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This paper presents a study focused on enhancing the effectiveness of cuckoo search (CS). The goal is to improve
its performance in avoiding local optima, improve the exploration and exploit potentially new solutions. To
achieve this, we incorporate three additional algorithms — grey wolf optimizer (GWO), red panda optimization
(RPO), and naked mole rat algorithm (NMRA) - into the basic CS framework to strengthen its exploration and
exploitation capabilities. The resulting hybrid algorithm is named RGN, standing for red panda, grey wolf and
naked mole-rat. To make the parameters of the RGN algorithm adaptable, six new mutation operators and inertia
weights are added to the proposed RGN algorithm. The proposed algorithm is tested on CEC 2005, CEC 2014, and
CEC 2022 benchmark problems to prove its effectiveness. Friedman test and Wilcoxon rank-sum tests, are done
to analyse the significance of the proposed RGN algorithm statistically. It has been found that the proposed RGN
is significantly better with respect to LSHADE-SPACMA, SaDE, SHADE, CMA-ES, extended GWO, hierarchical
learning particle swarm optimization (FHPSO), Kepler optimization algorithm (KOA), improved chef-based
optimization algorithm (CBOADP), improved symbiotic herding optimization (IMEHO), blended-biogeography
based optimization (B-BBO), and Laplacian BBO (LX-BBO), among others. Application of the proposed algorithm
RGN for Multilevel Image Thresholding with Type II Fuzzy Sets, shows that it is better than other algorithms
over various performance matrices including mean squared error (MSE), peak signal-to-noise ratio (PSNR), and
structural similitude index (SSIM). Experimentally and statistically, it has been proved that the proposed RGN
algorithm can be considered as a better alternative for optimization research.

between exploration and exploitation [3]. Some commonly known EAs
differential evolution (DE) [4], genetic algorithm (GA) [3], fire hawk
algorithm (FHA) [5], and others. On the other hand, SIAs draw inspira-
tion from the collective behaviour and problem-solving abilities of social

1. Introduction

Optimization algorithms have emerged as indispensable tools across
various domains, revolutionizing problem-solving by efficiently discov-
ering optimal or near-optimal solutions in complex and challenging
scenarios. From engineering to finance, operations research to machine
learning, and engineering design to many others, their application has
become ubiquitous, replacing manual trial-and-error approaches and en-
abling more effective decision-making [1].

The two main categories of meta-heuristic algorithms are evolution-

insect colonies or animal swarms, simulating the interactions of a pop-
ulation of agents to solve complex optimization problems [6]. Some of
these algorithms include particle swarm optimization (PSO) [6], grey
wolf optimization (GWO) [7,8], naked mole rat algorithm (NMRA) [9],
marine predator algorithm (MPA) [10], salp swarm algorithm (SSA)

ary algorithms (EAs) and swarm intelligent algorithms (SIAs) [2]. EAs
maintain a diverse population of solutions, employing genetic operators
like mutation, crossover, and selection mechanisms to strike a balance
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[11,12], red panda optimization (RPO) [13], meerkat optimization algo-
rithm (MOA) [14], flower pollination algorithm (FPA) [15], equilibrium
optimizer (EO) [16], and many others.
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Despite their broad applicability and effectiveness, optimization al-
gorithms face several challenges that researchers continually strive to
address. One common issue is premature convergence, where algorithms
settle on suboptimal solutions instead of reaching the global optimum.
This may occur due to getting trapped in local optima or insufficient ex-
ploration of the search space. Additionally, as the dimensionality of the
problem increases, due to the exponential nature of the search space,
thus making it challenging for the optimization algorithm to find op-
timal solutions within a reasonable time. The computational complex-
ity and evaluation time for numerous potential solutions can become
prohibitive in higher-dimensional spaces, limiting the algorithm’s effec-
tiveness [2]. Furthermore, constraint handling, parameter tuning, and
a lack of domain-specific knowledge can pose challenges, leading to
suboptimal solutions. Researchers have been working on algorithmic
enhancements, problem-specific adaptations, and parameter tuning to
overcome these hurdles and improve the effectiveness of optimization
algorithms [15].

In this context, the present work proposes a new multi-algorithm-
multi-mutated based evolutionary framework named Red grey naked
(RGN) algorithm. This novel approach draws on the best-known set-
tings of three newly developed algorithms: RPO, GWO, and NMRA. Each
of these algorithms has demonstrated high efficiency and prowess over
various benchmark problems and real-world scenarios. RGN adopts a
hybridization strategy, taking inspiration from NMRA’s well-defined ex-
ploration (worker phase) and exploitation (breeder phase) operations.
The exploitation phase in NMRA has already proven highly effective due
to the presence of a best-guided solution for finding optimal solutions
[2]. In the present work, the exploration operation is enhanced by in-
tegrating the exploration tendencies of RPO and GWO. The equations
inspired by these algorithms contribute to improved exploration while
maintaining exploitative tendencies, striking a better balance between
the two aspects.

To further enhance the algorithm’s performance, a dynamic ad-
justment throughout the optimization process is achieved using self-
adaptive parameter settings. This dynamic adaptation is facilitated by
incorporating six new mutation operators: (mo’s) namely oscillating
(osc) mo, chaotic (chaos) mo, simulated annealing (sa) mo, linearly
decreasing (/in) mo, logarithmic (log) mo, and exponential decreasing
(exp) mo. These algorithms are added by using iterative division. By it-
erative division, we mean that one algorithm is used for a certain set of
iteration. This process is followed to make the algorithm follow a cer-
tain pattern based on the type of operation required. That is, if more
exploration is required which set of equations must be used and if more
exploitation is required, which equation must be used, and what types
of equations are better for a balanced operation. More details on which
equations have been used, is added in the consecutive sections. Note
that prior study has been to identify which equation fares better for ex-
ploration or exploitation, respectively.

To assess the proposed RGN algorithm’s applicability, extensive test-
ing is performed on CEC benchmark problems namely CEC 2005 [2],
CEC 2014 [17], CEC 2022 [18]. These benchmarks problems highly
challenging and consists of unimodal (UM) problems, multimodal (MM)
problems, fixed dimension (FD) problems, and Hybrid-Composite (HC)
problems. These benchmark problems are widely recognized and pro-
vide a common ground for evaluating and comparing different algo-
rithms. Apart from these benchmarks, the proposed RGN algorithm is
applied for the real-world optimization of Multi-level Image Segmen-
tation [19]. A comprehensive comparison is made with state-of-the-art
algorithms, including archive based DE (JADE) [20], laplacian teacher
learning algorithm (LX-TLA) [21], artificial rabbit optimization (ARO)
[22], improved symbiotic organisms search (ISOS) [23], success his-
tory based DE (SHADE) [24], variable neighbourhood BA (VNBA) [25],
laplacian teacher learning algorithm (LX-TLA) [21], LSHADE-SPACMA
[16], self-adaptive DE (SaDE) [20], multi-hybrid algorithm (MHA) [19],
random walk GWO (RW-GWO) [26], light spectrum optimizer (LSO)
[27], hierarchical learning particle swarm optimization (FHPSO) [28],
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Kepler optimization algorithm (KOA) [29], and improved chef-based
optimization algorithm (CBOADP) [30], among others.

In this work, the proposed Red Grey Naked mole rat algorithm uti-
lizes Type-II fuzzy sets combined with entropy-based algorithms to per-
form multilevel thresholding of images. Image thresholding, as a simple
and effective approach, finds applications in various areas such as pat-
tern recognition, image processing, and related real-time systems [31].
By accurately separating pixels into different groups, thresholding facil-
itates tasks like object detection, feature extraction, and image analy-
sis [32]. Bi-level thresholding is a method that involves choosing two
thresholds to segment an image, while multilevel thresholding (MLT)
partitions an image into multiple objects. MLT is often preferred over
bilevel thresholding due to its ability to handle more complex segmenta-
tion tasks [33]. Various algorithms have been developed for MLT, with
the main focus on methods such as maximum entropy [34], between-
class variance [35], Renyi entropy [36], and fuzzy entropy-based ap-
proaches [37]. These algorithms have contributed to the advancement
of MLT techniques. However, they are associated with drawbacks such
as complexity and higher computational time.

To address these challenges, Zhao et al. [38] proposed a technique
that utilizes histogram partitions with fuzzy membership values for
MLT. Building upon this work, Tao et al. [39] introduced a fuzzy
entropy-based system that combines fuzzy partitioning with optimiza-
tion algorithms. These threshold-based image segmentation methods
aim to accurately identify thresholds for effective image segmentation.
Type II Fuzzy Sets, a mathematical framework for dealing with un-
certainty and imprecision, can be utilized to handle complex dataset.
Type II Fuzzy Sets are employed in these methods to incorporate ultra-
fuzziness into the image segmentation process [40,41]. This incorpora-
tion of ultra-fuzziness using Type II Fuzzy Sets is crucial for obtaining
optimal image thresholds in multilevel thresholding operations.

The rest of the paper is organized into six sections. The second
section deals with the motivation, modifications and implementation
details of the proposed RGN algorithm. The third section showcases
the results obtained from testing the RGN algorithm of CEC bench-
mark problems, demonstrating its competitiveness compared to other
algorithms. This section also applies the RGN algorithm to real world
optimization of Multi-level Image Segmentation and compares it with
various existing algorithms. The fourth section provides a discussion of
the research, outlining drawbacks and providing future perspectives for
the RGN algorithm. Finally, in the sixth section, future recommenda-
tions and important conclusions are drawn.

2. The proposal: hybrid red panda, grey wolf and naked mole-rat
(RGN) algorithm

CS algorithm is an efficient algorithm that has shown to produce
highly reliable results when compared to basic algorithms such as GWO,
DE, PSO, and others. However, when compared to enhanced or hy-
brid versions of algorithms, CS’s reliability decreases. This is primarily
due to its limited ability to explore different solutions. A closer exam-
ination reveals that the algorithm lacks randomness, which increases
the likelihood of getting stuck in local optima and reduces its overall
performance [42]. To address this issue, new equations can be intro-
duced for improved global search capabilities. Additionally, the param-
eters of the basic algorithm have a significant impact on CS’s perfor-
mance. Analysing and adjusting the parameters can make the algorithm
more self-sufficient and adaptive. Considering these factors, a new self-
adaptive triple hybrid red panda, grey wolf, naked mole rat inspired
RGN algorithm is proposed in this study. Major highlights of this work
include:

+ A new concept of iterative division is added to the basic structure
of CS algorithm for proposing the new RGN algorithm.
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For the first iterative half, global search of CS powered by Cauchy
mutation is used for enhanced exploration; and NMRA powered lo-
cal search is used for better exploitation properties.

The second iterative half uses a combination of GWO powered by CS
for exploration; and RPO for exploitation or local search operation.
We use six mutation operators mo’s to enhance the parameters
of the proposed RGN algorithm. There are only three parameters,
namely A, pa, and R.

For 4, we have used simulated annealing sa, exponential decreas-
ing exp and sigmoidal sig mo; for R we have used chaotic chaos,
oscillating osc, and logarithmic /og; and finally in case of pa we are
using exp, osc, and log mo.

A detailed discussion on the proposed algorithm’s methodology and
requirement is presented in the next subsections.

2.1. Proposal’s requirement

The researchers are motivated by the no free lunch theorem to de-
velop new algorithms tailored to their specific problem requirements
[43]. According to this theorem, no single algorithm can be the best
fit algorithm for all domain research problems. Therefore, modifica-
tions are necessary to enhance the performance of algorithms based
on the specific characteristics of each problem. These characteristics
include factors such as complexity, dimension size, and whether the
problem is constrained or unconstrained. Additionally, challenges arise
from the presence of multiple local minimal solutions and high peaks
in a problem, which require researchers to develop enhanced versions
of algorithms that can provide reliable results. One inherent drawback
of the basic CS is its poor exploration capability, as it follows smaller
step sizes, causing new solutions to cluster together and hinder the ex-
ploration process. Consequently, the algorithm tends to search only in
specific regions of the search space, resulting in an inefficient search
approach and overall a poor exploration operation.

