9.292x10°3
S 2.473x10? 2.039x10? 2.033x10?
F4 O 5.285x10% 1.419x10°%8 3.610x10°%°
S 1.795x1020 7.774x10% 1.942x103%4
F5 0 1.174x10° 8.095x10* 8.111x10*
S 1.878x10* 1.232x10* 1.157x10*
F6 O 1.508x10? 1.459x10? 1.456x10?
S 1.810x10! 1.492x10* 1.421x10*
F7 O 2.326x10* 2.429x10* 2.3245x10*
S 3.119x10° 3.076x10° 2.6702x10°
F8 O 5.497x10* 4.817x10* 4.681x10*
S 9.323x10° 5.983x10* 4.886x10°
F9 O 6.619x1031 2.568x10% 5.620x103!
S 2.060x10%° 4.283x10%0 9.542x103
F10 O 3.955x10* 4.149x10! 3.9494x10!
S 4.019x10° 3.701x10° 2.9701x10Q°
F11 O 2.382x102 2.431x10? 2.400x10?
S 2.438x10! 3.441x10! 3.062x10!
F12 O 2.577x10° 2.010x10° 1.945x10°
S 3.853x10* 3.614x10* 2.917x10*
F13 0 1.297x10"? 1.300x10*? 1.256x10*2
S 6.155x10%° 7.580x10 7.804x10%
F14 0 3.102x10° 2.474x10° 2.450x108
S 8.036x10° 4.423x10° 4.097x10°

Table 8 presents the comparison with PSO and
FA for 1000 dimensions.

Table 8 shows that MAF2G stands out in terms
of performance compared to the other
metaheuristics evaluated. In particular, MAF2G
obtains the top results in 10 of the 14 test functions.

Table 9 presents the results obtained for the
different fuzzy adapters evaluated on 2000-
dimensional problems, with the aim of examining
their behavior and generalizability in highly
complex environments.

This analysis reveals how each adapter

maintains the algorithm's stability as the search
space increases exponentially, highlighting
differences in their efficiency, accuracy, and
adaptability to the growing difficulty of
multidimensional optimization.
Table 9 shows that MAF2G performs better in 11
of the 14 mathematical functions evaluated,
reflecting its greater optimization capacity and
robustness in high-dimensional scenarios.

In contrast, the MAF2I adapter outperforms the
other methods in only 2 functions, while MAF1
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Table 8. Comparison of the performance of PSO, FA and MAF2G in 1000 dimensions

Functions PSO FA MAF2G
F1 X 9.220x102 2.767x102 8.337x10!
S 1.114x102 4.661x101 9.146x10°
F2 X 8.669x103 6.8530x103 1.729x10°
S 6.094x102 2.556x102 1.002x102
F3 X 3.945x10? 6.292x104 9.292x103
S 4.627x101 2.049x102 2.033x102
F4 X 0.000x10° 0.000x10Q° 3.610x1035
S 0.000x100 0.000x100 1.942x10-34
F5 X 3.903x107 1.485x107 8.111x104
S 8.442x106 2.565x10¢ 1.157x104
F6 X 5.907x102 1.355x103 1.456x102
S 4.192x10* 2.109x102 1.421x10?
F7 X 1.624x10% 7.313x10% 2.3245x104
S 7.313x102 2.371x103 2.6702x103
F8 X 4.033x10° 1.2884x106 4.681x10*
S 3.149x104 2.196x10° 4.886x103
F9 X 1.000x10¢ 5.137x100 5.620x103!
S 1.000x10¢ 4.262x10° 9.542x103t
F10 X 1.107x103 6.645x102 3.9494x10?
S 1.897x102 5.444x10 2.9701x10°
F11 X 6.195x102 4.488x102 2.382x102
S 6.436x10t 5.075x10 2.438x10*
F12 X 9.007x10¢% 3.509x10¢% 2.577x10°
S 2.078x10¢% 8.664x10° 3.853x104
F13 X 5.248x10° 3.094x108 1.297x1012
S 2.026x10° 3.951x102 6.155x1010
F14 X 7.433x107 4.228x107 3.102x10°
S 2.851x107 2.823x107 8.036x10°

excels in just one function, demonstrating more
limited performance.