Given these limitations, it is crucial to formulate new equations for
the global and local search phase of the algorithm to prevent it from
getting stuck in local minima and to enable better exploration. These
additional equations are seamlessly integrated in a manner that pre-
serves the fundamental structure of the basic algorithm. Conversely, the
local search phase of the algorithm is dependable and showcases im-
proved exploitation characteristics. This is because the global solution
of any problem resides in proximity to the current best solutions, which
are continuously updated to converge towards the ultimate solution.
This strategy fosters enhanced exploitation by continuously evaluating
each new solution against the previous best solution, consequently pin-
pointing the most optimal solution. To address these problems, a new
algorithm RGN is proposed in the next subsection.

2.2. Why and how the modifications are added

In a generalized metaheuristic algorithm, the algorithm follows ex-
tensive exploration during the start, followed by exploitation towards
the end. The exploration process is meant for improving the global
search or exploring the search space in an extensive manner, whereas
the exploitation operation is performed for finding solutions in a par-
ticular section of the search space. It has been proved that the use of
Cauchy based operators help in the enhancing the exploration search
[42], and when added to CS, the exploration search improves signifi-
cantly [44]. Similarly, for exploitation, NMRA is found to have better
searching capabilities and can be used for intensive exploitation of the
search space [19]. This process is followed for the first half of the iter-
ation, and is meant for more exploration and less exploitation. As the
iterative process progresses, the search process should focus more on
the exploitation operation and some exploration, so that the algorithm
may not fall in some local optima. In order to deal with this problem,
CS-GWO based enhancements are added for exploration, whereas for
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exploitation RPO is used. The CS-GWO based enhancements were in-
troduced in [42], and it was found that it can help in better searching
capabilities by providing new solutions in the vicinity of three random
solutions. The RPO based modifications are controlled by the parame-
ters of RPO and are in general capable of extensive exploitative search
[13]. Overall, these modifications help the algorithm to explore and ex-
ploit simultaneously without getting trapped in local optimal solutions.

2.3. Proposed RGN algorithm

In the present work, we are trying to design an algorithm which can
be applied to all domains of optimization, with better exploration and
exploitation properties, and overall lesser computational burden. We
have incorporated GWO, RPO and NMRA into the basic CS algorithm
for better performance. Iterative division is followed for enhanced op-
eration and all the parameters are made self adaptive.

2.3.1. Initialization

The algorithm starts by the initialization of solutions between the
upper M,,,, ; bounds and the lower bounds M,,;, ;, for a D dimensional
search space. This is generalized as

N.

ij =

N,

min,j

+rX (N, Nyax,j) @

where i €[1,2,...,n] corresponds to n individuals distributed along the
search space, for r € [0, 1]. After initialization, the algorithm follows
iterative division for improved performance.

inj

2.3.2. First iterative half

During the first half of iterations, the basic global search of CS is
followed and is used in combination with Cauchy distribution for better
exploration properties. The general equation is given by

X = x4 a0 @ L(B)(Xpog — x1) 2
where x;“ is the new solution in the ¢ + 1 iteration, ® is entry wise
multiplication, x! is the solution of the previous generation, x,,, is the
global best, a > 0 is defined by D. The new solution is then calculated
using Cauchy distribution. The enhanced equation is thus given as

x;H = x|+ a @ Cauchy(5)(nyos — x1) 3)
The Cauchy randomization is given by

8

1
eamenon(®) = 7 7 55 @
The distribution function is,
y= 1 + larctan(é) 5)
2 =z g
1
S =tan(n(y — 5)) (6)

Thus a Cauchy distributed random number is generated between [0, 1].
The local search during this phase is governed by the NMRA algo-
rithm [9]. We use the breeder phase of NMRA for better exploitation,
but to avoid over exploitation, the breeding parameter A is made self
adaptive. More details on how self adaptivity is added, is given in con-
secutive subsections. The general equation for this phase is given as

X = (1= DY+ Ay — X0 )

Thus, addition of new equations using Cauchy randomization help in
extensive exploration, and equations inspired by NMRA helps in inten-
sive exploitation operation. Overall, a combination of exploration with
exploitation makes the first iterative half, highly efficient in operation.

2.3.3. Second iterative half
For this set of iterations, a more rigorous approach needs to be es-
tablished. We require an improved operation with better exploitation
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tendencies and lower exploration properties. Thus, during the global
search phase for the second half of iterations, we use a combination of
equations inspired by the GWO algorithm [7]. The generalized equa-
tions are given by

1y. 1y.
X=X = Ml(Nl'xnew - x,')’ Xy =X — MZ(NZ'xnew - xi)’

X3 =%x; = M3(N3. X0, — X1) ®
1 _ X1t X+ ©
new 3

Here x,,,, is the new solution and M, M,, M3 and N, N,, N; are

derived from M and N respectively, given as

M =2mri—m; N=2r, (10)

where m decreases linearly from 2 to 0 iteratively, | & r, € [0, 1]. This
search equation helps in intensive exploration and contributes to better
search process.

The local search operation during this phase is controlled by using
RPO [13], and is meant for least exploration and higher exploitation.
The general equation during this phase is governed by two random vari-
ables R and I. For a better operation, / =1, and R is self-adaptive in
nature. The mathematical equation for this formulation is
X+l =x;+(R><x;—I><x;) 11)

1

This phase helps in providing better exploration and exploitation op-
eration. And is the core of the proposed RGN algorithm. Apart from these
phases, selection operation is performed for selecting the best solution
in the current iteration.

2.3.4. Selection phase

In the last stage, the process involves choosing the most suitable in-
dividuals from both the current and previous best individuals that were
generated in each iteration. If the fitness of the new solution, denoted
as f(x,,,), is superior to the previously known fitness f(x}), it replaces
the previous solution. However, if the fitness of the previous solution,
denoted as x;, is better, it is kept. The selection operation is thus given
by

xH—l _ Xnew
new xlt-

2.3.5. Parametric adaptations

The selection and configuration of parameters can greatly influence
the performance and efficacy of an optimization algorithm. Choosing
suitable parameter values typically requires experimentation, domain-
specific expertise, and iterative adjustments to achieve optimal out-
comes for a specific optimization problem. In RGN, there are three
parameters namely A, pa, and R, and adaptation in each of these is
required to make the algorithm self-adaptive. We use a combination of
three mo's for each parameter to see which mo fits the best for that par-
ticular parameter. The details of each of the mo’s used is given as

sa mo: was proposed by [45], to regulate the speed of an algorithm,
and was employed to address the block fitting problem in urban plan-
ning. The equation of sa mo is given by

if S o) < S ()

12
otherwise

sa= Cmin + (gmax - Cm[n) X p(k_l) (13)

where (,;,., {4 and k € [0,1] and value of p=0.95.

chaos mo: This mo assists in identifying solutions that are signifi-
cantly different from the nearby optimal solutions, thereby enhancing
the exploration process for an algorithm [46]. Additionally, this mo im-
proves the speed at which convergence is achieved, and is expressed
mathematically as follows:

K=4xkx(-k) 14
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Tmax — ¢
chaos = (Cpaxe — Smin) X ; + Cpin X K (15)
max

for ¢ iteration, k € [0,1], {4 = 0.9, (i, = 0.5, 1, is the maximum
iterations.

exp mo: A decreasing exponential function, referred to as exp mo in
the study [47], has been developed to facilitate a gradual shift from
exploration to exploitation. This particular function is advantageous
because it allows for divergence during exploration and convergence
during exploitation. As a result, it has been observed to be effective for
a wide range of optimization problems in continuous domains. The gen-
eral equation for this function is as follows:

XP=Brin + Cnax = Emin)OXD [— ! ] 16)
(nax)

where ¢,;, and ¢, € [0,1].

osc mo: By employing osc mo, the algorithm achieves a harmonious
combination of global exploration and local exploitation. This approach
enables the particles to possess increased velocity and exploration ca-
pacity during the initial stages of searching, when it is crucial to explore
the entire search space. As the search progresses, the mo is gradually de-
creased to prioritize exploitation and refinement within the promising
regions of the search space. The mathematical equation representing
this scenario is as follows:

gmin + gmax Z.:max - Cmin 2rt
= = 1
¢ > > cos( T ) a7)
_ 2 X tpax a8
T 3+2k

where, ¢, =09, ,;,,=03and k € [0,1].

log mo: aids the algorithm in reducing parameter values, leading to
enhanced performance over subsequent iterations. This facilitates more
effective exploration during the initial phase and exploitation towards
the later stages [48]. This parameter, plays a crucial role in balancing
the algorithm and is expressed mathematically as follows:

(= gmax + (Cmin - gmax) X loglO(k + Ilﬂ) 19

max

where, ¢, =0.9,¢,,, =025, k=1.

sig mo: A common strategic approach is sig mo function, which does
not randomize the process in every iteration [47]. The initial value of mo
is set to a high value to facilitate global search, but it progressively de-
creases throughout the iterations to enhance exploitation. By employing
sig mo, minimal changes in weights are introduced, and a well-balanced
operation can be achieved. The mathematical equation representing this
approach is as follows:
é, _ gmin - é:max

- 1 4 e—ux(iter—hxgen) + gmax (20)

u = 1082 (21)

where, {,,,, =0.9,¢,,,, =0.5, gen=51, and h,k € [0, 1].

Thus, we are using six mo’s to optimize three parameters. We are us-
ing these mo’ s based on the requirement of the operator in the algorithm
and their significant influence. For A, we have used sa, exp and sig mo;
for R we have used chaos, osc, and log; and finally in case of pa we are
using exp, osc, and log mo. Five test functions from CEC 2005 are used
to see which mo is the best for each of the parameters involved. Thus,
aiming to achieve a self-adaptive RGN algorithm. The details on the use
of benchmarks is presented in the sensitivity analysis subsection. The
pseudocode of the proposed RGN algorithm is given in Algorithm 1.

3. Results on benchmark datasets and image segmentation
problem

In this section, details on the performance of the proposed algo-
rithm in comparison to the numerical benchmarks is presented. For



R. Salgotra, N. Mittal, A.S. Almazyad et al.

Algorithm 1 Pseudocode of RGN algorithm.

1: Begin
2: Define: size of population (N); switching probability (pa);
3: stopping criteria; dimension (Dim)
4: if i= 1: ‘= then
5: global search using Eqn. (3)
6: local search using Eqn. (7)
7: evaluate fitness using Eqn. (12)
8: update pa using exp, osc, and log mo
9: update R using chaos, osc, and log mo
10: update A using sa, exp and sig mo
11: else

12: global search using Eqn. (8), (9), and (10)
13: local search using Eqn. (11)
14: evaluate fitness using Eqn. (12)

15: update pa using exp, osc, and log mo
16: update R using chaos, osc, and log mo
17: update A using sa, exp and sig mo

18: close;

19: update final best

20: End

evaluation, we use three benchmark datasets namely CEC 2005 [15],
CEC 2014 [17], and CEC 2022 [18]. The definitions of these problems
can be had from their respective papers, and not many details regard-
ing the same have been added. Throughout this section, the results are
presented as mean and standard deviation values of 51 runs, D = 30,
population size of 50 and maximum iterations of 500 for CEC2005, and
10* x D for CEC 2014 and CEC 2022 benchmark problems. The simu-
lations are performed using MacBook Pro M2 processor, with MATLAB
R2022a.