These results confirm the utility of the MAF2G
focus in maintaining the algorithm's stability and
accuracy even when the problem's complexity
increases significantly.

The table 10 presents the performance of
MAF2G versus PSO and FA in 2000 dimensions

Table 10 shows the results obtained by the PSO,
FA, and MAF2G algorithms on 2000-
dimensional problems.
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MAF2G consistently demonstrates superior
performance, exceling in 10 of the 14
mathematical functions evaluated. The FA
algorithm achieves the best results in 3 functions,
while PSO only excels in one.

Table 11 presents a statistical comparison
between the MAF2G and MA algorithms,
performed using z-tests. This analysis allows us to
determine whether the observed differences in the
performance of both algorithms are statistically
significant, enabling a more systematic
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Table 9. Comparison of the performance of fuzzy adapters in 2000 dimensions

Functions MAF1 MAF2I MAF2G
F1 X 6.792x102 6.667x102 5.622x102
S 4.694x10! 4.103x10* 3.904x10!
F2 X 6.262x10° 6.461x103 6.797x103
S 2.626x102 2.556x102 2.787x10?
F3 X 2.509x104 2.511x10* 2.507x10*
S 4.135x10? 4.377x10? 4.459x102
F4 X 1.191x102%° 1.402x10°10¢ 3.836x1028
S 3.840x1020 7.641x10-106 2.1012x10?7
F5 X 4.677x108 4.600x108 2.937x10°
S 1.646x10° 1.732x10°¢ 1.185x10¢
F6 X 6.175x102 6.209x102 6.115x102
S 3.332x10! 5.297x10* 4.344x10!
F7 X 6.240x10* 6.226x10% 6.150x10*
S 5.897x103 6.852x103 6.444x103
F8 X 7.135x10° 7.020x10° 5.906x10°
S 8.413x104 6.859x10% 4.685x104
F9 X 3.629x101 7.979x103 4.449x101
S 1.510x10° 1.370x10-%° 1.332x10°
F10 X 3.013x10? 3.073x102 2.919x102
S 2.698x10! 3.050x10! 1.914x10*
F11 X 6.379x102 6.717x10? 6.034x102
S 6.834x10! 8.748x10! 6.195x10!
F12 X 6.712x108 5.948x108 5.067x10°
S 1.450x10° 1.007x10¢ 5.581x10°
F13 X 4.258x10%? 4.209x10%? 4.078x10%?
S 1.592x10 2.097x10% 2.115x10%
F14 X 7.298x107 6.470x107 5.554x107
S 1.930x107 1.471x107 1.191x107

assessment of the superiority and consistency of
the MAF2G model compared to its counterpart.

Table 12 shows the results of the z-test applied to
the 50-dimensional case, demonstrating that
MAF2G significantly outperforms the classical MA
in 9 of the 14 mathematical functions evaluated.

This analysis confirms that the performance
differences between the two algorithms are
statistically significant, supporting the

effectiveness, stability, and generalizability of the
MAF2G model.

Taken together, these results evidence that the
proposed approach maintains competitive
advantage even in scenarios of intermediate
complexity, solidifying its advantage over the
traditional method.

Table 12 presents the results of the Z test
performed for problems with 1000 dimensions,
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Table 10. Performance of MAF2G, PSO and FA at 2000 dimensions