For comparison on CEC 2005, the algorithms used are a success
history based DE (SHADE) [49], sine cosine crow search algorithm
(SCCSA) [50], JADE [20], fractional-order calculus-based FPA (FA-
FPO) [51], SaDE [52], FROBL-GJO [53], Evolution strategy based on
covariance adaptation (CMA-ES) [16], extended GWO (GWO-E) [8],
and LSHADE-SPACMA [16]. On the other hand for CEC 2014 bench-
mark problems, laplacian BBO (LX-BBO) [26], variable neighbourhood
BA (VNBA) [25], population-based incremental learning (PBIL) [25],
blended biogeography-based optimization (B-BBO) [26], random walk
GWO (RW-GWO) [26], improved symbiotic organisms search (ISOS)
[23], chaotic cuckoo search (CCS) [25], and improved elephant herding
optimization (IMEHO) [25] are used. For CEC 2022, the algorithms used
are DE [54], non-linear population size reduction SHADE with linear
bias Change (NL-SHADE-LBC) [55], PSO [54], successful LSHADE with
dynamic perturbation (S-LSHADE-DP) [56], EAs with eigen crossover
(EA4eig) [57] and non-linear population size reduction SHADE with
rank-based selective pressure midpoint of the population (NL-SHADE-
RSP-MID) [58]. The parameter settings for the algorithms under com-
parison are given in Table 1.

In order to test the performance of RGN statistically, we have
used wilcoxon signed-rank test (p-test) and Freidman rank test (f-test)
[59]. The p-test, and f-test, are non-parametric statistical tests used
to compare two related or paired samples. For present analysis, we
perform these tests at 5% level of significance. The p-test is given as
win(w)/loss(l)/tie(t), where win(w) : “+ ” means proposed algorithm
is better than the test; loss(/) : “ —” means test is better than the pro-
posed; and tie(t) : “ =" means t, that is either both the algorithms are
statistically similar or have no relevance between them. The f-rank is cal-
culated by using the methods discussed in [59], and we have followed a
ranking pattern to depict the results. Here, the best algorithm scores the
first rank and the worst algorithm is given the last rank. One thing to
keep in mind is that, if two algorithms have similar performance, both
of them gets the first rank, and we have given the subsequent rank to
the algorithms according to its numerical sequence.
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Table 1
Parametric details of algorithms.
Algorithm Parameters
CCS [25] (p,)=0.25
JADE [20] F=0.5,CR=0.9; 1/c=15,20]; p=1[0.05,0.20]
SaDE [20] F,CR = self adaptive
FA-FPO [51] a=[0.1,1], S = adaptive
1SOS [23] q€[1,1001%, r € [0,1]
FO-FPA [51] a=[0.1,1]; S = adaptive; r=2 or 4 or 8
SCCSA [50] €1 e3,05=[0,1]
VNBA [25] (A)=0.5; (r)=0.5
GWO-E [8] @ = Linearly decreasing from 2 to 0
PBIL [25] (LR)=0.1; (p,)=0.02
B-BBO [26] H=11=1
LX-BBO [26] H=11=1
IMEHO [25] (w)= Linearly decreasing [0.9,0.2]; & ¢ [0,1]; (p.)=0.05
CMA-ES [16] n=pu=10; A =40
SHADE [16] P,,,, =0.1, ARC rate= 2
RW-GWO [26] @ = Linearly decreased from 2 to 0

LSHADE-SPACMA [16]
Proposed RGN

¢=0.8, P, =0.11, ARC rate= 1.4, FCP=0.5
all parameters (pa, R, and A) are adaptive

3.1. Sensitivity analysis

Three mo's for each of the four parameter (I, R and 1) are added
in the proposed RGN algorithm to make it self-adaptive in nature. Here,
parametric evaluation based on five benchmark problems from the CEC
2005 is done. For parameter A, we have used sa, exp and sig mo; for R
we have used chaos, osc, and log; and finally in case of pa we are using
exp, osc, and log mo. We have used two UMs (H,, H,), and three MMs
(Hq, H; & H, ;) for parametric analysis and the best among these mo’s
is reported.

An analysis on five benchmark problems shows that; for A, the exp
mo gives the best results; for R, chaos is the best; and for pa, log mo is
the overall best. Thus for the rest of the article we are using these values
for the three parameters of the algorithm (Table 3).

3.2. Component wise analysis

In this section, a component wise analysis of the proposed algorithm
is performed. This analysis is meant for dividing the algorithm in differ-
ent set of components based on the number of algorithms used. As we
have used GWO, RPO, CS and NMRA for formulating the proposed algo-
rithm, a combination of either one or at least two algorithms is used for
the comparison. So, a comparison is performed with respect to GWO,
CS, NMRA, CS-GWO, RPO-CS, NMRA-CS, and finally RGN is performed
to prove the significance of the proposed work. We are using five bench-
marks for the classical CEC 2005 benchmark problems, and the analysis
of results is presented in Table 4.

From the results in the Table 4, we can clearly see that for some
of the functions, the CS-GWO, NMRA-CS and RGN are giving highly
competitive results, and among the basic CS, GWO, and NMRA the re-
sults, GWO gives efficient performance. For function H, and H;, all the
hybrid variants have similar performance. For other problems, RGN al-
gorithm gives much better results. Competitiveness among results can
also be seen for function Hg and H — 10. Thus, overall we can say that
the proposed RGN is a highly competitive algorithm and is superior with
respect to its individual components.

3.3. CEC 2005 benchmarks

In order to perform a comparison of the proposed RGN algorithm for
CEC 2005 benchmark functions, we have used GWO-E [8], SaDE [20],
CMA-ES [16], SHADE [16], EO [16], and LSHADE-SPACMA [16]. We
are using the basic benchmarks from [2], and they consist of five UMs
(H, to Hs), four MMs (Hg to Hy) and two fixed dimensional functions
(H,o and H ), for performance evaluation as shown in Table 2. The di-
mension size used for UMs and MMs is 30, a total of 51 runs, population
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Table 3

Function Shift position Range Dim  f,,

Unimodal

H\(©)=Y c? [-30,-30,..,-30]  [~100,100] 30 0

Hy©) =Y le| +10 || [-3,-3,..=3] [-10,10] 30 0

H,(c) = max,{|c;|, 1 <i<n) [-3,-3,..=3] [~100, 100] 30 0

Hy©) =Y ([c; +0.5])? [-3,-3,.,=3] [-10,10] 30 0

Hs(c)= Y ict =rand[0,1] [-3,-3,..-3] [-1.28,1.28] 30 0

Multimodal

Hg(c)= —20exp(—0.2\/g Y- exp(i Y, cos2me;)) +20 + e [-30,-30,..,—30]  [=100,100] 30 0

H,(c)= ﬁ N - H’,'ilcos(%) +1 [-30,-30,..,—30]  [—600,600] 30

Hy(0) = Z10sin(xy)) + Xi_, —1(y; = D*[1 + 10sin*(xy,)] [-30,-30,..,-30]  [-50,50] 30 0
3= D+ X (¢, 10,100,4)y, =1 = £

Hy(c) = 0.1Gin* Bze;) + X (c; — DA(1 + sin’Bze; + 1)) [-30,-30,.,-30]  [-50,50] 30 0
+0.1((c, = D?[1 +sin*(2zc,]) + Yo, u(e,5,100,4)

Fixed dimension

Hyp(©) =1+ (c; + ¢, + 1219 = 14c, + 3¢} — 14¢, +6¢,k, +3¢2)] = [-2,2] 2 3
[30 + (2¢; —3¢,)? % (18 —32¢; + 12c|2 +48¢, —36¢,c, + 27c§)]

H (© ==X} ciexp(— X_, ay(c; = py)?) [1,3] 3 -3.86

Parameter analysis of RGN.

Parameters  Variable Functions Statistical analysis Best Strategy
H, Hj Hy H, H,, Average f-rank value  Overall f-rank
mean 5.3547E-42 1.034E-03 2.3532E-02 6.1342E-04 3.0000E+00
Asa std 3.2389E-28 8.1346E-04 4.5624E-03 1.4903E-03 1.7423E-15
f-rank 1 1 3 3 1 1.8 2
i mean 5.8743E-38 1.4378E-03 1.1187E-02 1.7247E-04 3.0000E+00 P
/l“.p std 2.6233E-37 1.5435E-03 4.8345E-03 1.4433E-04 2.1324E-15 exp
f-rank 2 2 1 1 2 1.6 1
mean 1.5432E-38 1.5233E-03 1.4536E-02 2.2343E-04 2.9988E+00
Asig std 1.5435E-37 1.8454E-03 5.7864E-03 1.4346E-04 6.3643E-15
f-rank 3 3 2 2 3 2.6 3
mean 6.2345E-39 1.4633E-03 2.4623E-02 1.4353E-04 2.9998E+00
Fopoos std 2.4352E-38 2.3452E-03 1.3542E-01 9.4553E-05 2.3523E-15
f-rank 1 1 2 1 2 1.4 1
R mean 4.3253E-38 1.4352E-03 1.3252E-02 1.2534E-03 3.0000E+00 F
F,. std 2.3453E-37 1.5534E-03 1.4523E-02 2.3252E-03 1.4534E-15 chaos
f-rank 2 3 1 3 1 2 2
mean 1.3345E-37 1.37341E-03 2.9385E-02 2.4534E-04 2.9999E+00
Fioy std 6.4532E-37 2.1564E-03 2.3451E-02 2.1451E-04 7.1345E-15
f-rank 3 2 3 2 3 2.6 3
mean 4.8001E-38 1.5123E-03 9.3532E-03 1.2535E-04 2.9999E+00
Pa,y, std 3.2351E-37 1.3512E-03 4.1243E-03 1.5122E-04 3.2341E-15
f-rank 2 2 1 2 2 1.8 2
mean 4.3245E-36 1.2352E-03 1.5234E-02 1.2544E-04 2.9999E+00
pa Pa,,, std 2.3452E-35  1.2523E-03  2.3358E-02  1.9823E-04  8.2817E-15 Pliog
f-rank 3 1 2 3 3 2.4 3
mean 5.4523E-39 1.4535E-03 1.4532E-02 1.2353E-04 2.9999E+00
Payy, std 3.34234E-42 1.3432E-03 2.4523E-02 1.5432E-04 2.2143E-15
f-rank 1 3 3 1 1 1.8 1

size 50 and maximum number of iterations as 500, are taken for finding
the best solutions. We are using mean and standard deviation values for
analysing the results.

From the results in Table 5, it can be seen that for problems H;, H,,
H;, Hg, H, and H[11]; RGN performs the best whereas for problems
H,, and Hg, CMA-ES is the best; for H5, GWO-E is the best; for H,
EO, GWO-E and RGN have similar performance; and for H,, SaDE is
the best. Thus overall in terms of w/!/t, SaDE gives 2/9/0 meaning

SaDE is better than RGN for two problems, whereas RGN is better than
SaDE for nine functions, and zero functions are statistically similar/or
have no statistical relevance. For CMA-ES, we have 3/8/0; for LSHADE-
SPACMA, we get 2/9/0; GWO-E is 2/8/1; SHADE is 3/8/2 and finally
for EO we have 4/6/1. Apart from the ranksum tests, f-rank test predicts
rank 1 for RGN. Overall, provimg the significance of the proposed RGN

algorithm for this benchmark data set.
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Table 4
Component wise comparison of the proposed algorithm with other algorithms.

Function CS [60] GWO [8] NMRA [9]  CS-GWO NMRA-CS RGN

u mean  5.79E+00  2.85E-35 1.25E-06 1.04E-67 3.48E-47 2.64E-95
! std 2.25E4+00 4.21E-35 5.00E-06 1.04E-66 3.28E-46 1.52E-94

H mean 1.69E-05 7.27E-21 1.02E+01 8.54E-57 3.43E-23 2.70E-52
2 std 2.34E-04 7.55E-21 9.46E+00 2.13E-35 9.32E-20 1.36E-51

H mean 4.14E-11 4.13E-09 2.10E-15 1.49E-18 3.78E-30 4.98E-38
3 std 1.63E-10 9.99E-09 1.57E-13 1.12E-17 1.71E-27 2.66E-37

u mean  1.69E+01 4.93E-09 9.8E-01 0.00E+00 1.00E-02 4.44E-44
4 std 5.26E+00 4.55E-09 5.16E-05 0.00E+00 1.00E-02 2.76E-43

H mean 3.21E-02 2.80E+01 1.04E-09 4.09E-03 1.99E-01 2.80E+01
3 std 1.20E-02 7.474E-01 1.48E-10 4.09E-02 1.34E-01 4.01E-01

H mean 7.22E+00 9.74E-04 4.50E-10 2.02E-15 2.14E-15 1.00E-15
6 std 2.04E+00  4.13E-04 2.22E-09 1.66E-15 1.76E-15 1.30E-15

u mean  1.59E-09 2.48E+00  6.06E-15 0.00E+00  0.00E+00  0.00E+00
7 std 1.05E-08 4.04E+00 3.49E-14 0.00E+00 0.00E+00 0.00E+00

H mean 5.60E+00 8.88E-02 1.03E-01 2.25E+00 2.92E-01 1.48E-02
8 std 3.53E+00 3.06E-02 2.21E-01 3.28E+00 6.96E-01 5.80E-03

I mean  6.84E+00  3.08E-01 4.00E-03 3.01E-01 1.28E-01 5.50E-03
o std 3.46E+00 1.51E-01 1.04E-02 1.19E-01 5.18E-02 481E-03

H mean 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00
10 std 2.92E-06 3.04E-11 7.74E-01 7.24E-12 4.85E-13 1.64E-15

3.4. CEC 2014 benchmarks

For comparison on CEC 2014 benchmark problems, the test problems
are taken from [17], and the algorithms used for comparison are B-
BBO [26], LX-BBO [26], RW-GWO [26], PBIL [25], LX-TLA [21], ISOS
[23], VNBA [25], CCS [25], hybrid self-adaptive cuckoo search (HSA-
CS) [62], and IMEHO [25]. The parameters of these algorithms are taken
from Table 6. The results for this benchmark dataset are given in terms
of mean error and standard deviation values. The mean error in the
current scenario is calculated by defining the difference between the
global minimum and the measured value [17]. If the error is less than
1078, the mean is considered as zero. We are taking a population size of
50, with a total number of function evaluations equation to 10000 X D,
where D is the dimension size and is equal to 30 for the current scenario.
The maximum number of runs is 30. The algorithms under comparison
use a similar/same set of initial conditions, so that diversity in solutions
can be maintained.

From the results in Table 6, we find that for function G|, Gz, Gy,
Gy, Gy, G17, Gy to Gys, and Gog to Gz, RGN is the best; whereas
G,, Gg, Gy, Gg, and G9, HSA-CS is found to provide the best results;
for G5, Gy and G,;, LX-BBO is the best algorithm; for G, ISOS gives
the best results; for G;, G|, and G5, IMEHO provides the best set of
results; for Gg, B-BBO is the best; and for Gy, and G, RW-GWO is the
best found algorithm. Overall, we can say that our proposed algorithm
is far better when compared to other algorithms in literature. This can
be further proved from the non-parametric statistical rank-sum and f-
rank test, which show that for most of the cases, RGN provides the best
results. Also, f-rank shows that the proposed algorithm achieves the best
rank and is therefore considered the best for the current case.

3.5. CEC 2022 benchmarks

The CEC 2022 benchmark problems are taken from [18]. We are us-
ing the mean and standard deviation values of 30 runs. A population size
of 50, D =10 and total number of function evaluations equal to 10,000
X D, is taken for performance evaluation. The algorithms used for com-
parison include PSO [54], YDSE [54], EDO [66], LSO [27], FHPSO [28],
KOA [29], and CBOADP [30]. The parameters for these algorithms can
be seen from their respective papers. In order to evaluate the perfor-
mance of these algorithms, we are using mean and standard deviation

values of 30 runs, with a population size of 100, and maximum number
of function evaluations as suggested in [18].

From the results in Table 7, in function nt,, we get same mean value
for all the algorithms but YDSE, LSO, EDO, and FHPSO gives the best std
values and score the first rank. For functions nt,, nt4, nt;, ntg, ntg, nty,
and nt;, RGN provides the best results. For function nt;, LSO, YDSE, and
FHPSO are the best performers; for nts EDO and YDSE gives the most
optimal solutions; for functions nt¢ and nt;;, EDO is the best. From the
w/l/t p-rank comparison, we can see that statistically, LSO is better
than RGN for 3 functions; KOA and FHPSO for 2 functions respectively;
EDO for 4 functions; CBOADP for 3 functions; and PSO for 1 benchmark
problem. The results of f-rank further verifies that RGN algorithm is
highly competitive with respect to other algorithms under comparison
and scores the first rank. Overall, these results show that RGN algo-
rithm is a significant addition in the field of optimization and in the next
section we are performing multilevel image thresholding using RGN al-
gorithm.

3.6. Computational complexity

The computational complexity of the proposed algorithm with re-
spect to the basic algorithms used for the proposal of the RGN algorithm
is presented in this section. We are using a generalized equation pre-
sented in [17] for complexity analysis as given by

for i=1 : kg;

xy; =0.55; xy; =xy; + X5 Xy, =xY;/2; Xy; = xy; X XY;3
xy; = sqri(xy;); (22)

xy; =log(xy;); xy; =exp(xy;); xy; =xy;/(xy; +2);

end
This equation is used as a basis for calculating the general time taken
for k, = 1000000; and is represented as T,. For analysis, we are using
the first function from CEC 2005 benchmarks. Here we have two param-
eters 7} and T5, and 7 is the time taken to evaluate the algorithm for
a single run, whereas 7; is the average time taken to evaluate the algo-
rithm for five runs. The complexity of given in Table 8, and it shows the

competitive performance of the proposed RGN algorithm with respect
to other algorithms under consideration.



R. Salgotra, N. Mittal, A.S. Almazyad et al.

Ain Shams Engineering Journal 15 (2024) 102997

Table 5
Simulation outcomes of RGN algorithm in contrast to the existing MH algorithms for benchmark (CEC 2005) functions.
Function SaDE [52] CMA-ES [61] LSHADE-SPACMA [24] GWO-E [8] SHADE [49] EO [16] RGN
mean 4.50E-20 1.42E-18 2.23E-01 3.92E-67 1.42E-09 3.32E-40 2.64E-95
H std 6.90E-20 3.13E-18 1.48E-01 1.11E-66 3.09E-09 6.78E-40 1.52E-94
! p-rank - - - - - -
f-rank 4 5 7 2 6 3 1
mean 1.90E-14 2.98E-07 2.11E+01 4.31E-36 8.70E-03 7.12E-23 2.70E-52
H std 1.05E-14 1.78E+00 9.57E+00 6.57E-36 2.13E-02 6.36E-23 1.36E-51
2 prank  — - - - - -
f-rank 4 5 7 2 6 3 1
mean 7.40E-11 2.39E-25 2.15E-17 2.01E-06 9.79E-01 5.39E-10 4.98E-38
H std 1.82E-10 1.25E-06 4.92E-01 6.80E-25 7.99E-01 1.38E-09 2.66E-37
3 prank  — - - - - -
f-rank 4 2 3 6 7 5 1
mean 9.30E+02 6.83E-19 2.48E-01 2.65E+01 5.31E-10 8.29E-06 4.44E-44
H std 1.80E+02 6.71E-19 1.13E-01 5.19E-01 6.35E-10 5.02E-06 2.76E-43
4 prank - + - - + +
f-rank 7 1 5 6 2 3 4
mean 4.80E-03 2.75E-02 4.70E-03 9.90E-04 2.35E-02 1.17E-03 2.80E+01
H std 1.20E-03 7.90E-03 1.90E-03 8.37E-04 8.80E-03 6.54E-04 4.01E-01
5 prank  — - - + - +
f-rank 5 7 4 1 6 2 3
mean 2.70E-03 1.55E+01 3.93E-02 5.58E-15 3.95E-01 8.34E-14 1.00E-15
H std 5.10E-04 7.92E+00 1.51E-02 1.67E-15 5.86E-01 6.90E-10 1.30E-15
6 prank - - - - - -
f-rank 6 7 5 2 6 3 1
mean 7.80E-04 5.76E-15 8.94E-01 0.00E+00 4.80E-03 0.00E+00 0.00E+00
H std 1.20E-03 6.18E-15 1.07E-01 0.00E+00 7.70E-03 0.00E+00 0.00E+00
7 prank - - - = - =
f-rank 5 4 7 1 6 1 1
mean 1.90E-05 2.87E-16 8.18E-04 1.98E-02 3.46E-02 7.97E-07 1.48E-02
H std 9.20E-06 5.64E-16 1.00E-03 1.01E-02 8.75E-02 7.69E-07 5.80E-03
8 prank  + + + + + +
f-rank 3 1 4 5 6 2 7
mean 6.10E-05 3.66E-04 1.02E-02 2.50E-01 7.32E-04 = 2.92E-02 5.50E-03E
H std 2.00E-05 2.00E-03 1.03E-02 1.63E-01 2.80E-03 = 3.52E-02 481E-03
J prank  + + + - + +
f-rank 1 2 4 7 3 5 6
mean 3.00E+00 8.40E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00
H,, std 3.00E-15 2.05E+01 1.25E-15 1.25E-05 1.87E-15 1.56E-15 1.64E-15
prank  — - - - - -
f-rank 5 7 2 6 4 3 1
mean -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00
H std 3.10E-15 2.70E-15 2.70E-15 4.16E-06 2.69E-15 2.59E-15 8.28E-16
1 p-rank - - - - -
f-rank 5 7 2 6 4 3 1
w/l/t 2/9/0 3/8/0 2/9/0 2/8/1 3/8/2 4/6/1 NA
Overall f-rank value 49 48 45 38 56 33 27
Overall f-rank 6 5 4 3 7 2 1

3.7. Real world optimization: multilevel thresholding (MLT) using RGN
with type II Fuzzy Sets

In this subsection, a novel approach for MLT of images is introduced,
combining Type II Fuzzy sets with the RGN algorithm to determine the
threshold values. Entropy-based algorithms are commonly employed to
separate the image histogram. Initially, Shannon’s entropy from infor-
mation theory was applied to the thresholding problem [34]. Tao et al.,
to enhance the performance of MLT, proposed a fuzzy entropy-based
technique [39]. This approach utilizes histogram partitions with pre-
defined fuzzy membership values for MLT, enabling the extraction of
objects present in the image.

Fuzzy Type II set

In Type-I fuzzy sets, a set A is expressed as Y = {y,,¥,,¥3....Y,} ina
finite set. It can be represented as:

A={y, usM|yeY,0< u,(») <1} (23)

Here, yu, is set A’s membership function. On the other hand, Type-II
fuzzy sets use multiple membership values to handle increased uncer-
tainty, expressed as:

high

high
A={y.uy ¢

O 1 ()] yeY 0 < i (24)

O 1l () <1}

In this case, ,ui;’“’ and yzigh represent the lower and upper membership

function respectively.

MLT using Type II fuzzy sets

Image thresholding is a commonly used method for segmenting an
image. It involves selecting threshold values and applying them to the
histogram of the image until a specific criterion is met.