Functions PSO FA MAF2G
F1 X 3.490x103 2.727x103 5.622x10?
S 3.864x102 3.366x102 3.904x10?
F2 X 2.126x104 1.537x104 6.797x10°3
S 1.224x103 2.262x102 2.787x102
F3 X 1.841x100 1.646x10° 2.5077x10%
S 7.790x102 2.700x102 4.4593x102
F4 X 0.000x10Q° 4.900x1013 3.836x1028
S 0.000x10° 2.660x1013 2.101x10?%
F5 X 3.462x10°6 3.252x106¢ 2.937x10°
S 4.931x10° 7.529x10% 1.185x106¢
F6 X 1.496x103 7.575x102 6.115x10?
S 7.487x10? 1.020x10? 4.344x101
F7 X 6.362x10% 5.455x104 6.150x10%
S 9.070x103 1.141x10? 6.444x103
F8 X 3.075x1068 2.308x10¢6 5.906x10°
S 2.464x10° 1.764x104 4.685x104
Fo X 1.000x10® 0.000x10° 4.449x101
S 3.000x10°6 0.000x10° 1.332x100
F10 X 3.634x103 2.691x103 2.919x102
S 4.254x102 6.530x10* 1.914x10?
F11 X 1.909x103 1.407x103 6.034x102
S 2.496x102 6.400x10° 6.195x10?
F12 X 9.697x107 2.533x10° 5.067x10°
S 2.517x107 1.451x108 5.581x10°
F13 X 2.533x10° 2.301x107 4.078x1012
S 1.451x10° 2.798x10% 2.115x1011
F14 X 2.823x108 2.533x10° 5.554x107
S 1.452x107 1.451x10° 1.191x107

providing a statistical comparison between the
evaluated algorithms.

Table 12 shows the results of the Z-tests
performed on 1000-dimensional problems,
comparing the performance of MAF2G against the
classical MA.

It can be seen that, as the complexity of the
search space increases, MAF2G stands out more
clearly, surpassing the statistical test in a total of
11 mathematical functions, thus demonstrating its
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robustness and effectiveness compared to the
traditional method.

Table 13 presents the results of the Z statistical
tests for 2000 dimensional problems, rigorously
comparing the performance of MAF2G against MA.

Table 14 shows that the Z-test results are
promising even in high-dimensionality scenarios,
evaluating problems with 2000 dimensions.

In particular, MAF2G maintains superior
performance in 11 of the 14 mathematical
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Table 11. Z test with MA for 50 dimensions

Functions MAF2G MA Z

F1 X 2.658x1019 1.177x107 1831
S 3.275x101° 3.520x107 '

F2 X 1.540x10? 1.190x10? 2318
S 7.334x100 3.820x10° '

F3 X 2.293x104 4.140x103 1664
S 1.320x103 1.280x102 '

F4 X 1.203x1033 5.280x10-4° 1.000
) 6.589x10-33 1.650x1048 '

F5 X 5.277x10? 6.770x10 1679
S 2.795x10? 3.987x10t '

F6 X 1.857x10° 6.563x10°6 1.926
S 5.278x10° 1.865x105 '

F7 X 2.269x10? 8.946x101 0.962
S 1.241x10? 1.541x102 '

F8 X 8.161x1018 7.392x10°6 -1.666
S 1.185x10Y7 2.429x10°

F9 X 1.401x101 2.366x1032 1178
S 6.510x101 1.296x1031 '

F10 X 2.629x101° 2.114x1014 8.975
S 5.125x101° 1.290x1014 '

F11 X 4.031x101 1.850x100 4.170
S 8.707x101 1.689x100 '

F12 X 6.666x101 1.257x100 2014
S 3.011x104 1.605x100 '

F13 X 9.040x104 2.647x1072 1.306
S 2.581x103 1.102x101 '

F14 X 1.223x10Y7 1.269x1016 1856
S 1.502x107 3.256x1016 '

functions, demonstrating that the observed
improvements are not due to chance but are
statistically significant.

These results support the advantage of using a
generalized Type-2 adapter, demonstrating its
ability to maintain the algorithm's robustness,
stability, and effectiveness in the face of increasing
problem complexity, and validating its superiority
over classical MA.

8 Discussion of results

The analysis of the results shows consistent
performance behavior among the fuzzy adapters.
MAF2G emerged as the most efficient adapter
across all evaluated dimensionalities, and its
advantage became more pronounced as the
problem's complexity increased.