Let’s consider a grayscale image I with dimensions U X V', where
each pixel (u,0) has a gray value represented by f(u,v) with u
e {0,1,2,..U} and v e {0,1,2,...V}. The set of all gray levels
{0,1,2,...,L — 1} is denoted as GL, where L is the number of gray
levels in the image.
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Table 6
Statistical results for CEC 2014 benchmark functions.
Functions Error LX-BBO B-BBO RW-GWO  ISOS PBIL VNBA IMEHO ccs LX-TLA HSA-CS RGN
[63] [63] [26] [23] [25] [64] [25] [65] [21] [62]
G mean 1.011E4+07 6.503E4+06 8.023E+06 9.823E+05  3.423E+08 2.432E+08 2.374E+06 1.462E+08 8.273E+08 2.091E+04 4.22E+02
! std 1.012E+07 1.302E+06 3.311E+06 7.052E+05 1.094E+08 5.933E+07 4.323E+06  3.273E+07 1.412E+08 1.751E+04 1.981E+02
forank 7 5 6 3 10 9 4 8 11 2 1
G mean 5.343E+04  2.355E+04 2.235E+05 5.273E+00 4.083E+10 1.925E+10 5.494E+03  2.604E+09  5.481E+10 0.000E+00 1.000E+10
2 std 2.144E+04  9.994E+03 5.514E+05 1.722E+01 3.394E+09 4.234E+09 4.875E+03 5.223E+08 9.172E+09 0.000E+00 0.000E+00
frank 5 4 6 2 10 9 3 7 11 1 8
G mean 1.632E+04  6.034E+03 3.163E+02 4.794E+02  9.193E+04 2.933E+04 1.415E+02 2.703E+03 9.201E+04  2.281E-03 0.000E+00
3 std 1.703E+04 3.154E+03  4.344E+02 6.245E+02 1.754E+04  1.394E+04 1.585E+02 7.744E+04 2.631E+04 2.601E-03 1.065E-11
forank 8 7 4 5 10 9 3 6 11 2 1
G mean 9.995E+01 1.023E+02 3.415E+01 5.985E+01 3.435E4+03 1.603E+03  1.245E+402 3.223E+02 5.98E+03 1.340E+00 2.073E-01
4 std 2.846E+01 3.134E+01 1.804E+01 3.574E+01 7.566E+02  3.634E+02 4.774E+01 4.092E+01 8.64E+03 8.790E+00 8.054E+01
forank 5 6 3 4 10 9 7 8 11 2 1
G mean 3.065E+00  3.745E+00  2.056E+01  2.033E+01  2.104E+01 2.104E+01 2.104E+01  2.103E+01  1.251E+01  2.000E+01  2.070E+01
5 std 7.864E-01  4.915E-01  7.465E-02  6.674E-02  5.565E-02  5.433E-02  5.995E-02  8.812E-02  8.521E-01  2.951E-03  6.592E-02
frrank 1 2 7 5 11 10 9 8 4 3 6
G mean 1.703E+01 1.994E+01 9.844E+00 1.054E+01 3.802E+01 3.303E+01 1.203E+01 2.503E+01 3.991E+01 2.761E+00 2.124E+01
6 std 3.122E+00 2.705E+00  3.493E+00 2.393E+00 1.163E+00 2.582E+00 2.724E+00  2.000E+00 4.752E+02  1.551E+00 2.220E+00
frank 6 7 3 4 10 9 5 8 11 1 2
G mean 1.755E-01  7.813E-02  2.533E-01  1.563E-02  3.402E+02 1.112E+02 0.000E+00 2.302E+01  4.752E+02 5.801E-04  0.000E+00
7 std 8.564E-02 4.442E-02 1.434E-01 1.834E-02 2.743E4+01 1.813E+01 1.194E-01 3.523E+00 5.741E+01  2.371E-03 1.945E-10
forank 6 5 7 4 10 9 1 8 11 3 2
G mean 5.533E+01 4.713E-01 4.383E+01  1.473E+01 3.000E+02 1.743E+02  3.303E+01 2.902E+02 3.591E+02 2.201E4+00 2.879E+01
8 std 3.782E+02  6.794E-01  8.482E+00 3.343E+00 1.034E+01 1.612E+01 9.194E+00  2.234E+01  3.881E+02 1.742E+00  4.575E+00
f-rank 7 1 6 4 10 8 5 9 11 2 3
G mean 7.666E+01 9.111E4+01 6.334E+01 2.562E+02  3.705E+02 2.503E+02 3.204E+01 2.903E+02 3.971E+02 2.521E+01 1.571E+01
o std 1.612E+01  1.543E+01 1.303E+01 1.344E+01  1.694E+01 2.032E+01 1.154E+01  2.384E+01  2.000E+01 5.152E+00 2.276E+01
forank 5 6 3 8 10 7 4 9 11 2 1
G mean 1.252E+04  6.684E+03 9.611E+02 1.783E+03  6.262E+03 3.501E+03 2.262E+03  8.553E+03  7.231E+03 1.271E+01  7.540E+02
10 std 1.163E+02  4.582E+02 2.722E+02 4.094E+01 3.052E+02 3.473E+02 5.721E+02 4.914E+02 3.241E+02 1.761E+01  1.545E+02
f-rank 10 7 2 3 6 5 4 9 8 1 2
G mean 1.234E+04 6.713E+03 2.683E+03 1.483E+03 7.103E+03 6.803E+03 2.863E+03 8.834E+03 8.471E+03 1.472E+03 2.973E+03
1 std 3.412E+02  5.174E+02 3.682E+02 4.544E+02  2.973E+02 3.792E+02 5.382E+02  5.502E+02  2.191E+02 2.771E+02  2.252E+02
f-rank 11 6 4 1 8 7 5 10 9 2 3
G mean 1.111E-02 1.111E-02 5.454E-01 3.554E-01 1.000E+01 1.000E+01 1.002E+01 1.000E+01 1.111E-02 1.700E-01 6.023E-03
12 std 1.753E-18 1.754E-18 1.665E-01 5.733E-02 3.383E-01 3.512E-01 5.263E-01 1.092E+00 1.83E-18 5.291E-02 1.084E-01
f-rank 2 2 4 3 8 7 9 6 2 5 1
G mean 6.553E-01 6.782E-01 2.804E-01 3.774E-01 0.000E+00 0.000E+00  0.000E+00  0.000E+00 5.661E+00 2.331E-01 3.021E-02
13 std 1.564E-01 7.983E-02 6.305E-02 7.102E-02 2.562E-01 3.643E-01 6.252E-02 1.762E-01 3.271E-01 3.321E-02 3.851E-02
f-rank 9 10 7 8 2 3 4 1 11 6 5
G mean 6.202E-01 3.932E-01 4.234E-01 2.712E-01 1.000E+02 6.000E+01 0.000E+00 1.000E+01 1.401E+02 2.541E-01 2.005E-02
14 std 2.963E-01  1.551E-01  2.153E-01  5.121E-02  1.163E+01 1.223E+01 9.852E-02  1.887E+00 1.651E+01 7.261E-02  2.571E-02
forank 7 5 6 4 10 9 1 8 11 3 2
G mean 1.554E+01  1.884E+01 8.814E+00 1.061E+01  6.844E+05 2.394E+03 0.000E+00 8.000E+01 1.93E+05  9.281E+00 7.754E+00
15 std 5.493E+00 5.645E+00 1.512E+00 3.713E+00  2.855E+05 1.223E+03 1.353E+00  3.053E+01 4.102E+05 4.831E-01 1.408E+00
forank 6 7 4 5 10 9 1 8 11 3 2
w/l/t 1/14/0 0/15/0 1/14/0 2/13/0 0/15/0 0/15/0 2/13/0 1/14/0 0/15/0 8/9/0
f-rank 95 80 69 64 135 119 65 105 145 38 40
Sfw,v)eGL forall u,v)el (25) values. A value of 0 indicates unambiguous membership values, while a

P, ={(u,v): f(u,v)=a, whereae0,1,2,...L -1}

The pixels can be grouped based on their gray values, and we define
P, as the set of pixels with gray value a, where a ranges from 0 to L — 1.

To measure the uniformity of the histogram, we define § =
{s1,85,53,...,57_1 } as the uniform histogram of image I, where each s,,
= n,/(U X V') value represents the proportion of pixels with gray value
a.

L-1
(L-1),
=—, =1
=TTy ;sa

To incorporate the concept of fuzzy sets, we introduce the measure
of ultra-fuzziness. It quantifies the ambiguity in defining membership

(26)

value of 1 indicates a range of membership values. The ultra-fuzziness
for the k' level is calculated using

L-1
0=y (sa . (ﬂ,f’gh(a) - %"“’(@)) @7)
where y:igh and /4;(”“’ are the upper and lower membership functions,

respectively, and k € {1,2,3,..., PR+ 1}, PR is the segmentation level
count.

The trapezoidal fuzzy membership function y, is defined in Equation
(28), with parameters b, and d, determining the range of gray values
for each level.
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Table 6 (continued)
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Functions Error LX-BBO B-BBO RW-GWO I1SOS PBIL VNBA IMEHO CCS LX-TLA HSA-CS RGN
[63] [63] [26] [23] [25] [64] [25] [65] [21] [62]
G mean 1.082E+01 1.064E+01 1.033E+01 9.214E+01 2.000E+01 2.000E+01 2.000E+01 2.000E+01 1.321E+01 9.280E+00 1.201E+01
16 std 5.843E-01 6.252E-01 6.111E-01  7.313E-01 2.123E-01 3.666E-01  7.643E-01 1.754E-01 2.57E-01 4.831E-01 3.261E-01
f-rank 3 2 1 11 8 9 10 7 6 4 5
G mean 1.493E+06 1.274E+06 5.714E+05 1.754E+05 9.743E+06 2.534E+06 7.694E+04 1.152E+07 1.481E+05 1.651E+03  9.991E+02
17 std 9.342E+05 5.463E+05 4.103E+05 1.643E+05 2.792E+06 3.343E+06 8.383E+04 4.594E+06 4.681E+04 4.111E+02 2.123E+02
f-rank 8 7 6 5 10 9 3 11 4 2 1
G mean 2.893E+03 8.224E+02 6.524E+03 3.892E+03 6.164E+08 1.665E+08 3.303E+03 1.103E+08 4.511E+02 1.281E+02  3.851E+02
18 std 4.272E+03  1.003E+03 4.633E+02 5.153E+03 1.683E+08 1.034E+08 3.522E+03 4.664E+07 3.3381E+02 4.291E+01 1.120E+01
forank 5 4 8 7 11 10 6 9 3 1 2
G mean 5.193E+03 7.814E+03 1.144E+01 7.792E+01 1.903E+02 1.204E+02 1.054E+01 4.000E+01 1.401E+02 5.811E+00 8.012E+00
19 std 5.672E+03 4.673E+03 2.033E+00 1.784E+00 3.422E+01 3.823E+01 1.742E+00 5.931E+00 9.941E+01 1.511E+00 6.546E-01
f-rank 10 11 4 6 8 7 3 5 9 1 2
G mean 2.614E+04 1.624E+04 6.273E+02 4.983E+03 3.594E+04 1.694E+04 2.102E+02 1.033E+06 1.851E+04 4.351E+01 3.041E+01
20 std 1.575E+04 4.112E+03 1.124E+03 3.405E+03 1.773E+04 6.573E+03 8.174E+01 9.052E+05 7.231E+03 3.581E+01 6.9988E+00
f-rank 9 6 4 5 10 7 3 11 8 2 1
G mean 1.113E4+06 1.22E+06 2.582E+05 8.904E+04 2.523E+06 2.305E+06 2.724E+04 5.665E+06 3.333E+04 6.491E+02 5.351E+02
21 std 7.954E+05 7.963E+05 1.763E+05 1.074E+05 1.192E+06 1.354E+06 1.834E+04 2.734E+06 1.481E+03 2.371E4+02  1.694E+02
forank 7 8 6 5 10 9 2 11 4 3 1
G mean 1.885E+03 1.684E+02 2.085E+02 2.753E+02 1.023E+03 8.403E+02 2.104E+02 1.344E+03 6.162E+02 1.331E+02 1.775E+02
2 std 2.034E+02 2.473E+02 2.084E+02 1.452E+02 1.884E+02 1.282E+02 1.015E+02 1.885E+02 3.821E+02 8.552E+01 8.310E+01
frank 11 3 4 6 9 8 5 10 7 1 2
G mean 4.112E+02 3.434E+02 3.152E+02 3.154E+02 6.000E+02 3.904E+02 3.204E+02 3.504E+02 3.451E+02 3.155E+02  2.000E+02
23 std 6.433E+01  2.843E+01 2.773E-01 1.603E+01 6.703E+01 2.475E+01 4.783E-01 7.662E+00 2.101E+01 0.000E+00  5.742E+01
f-rank 10 6 2 3 11 9 5 8 7 4 1
G mean 1.473E4+04 3.413E+04 2.000E+02 2.000E+02 4.000E+02 2.302E+02 2.400E+02 2.204E+02 6.341E+03 2.251E4+02 2.000E+02
2 std 8.374E+03  2.352E+04 3.043E-03  1.504E-03  1.423E+01 2.533E+01 6.463E+00 2.513E+00 4.301E+03 1.681E+00 1.476E-07
f-rank 10 11 2 3 7 5 6 4 9 8 1
G mean 5.292E+02 6.534E+02 2.044E+02 2.000E+02 2.403E+02 2.103E+02 2.103E+02 2.203E+02 4.651E+02 2.004E+02 2.000E+02
z std 4.363E+01 6.011E+01 1.183E+00 8.073E-01 6.001E+00 1.074E+01 2.082E+00 4.443E+00 2.621E+01 1.040E+00 1.337E+00
f-rank 10 11 4 2 8 6 5 7 9 3 1
G mean 2.122E+00 3.645E+01 1.000E+02 1.000E+02 1.000E+02 1.000E+02 1.000E+02 1.000E+02 5.561E+00 1.000E+02  1.000E+02
26 std 3.464E+00 5.622E+01 7.364E-02  9.553E-02  2.095E-01  4.303E-01  6.000E-02  2.062E-01  8.291E+00 4.590E-02 4.484E-02
f-rank 1 3 9 8 6 7 4 5 2 11 10
G mean 1.953E+02 3.042E+02 4.093E+02 5.433E+02 1.082E+03 1.294E+03 5.802E+02 5.303E+02 2.441E+02 3.812E+02  3.093E+02
2 std 1.044E+02 1.603E+02 6.091E+00 1.364E+02 2.801E+02 3.303E+01 1.413E+02 7.922E+01 9.331E+01 4.152E+01  3.658E+01
frank 1 4 6 8 9 10 11 7 2 5 3
G mean 1.942E+03 2.124E+03 4.344E+02 9.682E+02 1.392E+03 1.683E+03 9.703E+02 1.443E+03 1.462E+03 8.271E+02  7.460E+02
2 std 1.043E+02 4.445E+02 8.453E+00 4.123E+01 1.331E+02 2.334E+02 2.442E+02 9.464E+02 3.691E+02 3.074E+02
f-rank 10 11 3 4 6 9 5 7 8 2 1
G mean 1.983E+07 3.093E+07 2.141E+02 5.704E+05 5.702E+06 7.473E+06 1.212E+03 1.202E+06 1.761E+07 9.141E4+02  7.183E+02
2 std 3.952E+06 6.912E+06 2.373E+00 2.143E+06 3.332E+06 1.202E+06 2.163E+02 7.033E+05 4.081E+06 1.531E+02 1.248E+01
f-rank 10 11 1 5 8 7 4 6 9 3 2
G mean 6.952E+06 1.384E+07 6.694E+02 2.382E+05 1.494E+05 1.892E+05 4.084E+03 7.673E+04 2.331E+06 1.951E+03 1.260E+03
30 std 1.033E+07 1.083E+07 2.143E+02 1.103E+03 5.553E+04 1.033E+05 1.443E+03 3.374E+04 1.361E+06 9.951E+02 1.380E+02
f-rank 10 11 3 8 6 7 4 5 9 2 1
w/l/t 2/13/0 0/15/0 1/14/0 0/15/0 0/15/0 0/15/0 0/15/0 0/15/0 0/15/0 04/11/0
Overall w/1/t 3/27/0 1/29/0 2/28/0 2/28/0 0/30/0 0/30/0 3/27/0 1/29/0 0/30/0 12/17/0
f-rank 115 105 63 86 127 120 76 113 98 52 34
Overall f-rank 210 185 159 150 262 239 141 218 243 90 74
Average f-rank 7.0 6.11 5.3 5.00 8.73 7.1 4.7 7.26 8.1 3.0 2.46
f-rank 7 6 4 5 11 10 3 8 9 2 1
high
0, . aﬁbk_l L—1 <(sa* (”kg (a)_MII(ouI(a)>>
oot o ca<d He=-)
s - Sday_ k
dy_1—by_, k—1 k—1 “~ Ok
u(@)y =41, di_y <a<by (28)
a—dy,
<
hedy b, <a<d,
0, a>d high I
k sq % (15" (@) = w2 (a)
#[n 29)

Note that by=d, = 0 and bpp, i =dpp, = L — 1. For the kth seg-

mentation level, the fuzzy type-II entropy, is computed using

O

10
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Table 7
Statistical results for CEC 2022 numerical test problems.

Ain Shams Engineering Journal 15 (2024) 102997

Problem RGN PSO [54] YDSE [54] LSO [27] EDO [66] FHPSO [28] KOA [29] CBOADP [30]
Mean 3.000E+02 3.000E+02 3.000E+02 3.000E+02 3.000E+02 3.000E+02 3.00E+02 3.000E+02
nt, Std 4.224E-05 2.585E-16 0.000E+00 0.000E+00 0.000E+00 2.1414E-05 1.06E-14 3.42E-01
p-rank + + + + + + -
Mean 4.001E+02 4.235E+02 4.002E+02 4.009E+02 4.022E+02 4.0265E+02 4.02E+02 4.00E+02
nt, Std 4.2289E-01 3.033E+01 3.0452E-01 2.13E+00 2.010E+00 3.5548E+00 3.39E+00 9.31E-04
p-rank - - - - - - -
Mean 6.000E+02 6.003E+02 6.000E+02 6.000E+02 6.000E+02 6.009E+02 6.00E+02 6.000E+02
nty Std 4.2387E-03 6.140E-01 7.4947E-03 0.000E+00 4.47E-01 1.0405E+00 6.33E-14 9.25E-06
p-rank - + + - + + +
Mean 8.004E+02 8.114E+02 8.0404E+02 8.107E+02 8.065E+02 8.104E+02 8.044E+02 8.08E+02
nty Std 1.126E+00 5.123E+00 2.956E+00 2.96E+00 3.30E+00 3.7841E+00 1.62E+00 1.71E+00
p-rank - - - - - - -
Mean 9.000E+02 9.001E+02 9.0000E+02 9.000E+02 9.000E+02 9.002E+02 9.000E+02 9.08E+02
nts Std 5.439E-05 1.181E-01 0.000E+00 8.29E-02 0.000E+00 3.8395E-02 2.00E-02 7.77E+00
p-rank - + - + - - -
Mean 1.723E+03 5.308E+03 1.800E+03 1.800E+03 1.800E+03 1.8619E+03 1.80E+03 2.07E+03
ntg Std 7.135E+01 2.651E+03 1.1919E-01 3.400E-01 1.130E-01 4.0632E+01 1.80E+03 1.41E+02
p-rank - + + + - -
Mean 2.000E+03 2.013E+03 2.0058E+03 2.000E+03 2.007E+03 2.0246E+03 2.000E+03 2.000E+03
nt, Std 4.836E-03 9.796E+00 5.7989E+00 5.400E-01 6.79E+00 8.2778E+00 1.100E-01 1.41E+02
p-rank - - - - - - -
Mean 2.200E+03 2.227E+03 2.203E+03 2.201E+03 2.206E+03 2.2283E+03 2.22E+03 2.201E+03
ntg Std 6.753E-02 3.930E+01 3.7917E+00 3.83E+00 3.84E+00 2.0753E+00 6.20E+00 8.27E+00
p-rank - + - - - - -
Mean 2.523E+03 2.534E+03 2.5250E+03 2.529E+03 2.520F+03 2.5294E+03 2.529F+03 2.53E+03
nty Std 3.746E+01 1.202E+01 2.3604E+01 5.680E-14 0.00E+00 5.7454E-01 0.00E+00 9.58E-02
p-rank . - - - - - -
Mean 2.490E+03 2.572E+03 2.4976E+03 2.500E+03 2.500E+03 2.5472E+03 2.500E+03 2.50E+03
ntyg std 3.162E+01 9.683E+01 1.4886E+01 6.000E-01 5.280E-02 5.4624E+01 4.000E-01 1.27E-01
p-rank - - - - - - -
Mean 2.600E+03 2.763E+03 2.6000E+03 2.825E+03 2.600E+03 2.6395E+03 2.770E+03 2.600E+03
nty Std 6.642E-03 1.178E+02 1.1942E-13 1.291E+02 0.000E+00 1.2783E+02 1.512E+02 2.07E-05
p-rank - - - + - - +
Mean 2.857E+03 2.8589E+03 2.871E+03 2.862E+03 2.860E+03 2.8687E+03 2.864E+03 2.87E+03
nty, Std 7.322E-04 5.9374E-01 1.292E+01 1.72E+00 2.090E+00 3.3069E+00 1.16E+00 1.13E+00
p-rank - - . - - - -
w/l/t NA 3/9/0 3/9/0 1/11/0 4/8/0 2/10/0 2/10/0 3/9/0
Average f-rank 2.5833 7.166 4.083 3.916 3.583 4.583 4.333 4.833
Overall f-rank 1 8 4 3 2 6 5 7
Table 8
Time complexity analysis.
Function = Dimension  Algorithm T, T, T, (T, -T)/T,
RGN 0.009406  0.397424  0.359343  5.36343
GWO 0.009406  0.15125 0.126076  2.676377
CEC2019 1 9 KOA 0.009406  0.308005  0.236723  7.57838
INFO [67] 0.009406  0.360435  0.311656  5.185988
NMRA [9] 0.009406 0.114592 0.068748 4.873953

where H, represents the entropy for that level. The total entropy, H, is
the sum of entropies for all levels, as given by

PR+1
H(by,dy,....b,,d,) = ) Hy (30)
k=1
To maximize the fuzzy parameters, we aim to maximize the total
entropy. The optimal fuzzy parameter set (b,,d,...,b,,d,)* maximizes
H. Finally, the threshold value for the nth level is calculated using

Th,=0.5x (b, +d,) (31)

where T'h,, is the threshold value and n ranges from 1 to PR, represent-
ing the threshold numbers for multilevel segmentation. This approach

utilizes Type-II fuzzy sets combined with entropy-based algorithms to
perform multilevel thresholding of images. The resulting threshold val-
ues can be used for accurate image segmentation.

Results and discussion

The MLT approach using RGN is evaluated for image segmentation.
The performance of the proposed approach is checked with various al-
gorithms such as PSO, DE, PFA, HPFPPA-D [1] and MHA. To assess its
effectiveness, the experiments are conducted using ten benchmark im-
age sets that exhibit different histogram distributions and complexities
[68]. The evaluation is performed based on 30 independent runs to ac-
count for stochastic variations. The dimension size is defined as twice
the total number of thresholds in the multilevel thresholding process.

11
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Table 9

The optimum threshold values obtained using various algorithms for different threshold levels.