In 50 dimensions, it outperformed the other
adapters in 7 out of 14 functions, a figure that
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Table 12. Z test with MA for 1000 dimensions

Functions MAF2G MA Z

F1 X 8.3376x10? 1.478x102 19.599
S 9.1463x100 1.551x10? '

F2 X 1.729x103 1.778x103 1.879
S 1.002x102 1.017x102 '

F3 X 9.292x103 9.396x103 1471
S 2.033x102 3.293x102 '

F4 X 3.610x1035 9.571x1018

-14.020

S 1.942x10-34 3.739x1018

F5 X 8.111x10% 2.209x10° 20.449
S 1.157x104 3.561x10% '

F6 X 1.456x102 1.659x102 4.640
S 1.421x10? 2.080x10? '

F7 X 2.324x104 2.549x104 3.4169
S 2.670x103 3.597x103 '

F8 X 4.681x104 7.533x10% 13.434
S 4.886x103 1.056x104 '

F9 X 5.620x1031 3.845x1031
S 9.542x1031 6.114x1031 0.8579

F10 X 3.9494x10 5.183x10? 10.732
S 2.9701x10Q° 5.551x100 '

F11 X 2.400x102 2.444x102 -0.557
S 3.062x101 3.047x10

F12 X 1.945x10° 4.046x10°5 -16.750
S 2.917x104 6.220x104

F13 X 1.256x1012 1.307x1012 -2.729
S 7.804x10%0 6.619x10%0

F14 X 2.450x106 3.277x106 -7.030
S 4.097x10° 4.973x10°

increased to 8 out of 14 in 1000 dimensions and
reached 11 out of 14 in 2000 dimensions.

This upward trend suggests that the
generalized Type-2 fuzzy system incorporated in
MAF2G offers a better capacity for handling
uncertainty and complexity in high-dimensional
spaces. The greater flexibility provided by this type
of logic appears to favor a more suitable balance
between exploration and exploitation, resulting in
more stable performance as
dimensionality increases.
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When measure to established algorithms such
as PSO and FA, the results reinforce this
observation. MAF2G achieved notable
improvements in highly multimodal functions with
complex gradients, such as Rosenbrock (F5) and
Dixon Price (F12).

This suggests that the proposed adapter not
only maintains good performance in unimodal
functions but also retains its effectiveness in
scenarios of greater difficulty and variability.
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Finally, statistical tests (Z-tests) confirm that the
noted accuracy boosts are not accidental but
represent consistent and statistically significant
advantages of the proposed method. Taken
together, the results reflect that MAF2G possesses
remarkable scalability, making it a robust
alternative for tackling complex optimization
problems  where other methods often
exhibit limitations.

9 Conclusions

This research provides compelling evidence that
the proposed algorithm  MAF2G, which
incorporates an adaptation mechanism based on
generalized fuzzy logic Type-2, consistently
outperforms the compared algorithms MA, PSO,
FA, and even their variants with fuzzy logic Type-1
and interval Type-2, particularly as the problem's
dimensionality increases.

In 50, 1000, and 2000-dimensional scenarios,
MAF2G not only maintained its competitiveness
but also significantly increased its advantage,
achieving the best performance in a greater
number of functions as the complexity of the
search space grew.

This behavior confirms that the use of
generalized fuzzy logic Type-2 is especially
advantageous in high-dimensional problems,
where uncertainty, interactions between variables,
and the difficulty of adjusting parameters
become critical.

Unlike algorithms with limited or rigid adaptation
mechanisms, MAF2G effectively manages these
uncertainties through a fuzzy system that flexibly
adjusts  the  parameters, improving the
management of exploration and exploitation.

For future research it is proposed to explore the
application of this algorithm in complex problems
in the medical field, such as parameter
optimization for genome reconstruction and
prediction of kinetic curves in pharmacological
studies [55-57].

Furthermore, recent studies have shown that
the integration of fuzzy adapters can significantly
improve the performance of evolutionary
algorithms in highly complex scenarios, supporting
the relevance of extending this line of research
[58- 60].
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