Im PR RGN MHA HPFPPA-D PSO PFA DE
3 35139232 2699 228 3366137 34144 235 35104193 35100185

41004 5 37 95163 209 232 5384134166 247 34100135174 233 3678114181 235 35100136 174 232 3978115158 209
7 3977115152182 211 233 186298 124 157 202 237 4184115146 178 210 233 2046 7191135178217 4378112143176 211 234 4286101133 155187 234
3 44114197 35117 195 47113198 74138199 49116 199 57106 181

176035 5 47 93 140 187 221 36 73114142211 5193139184220 3673136 187 222 5496 141 187 221 5193137 185 222
7 44 88115141 169 196 225 205181117 183 206 215 4990117 145170195 224 4078114136 171 207 231 4380105132163 192 224 4779106 133 157 184 219
3 64137 201 14116 236 68134195 68 136 196 70138197 67 138199

225017 5 234596146 201 2573154 201 229 2176128162 216 2575108 142 213 2176137 166 211 2778131169 215
7 224478111 145183 221 183790115127 184 218 224478112147 182219 2084129146 165192 233 214381118153 190223 214179115139 163 204
3 83164217 34100142 84164 217 84161 214 84164 217 85165 216

241004 5 35101136159 217 2081135167 225 47102158 183 218 4382111155216 50105162195 225 44100144166 218
7 3472102128160 196 226 8264279132173196 44 68 98 127 156 186 219 467591 113 157 197 227 4397 143170199 216 232 5080109138163 189 220
3 66131193 99116 218 76132194 77 157 217 74128192 76133194

385028 5 4998137 175 215 3995137169 219 5693133173 214 56119165198 231 5490119156 210 5998136 175 215
7 4487113139166 193 224 61 84117135162 202226 5488114139167 196 226 4266 99139172 203 231 5386112137 166 193 225 5386112133160 188 222
3 5397176 92149 206 5297175 51128 205 46121 204 5195170

388016 5 5194140186 221 64114 155 204 246 4991133176 214 4197 120 159 217 4991138182217 5090135182215
7 48 88118 147 172196 226 2047 99 126 146 200 217 47 87 116 147 173 196 224 4895117 139168 190 221 47 88113 142170193 224 4381110141170193 222
3 4297 181 35169 204 4197 175 3696 180 4197 175 4098174

2092 5 295892126191 43 66 122 212 248 316194127181 306292119181 326392121174 306296127175
7 306094 127 156 185 220 347079110159 191 227 2447 6588112132185 3671105144172194 217 255267 85112137 189 21467296115136 174
3 59106181 97172215 58105180 57 145 220 96 183 219 57102178

14037 5 59107 148 188 222 1952128181 213 60109148 187 221 56 105 156 202 229 56 104 148 189 223 5599144 188 222
7 4477104130161 192 224 30127 141152181 198 223 4375103131161 190 223 5298133165 187 208 232 386999126 161 192 224 4370103 135165192 224
3 40 65 140 46 183199 4079148 4079149 4079147 4079147

55067 5 396499134171 306383118164 386399135170 3984119159 203 3763100137 172 386298135173
7 396381110137 165 200 53374125169 187 237 406382112139 167 200 365577113161 191 206 4061 81112139170 205 375982107 146 180 200
3 82143199 126177 210 78139197 65130197 80142199 80139197

169012 5 55100141181 218 15195980143 55100 137 180 220 5187122165 216 5298136177 218 50103 143 187 222
7 4178111139169 198 227 6235774119174 219 4074105137 165197 229 4390114128162 190 223 4174100132168 197 227 4074103129160 195 226
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Table 10
Mean of the objective function values obtained using various algorithms.
Im PR RGN MHA HPFPPA-D PSO PFA DE
3 17.3866 17.3865 17.3863 17.2156 17.2782 17.2791
41004 5 24.2118 24.2118 24.2115 23.9600 24.1390 24.0352
7 31.1428 31.1428 31.1426 29.4424  30.9325 29.9948
3 17.7603 17.7602 17.7601 17.5834 17.7495 17.7489
176035 5  25.2172 252171 25.2168 24.4512 251378 25.1447
7 31.3428 31.3428 31.3426 30.5019 31.1211 30.8947
3 18.0953 18.0952 18.0951 18.0792 18.0926 18.0747
225017 5 24.8891 24.8891 24.8890 24.5326  24.8027 24.6752
7 31.7469 31.7469 31.7468 30.5922 31.5669 31.1628
3 17.8439 17.8438 17.8439 17.3242 17.8300 17.8167
241004 5 24.3559 24.3558  24.3560 23.1237 24.1762 24.0404
7 30.5444 30.5441 30.5444 29.6791  29.5852  30.0270
3 18.4241 18.4241 18.4240 18.1789 18.4032 18.4061
385028 5 25.0346  25.0347 25.0345 24.6457 24.9557 24.9560
7  31.3952 31.3952 31.3952 30.5094 31.1828 30.9945
3 17.7145 17.7145 17.7143 17.3642 17.5825 17.6860
388016 5 25.0006 25.0008 25.0004 23.5646 24.9431 24.8289
7 31.1422 31.1422 31.1422 30.5295 30.8938  30.5589
3 17.2422 17.2423 17.2419 17.0647 17.2309 17.2207
2092 5 240935 24.0937 24.0933 23.8854 23.9760 23.8218
7 29.5949  29.5949  29.5849 28.2241  29.3500 29.1886
3 18.0705 18.0705 18.0702 17.6458 17.8294 18.0524
14037 5 25.4904 25.4904 25.4897 24.9791 25.3580 25.2849
7 315336 31.5337 31.5335 30.9586 31.2953 31.1121
3 16.8167 16.8168 16.8165 16.6824 16.7545 16.7693
55067 5 23.0715 23.0714 23.0715 22.1780 22.9317 22.8726
7 28.3676 28.3676 28.3676 27.6598 28.1647 28.0640
3 18.3465 18.3466 18.3464 18.2438 18.3321 18.3382
169012 5 251464 25.1464 25.1463 24.9975 251118 25.1026
7 31.4109 31.4109 31.4109 31.0277 31.2431 31.2794

To evaluate the RGN-based segmentation approach using TII-FE for
thresholding, three criteria are employed to assess the quality of the
segmentation outcomes. These criteria are peak signal-to-noise ratio
(PSNR), structural similitude index (SSIM), and mean squared error
(MSE). PSNR measures the similarity between the segmented image and
the original image by considering the mean squared error (MSE) of each
pixel [69]. Higher PSNR values indicate a better resemblance between
the segmented and original images. SSIM is used to compare the struc-
tural characteristics of the segmented image, where a higher SSIM value
signifies better preservation of the original image’s structures.

Table 9 showcases the best thresholds generated by RGN for different
thresholds on the benchmark images. The best results obtained by other
comparative algorithms (PSO, DE, PFA, HPFPPA-D and MHA) are also
included for comparison purposes in Table 9. The type II fuzzy entropy
values obtained are given in Table 10, the proposed RGN attain better
solutions with higher fitness values outperforms competitive algorithms.

The graphical representation of the RGN-based MLT results is shown
in Fig. 1, which includes the segmented images, histograms, and thresh-
old locations. As the threshold count increases, the output shows en-
hancement in the resulting images. Additionally, the convergence curves
for the benchmark image set are depicted in Fig. 1, indicating that the
RGN approach achieves faster convergence in most cases.

Table 11 presents the quality metric values that confirms the seg-
mented images attained using RGN and TII-FE outperform other ap-
proaches. The RGN approach demonstrates superior performance in
terms of MSE, PSNR, and SSIM metrics, indicating that the threshold im-
ages produced by this method have less noise and effectively retain the
structures reflecting the objects in the image. Overall, the results and
analysis confirm the effectiveness of the RGN-based segmentation ap-
proach using TII-FE in generating high-quality segmented images com-
pared to other related methods.
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4. Discussion

This section provides a detailed summary of the presented results,
with drawbacks and future insightful implications. The details are pre-
sented as

4.1. Summary of results

+ A new algorithm namely RGN, based on the added properties of
GWO-CS, RPO and NMRA is proposed. The added properties are
mainly to enhance the exploration and exploitation properties of
both the algorithms.

+ The algorithms parameters are adapted by using six mo’s namely
sig mo, sa mo, log mo, osc mo, chaos mo and exp mo. And sensitivity
analysis shows that for the parameters: 4, exp mo provides the best
results; for R, chaos mo is the best; and for /og mo provides the
best set of results. Thus making the algorithm self-adaptive and self-
reliant in application.

« The proposed algorithm is tested on CEC 2005, CEC 2014 and CEC
2022 benchmark problems for performance evaluation, and it has
been found that the RGN algorithm performs better with respect to
SaDE, SHADE, LSHADE-SPACMA, GWO-E, CMA-ES, LX-BBO, LX-
TLA, CCS, IMEHO, PBIL, VNBA, RW-GWO, ISOS, NL-SHADE-LBC,
S-LSHADE-DP, EA4eig, NL-SHADE-RSP-MID, KOA among others.

« The statistical ranksum and p-rank tests further prove the signifi-
cance of the proposed algorithm, and it has been found that RGN
scores the first rank among all other algorithms under comparison.

« For analysing the performance of the proposed RGN on real-world
problems, we utilized multi-level image thresholding with type II
Fuzzy sets. The results are presented in terms of MSE, PSNR, and
SSIM, and we find that RGN is better with respect to MHA, HPFPPA-
D, PSO, PFA and DE. Note that MHA, and HPFPPA-D are two re-
cently introduced hybrid algorithms and a comparison with these
prove the significance of the proposed algorithm for real-world op-
timization problems.

4.2. Drawbacks

While the proposed RGN algorithm has demonstrated highly reli-
able results, there is room for improvement in achieving a better
balance between exploration and exploitation. The algorithm may
currently favour exploitation through the worker phase, potentially
limiting its ability to explore new regions of the search space ef-
fectively. Enhancements to the breeder phase and the addition of
more sophisticated exploitation operations could address this issue
and further improve the algorithm’s performance.

Although the RGN algorithm has shown improvements in its stag-
nation phase, determining the appropriate conditions for triggering
this phase remains critical. A more in-depth analysis is needed to
better understand the activation of the stagnation phase. The al-
gorithm should be carefully designed to avoid getting stuck in this
phase, as it may limit its ability to explore and exploit the search
space effectively, potentially leading to a lack of internal capabili-
ties in the basic structure.

RGN currently lacks a proper balanced exploration and exploita-
tion phase, as evidenced by suboptimal convergence patterns. More
extensive research and development are required to incorporate
a well-balanced approach. Rigorous studies should be conducted
to improve the algorithm’s exploration capabilities, which would
likely lead to more effective and efficient convergence patterns.
Addressing this aspect would be essential to enhance the overall
performance and effectiveness of the RGN algorithm.

4.3. Insightful implications

Despite the mentioned disadvantages, the RGN algorithm has
demonstrated its potential to serve as a foundational algorithm for
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Fig. 1. Test segmented images with corresponding convergence graph and histogram obtained using RGN for PR = 7 levels.
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Fig. 1. (continued)

various domain research problems. Its simple structure, ease of im-
plementation, and self-adaptive nature make it a suitable choice for
different optimization tasks.

To make the algorithm more versatile and effective for real-world
optimization problems, it is essential to achieve a proper bal-
ance between exploration and exploitation. Incorporating a well-
balanced approach can enhance its performance and applicability
across different domains.

Moreover, expanding the algorithm to support binary and multi-
objective optimization can open up new avenues of research. By
applying it to linear antenna arrays, electroencephalogram, and
other domains, the algorithm’s potential can be further explored.
To ensure its reliability and efficiency, deeper analyses of stability,
convergence properties, and empirical studies are essential. These
investigations can provide insights into how well the algorithm per-
forms under different scenarios and help refine its behaviour.
Additionally, theoretical studies can be conducted to gain a bet-
ter understanding of the underlying mechanisms and principles of
the proposed RGN algorithm. This theoretical foundation can offer
valuable insights into its working and potential improvements.
Overall, with further research and enhancements, the RGN algo-
rithm has the potential to become a valuable tool in various do-
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mains, providing efficient and reliable solutions to
mization problems

complex opti-

5. Conclusion

This paper presents a hybrid RGH algorithm based on the added
properties of RPO, GWO and NMRA. The proposed algorithm uses a
combination of equations, formulated using iterative division and adap-
tive mo’s for performance enhancement. We are using a combination
of six mo’s and sensitivity analysis shows that exp mo, chaos mo, and
log mo is the best combination for parameter adjustments. An analysis
of the proposed algorithm with respect to SaDE, CMA-ES, LSHADE-
SPACMA, GWO-E, SHADE, and EO for CEC 2005 shows that the pro-
posed RGN scores the first rank. For CEC 2014, comparison with B-BBO,
LX-BBO, LX-TLA, RW-GWO, PBIL, ISOS, VNBA, CCS, and IMEHO, fur-
ther proves the significance of the proposed algorithm for this bench-
mark dataset also. Again for CEC 2022, NL-SHADE-LBC, NL-SHADE-
RSP-MID, S-LSHADE-DP, EA4eig, KOA, DE and PSO, shows that RGN
is superior for this dataset also. Note that performance evaluation is
done using wilcoxon’s ranksum test and Freidmann test, and it proves
the significance of the proposed algorithm statistically. Further, this
paper introduces a novel MLT method based on type II fuzzy entropy
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Table 11
The comparison of quality matrices obtained by various algorithms.
Im PR Matric RGN MHA HPFPPA-D PSO PFA DE
MSE 3.52E+02 3.54E+02 3.56E+02 4.06E+02 3.83E+02 3.63E+02
3 PSNR 2.28E+01 2.28E+01 2.26E+01 2.20E+01 2.23E4+01 2.25E+01
SSIM 8.76E-01 8.75E-01 8.76E-01 8.70E-01 8.73E-01 8.74E-01
41004 MSE 1.30E+02 1.36E+02 1.38E+02 1.28E+02 1.74E+02 1.30E+02
5 PSNR 2.71E+02 2.71E+02 2.70E+01 2.57E+01 2.70E+01 2.48E+01
SSIM 9.22E-01 9.21E-01 9.21E-01 9.07E-01 9.12E-01 8.84E-01
MSE 8.62E+01 8.69E+01 8.71E+01 1.02E+02 1.05E+02 8.19E+01
7 PSNR 2.91E+01 2.94E+01 2.87E+01 2.79E+01 2.86E+01 2.80E+01
SSIM 9.23E-01 9.23E-01 9.22E-01 9.15E-01 9.22E-01 9.22E-01
MSE 3.08E+02 3.06E+02 3.09E+02 3.64E+02 3.68E+02 3.94E+02
3 PSNR 2.38E+01 2.39E+01 2.35E+01 2.32E+01 2.26E+01 2.25E+01
SSIM 8.51E-01 8.49E-01 8.53E-01 8.45E-01 8.34E-01 8.29E-01
176035 MSE 1.28E+02 1.28E+02 1.30E+02 1.69E+02 1.32E+02 1.30E+02
5 PSNR 2.74E+01 2.73E+01 2.70E+01 2.59E+01 2.69E+01 2.70E+01
SSIM 8.73E-01 8.71E-01 8.71E-01 8.57E-01 8.70E-01 8.71E-01
MSE 8.02E+01 8.02E+01 8.04E+01 8.25E+01 1.00E+02 8.16E+01
7 PSNR 2.90E+01 2.91E+01 2.91E+01 2.81E+01 2.90E+01 2.90E+01
SSIM 8.96E-01 8.98E-01 8.98E-01 8.84E-01 8.95E-01 8.94E-01
MSE 3.30E+02 3.29E+02 3.31E+02 3.19E+02 3.27E+02 3.41E+02
3 PSNR 2.31E+01 2.31E+01 2.31E+01 2.30E+01 2.28E+01 2.27E+01
SSIM 8.47E-01 8.45E-01 8.48E-01 8.45E-01 8.39E-01 8.36E-01
295017 MSE 1.39E+02 1.41E+02 1.43E+02 1.59E+02 1.71E+02 1.49E+02
5 PSNR 2.68E+01 2.68E+01 2.66E+01 2.58E+01 2.64E+01 2.61E+01
SSIM 9.02E-01 9.01E-01 9.01E-01 8.91E-01 9.00E-01 8.97E-01
MSE 8.86E+01 8.86E+01 8.89E+01 9.53E+01 1.09E+02 8.94E+01
7 PSNR 2.86E+01 2.86E+01 2.86E+01 2.78E+01 2.86E+01 2.83E+01
SSIM 9.24E-01 9.23E-01 9.22E-01 9.16E-01 9.22E-01 9.21E-01
MSE 2.13E+02 2.13E+02 2.15E+02 2.18E+02 2.18E+02 2.19E+02
3 PSNR 2.49E+01 2.49E+02 2.47E+01 2.48E+01 2.48E+01 2.48E+01
SSIM 8.97E-01 8.97E-01 8.97E-01 8.97E-01 8.96E-01 8.96E-01
241004 MSE 1.37E+02 1.38E+02 1.40E+02 1.78E+02 1.88E+02 1.95E+02
5 PSNR 2.64E+01 2.62E+01 2.54E+01 2.67E+01 2.57E+01 2.56E+01
SSIM 8.90E-01 8.91E-01 8.91E-01 8.71E-01 8.87E-01 8.83E-01
MSE 7.78E+01 7.76E+01 7.79E+01 1.01E+02 8.68E+01 9.55E+01
7 PSNR 2.98E+01 2.98E+01 2.92E+01 2.83E+01 2.81E+01 2.87E+01
SSIM 9.30E-01 9.29E-01 9.30E-01 9.20E-01 9.15E-01 9.21E-01
MSE 3.18E+02 3.18E+02 3.19E+02 3.29E+02 3.28E+02 3.32E+02
3 PSNR 2.43E+01 2.44E+01 2.40E+01 2.31E+01 2.30E+01 2.31E+01
SSIM 7.85E-01 7.84E-01 7.86E-01 7.82E-01 7.67E-01 7.69E-01
385028 MSE 1.26E+02 1.24E+02 1.26E+02 1.76E+4+02 1.41E+02 1.38E+02
5 PSNR 2.69E+01 2.71E+01 2.71E+01 2.57E+01 2.66E+01 2.67E+01
SSIM 8.67E-01 8.69E-01 8.68E-01 8.44E-01 8.46E-01 8.48E-01
MSE 7.14E+01 7.13E+01 7.15E+01 7.27E+01 7.57E+01 7.25E+01
7 PSNR 2.98E+01 3.00E+01 2.96E+01 2.93E+01 2.95E+01 2.95E+01
SSIM 9.04E-01 9.05E-01 9.07E-01 9.02E-01 9.06E-01 9.03E-01

(TII-FE) and RGN. The proposed approach is evaluated on benchmark
images and compared to other algorithms in terms of accuracy, con-
vergence, and the quality of segmented images. Quality metrics such as
MSE, PSNR, and SSIM are used for evaluation. The results show that
the RGN-based thresholding approach using TII-FE is effective in image
thresholding tasks, outperforming other methods.

For future, the proposed algorithm can be used for solving various
other domain research problems including medical imaging, wireless
sensor networks, antenna array designs, parametric estimation of fuel
cells, photovoltaic systems and others. The algorithm can be enhanced
further by analysing which parameter is best for exploration, and which
one provides more reliable results for exploitation. Another important
aspect to deal with is the parameter dependence, where the current al-
gorithm parameters are self-adaptive, so we don’t have to define these
parameters over subsequent generations. Prospective researchers can
define new mo's for their application and can see how the algorithm
behaves. Overall, RGN is found to be highly reliable and can be consid-
ered as a potential candidate for optimization research.
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Im PR Matric RGN MHA HPFPPA-D PSO PFA DE
MSE 3.50E+02 3.50E+01 3.54E+02 5.32E+02 3.76E+02 5.49E+02
3 PSNR 2.24E+01 2.21E+01 2.09E+01 2.26E+01 2.24E+01 2.26E+01
SSIM 7.49E-01 7.51E-01 7.44E-01 7.39E-01 7.33E-01 7.38E-01
388016 MSE 1.41E+02 1.41E+01 1.46E+02 1.51E+02 1.53E+02 2.13E+02
5 PSNR 2.68E+01 2.68E+01 2.66E+01 2.65E+01 2.64E+01 2.63E+01
SSIM 8.29E-01 8.29E-01 8.29E-01 8.25E-01 8.21E-01 8.20E-01
MSE 8.01E+01 8.02E+02 8.04E+01 8.25E+01 8.35E+01 8.19E+01
7 PSNR 2.91E+01 2.92E+01 2.91E+01 2.89E+01 2.90E+01 2.90E+01
SSIM 8.78E-01 8.79E-01 8.82E-01 8.72E-01 8.78E-01 8.77E-01
MSE 3.00E+02 3.01E+02 3.06E+02 3.10E+02 3.15E+02 3.48E+02
3 PSNR 2.32E+01 2.34E+01 2.31E+01 2.33E+01 2.32E+01 2.32E+01
SSIM 8.83E-01 8.83E-01 8.82E-01 8.82E-01 8.82E-01 8.82E-01
2002 MSE 1.27E+02 1.25E+02 1.32E+02 1.51E+02 1.48E+02 1.55E+02
5 PSNR 2.71E+01 2.71E+01 2.69E+01 2.64E+01 2.62E+01 2.63E+01
SSIM 9.22E-01 9.22E-01 9.22E-01 9.22E-01 9.17E-01 9.20E-01
MSE 6.63E+01 6.58E+01 7.00E+01 8.19E+01 8.37E+01 7.03E+01
7 PSNR 2.97E+01 2.96E+01 2.97E+01 2.89E+01 2.97E+01 2.90E+01
SSIM 9.51E-01 9.49E-01 9.52E-01 9.28E-01 9.51E-01 9.46E-01
MSE 3.11E+02 3.10E+01 3.13E+02 3.58E+02 3.51E+02 9.28E+02
3 PSNR 2.37E+01 2.38E+01 2.36E+01 2.32E+01 2.27E+01 2.27E+01
SSIM 8.11E-01 8.09E-01 8.11E-01 8.03E-01 7.92E-01 7.99E-01
14037 MSE 2.11E+02 2.10E+01 2.12E+02 2.23E+02 2.32E+02 2.20E+02
5 PSNR 2.53E+01 2.56E+01 2.49E+01 2.45E+01 2.47E+01 2.47E+01
SSIM 8.37E-01 8.36E-01 8.38E-01 8.09E-01 8.21E-01 8.13E-01
MSE 7.28E+01 7.26E+01 7.31E+01 8.78E+01 9.31E+01 8.33E+01
7 PSNR 2.95E+01 2.94E+01 2.95E+01 2.84E+01 2.89E+01 2.87E+01
SSIM 8.98E-01 8.94E-01 8.97E-01 8.75E-01 8.86E-01 8.77E-01
MSE 3.77E+02 3.75E+01 3.76E+02 3.87E+02 3.84E+02 3.84E+02
3 PSNR 2.26E+01 2.26E+01 2.24E+01 2.23E+01 2.23E+01 2.23E+01
SSIM 9.46E-01 9.47E-01 9.44E-01 9.41E-01 9.42E-01 9.44E-01
55067 MSE 8.81E+01 8.83E+01 8.88E+01 1.10E+02 1.10E+02 1.08E+02
5 PSNR 2.87E+01 2.88E+01 2.86E+01 2.77E+01 2.78E+01 2.77E+01
SSIM 9.62E-01 9.59E-01 9.63E-01 9.52E-01 9.60E-01 9.60E-01
MSE 4.23E+01 4.24E+02 4.26E+01 4.66E+01 5.30E+01 4.53E+01
7 PSNR 3.21E+01 3.20E+01 3.18E+01 3.09E+01 3.16E+01 3.14E+01
SSIM 9.67E-01 9.67E-01 9.67E-01 9.59E-01 9.61E-01 9.60E-01
MSE 2.70E+02 2.67E+02 2.72E+02 3.01E+02 2.79E+02 2.75E+02
3 PSNR 2.42E+01 2.44E+01 2.38E+01 2.33E+01 2.37E+01 2.37E+01
SSIM 8.06E-01 8.05E-01 8.05E-01 7.83E-01 8.03E-01 8.05E-01
169012 MSE 1.45E+02 1.46E+02 1.47E4+02 1.65E+02 1.65E+02 1.53E+02
5 PSNR 2.64E+01 2.63E+01 2.64E+01 2.60E+01 2.63E+01 2.60E+01
SSIM 8.51E-01 8.51E-01 8.47E-01 8.41E-01 8.43E-01 8.41E-01
MSE 8.42E+01 8.42E+01 8.45E+01 1.02E+02 8.58E+01 8.57E+01
7 PSNR 2.89E+01 2.88E+01 2.89E+01 2.80E+01 2.88E+01 2.88E+01
SSIM 8.93E-01 8.92E-01 8.91E-01 8.81E-01 8.90E-01 8.91E-01
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