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Abstract

Equilibrium optimizer (EO) is a novel metaheuristic algorithm that exhibits superior per-
formance in solving global optimization problems, but it may encounter drawbacks such
as imbalance between exploration and exploitation capabilities, and tendency to fall into
local optimization in tricky multimodal problems. In order to address these problems,
this study proposes a novel ensemble algorithm called hybrid moth equilibrium optimizer
(HMEO), leveraging both the moth flame optimization (MFO) and EO. The proposed ap-
proach first integrates the exploitation potential of EO and then introduces the exploration
capability of MFO to help enhance global search, local fine-tuning, and an appropriate
balance during the search process. To verify the performance of the proposed hybrid al-
gorithm, the suggested HMEO is applied on 29 test functions of the CEC 2017 benchmark
test suite. The test results of the developed method are compared with several well-known
metaheuristics, including the basic EO, the basic MFO, and some popular EO and MFO
variants. Friedman rank test is employed to measure the performance of the newly pro-
posed algorithm statistically. Moreover, the introduced method has been applied to ad-
dress the mobile robot path planning (MRPP) problem to investigate its problem-solving
ability of real-world problems. The experimental results show that the reported HMEO
algorithm is superior to the comparative approaches.
Keywords: hybrid algorithm, equilibrium optimizer, moth flame optimization algorithm,
metaheuristics, benchmark functions, mobile robot path planning
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1 Introduction

The optimization process is central to address-
ing numerous complex problems in applied mathe-
matics and engineering sciences. Optimization in-
volves identifying the best feasible solution from a
given set of alternatives while considering the prob-
lem’s constraints and objectives [1, 88]. It encom-
passes various objectives such as maximizing prof-
its or quality and minimizing time, cost, or risk.
Many engineering problems inherently require op-
timization techniques. However, finding precise so-
lutions within a reasonable time frame can be chal-
lenging [2, 89].

Conventional optimization methods often face
limitations such as sensitivity to initialization esti-
mates and a tendency to converge on local optima.
Furthermore, as the dimensions of the optimization
problem increase, classical methods struggle to find
the global optimum solution. This limitation arises
due to the exponential growth of the search space
[3, 4]. To overcome these challenges, metaheuris-
tic algorithms have emerged as effective approaches
for solving such problems. Metaheuristics offer
robust and versatile optimization frameworks that
can tackle complex real-world optimization prob-
lems by leveraging heuristics inspired by natural
phenomena or problem characteristics. Therefore,
metaheuristic algorithms have gained widespread
popularity as they are able to find acceptable solu-
tions with relatively fewer computational costs [5].

Based on their source of inspiration, meta-
heuristic algorithms can be categorized into four
main groups: evolution-based, swarm intelligence-
based, human-based, and physics-based. Evolu-
tionary algorithms mimic the principles of biolog-
ical evolution [6, 7], and these algorithms usually
use operators inspired by natural evolutionary pro-
cesses. One notable algorithm in this category is
the genetic algorithm (GA) [8], which draws in-
spiration from Darwin’s theory of evolution. GA
utilizes operators such as crossover and mutation,
which are based on biological behaviors, to modify
the initial population. Building upon the success of
GA, several other evolution-based algorithms have
been introduced, including evolution strategy (EA)
[9], differential evolution (DE) [10], and evolution-
ary programming (EP) [11].

Swarm intelligence represents another class of
metaheuristic algorithms that simulate the collec-
tive behavior of animals in groups, such as hunt-
ing or migrating, to solve optimization problems.
The key characteristic of these algorithms is the in-
teraction of information among individuals during
the optimization process, enabling the search for
the optimal solution [12]. One prominent exam-
ple in this group is the particle swarm optimization
(PSO) [13], which mimics the behavior of birds fly-
ing in flocks searching for food. The core mecha-
nism of PSO involves particles updating their flight
speeds based on their historical best positions and
the group’s best position, allowing them to explore
promising areas within the search space. Other no-
table algorithms in this category include the firefly
algorithm (FA) [14, 15], artificial bee colony (ABC)
[16], ant colony optimization (ACO) [17], grey
wolf optimizer (GWO) [18], salp swarm algorithm
(SSA) [19], spotted hyena optimizer (SHO) [20],
seagull optimization algorithm (SOA) [21], harris
hawks optimization (HHO) [22], moth flame opti-
mization (MFO) [23], marine predators algorithm
(MPA) [24], naked mole-rat algorithm (NMRA)
[25], slime mould algorithm (SMA) [26], colony
predation algorithm (CPA) [27], and monarch but-
terfly optimization (MBO) [28], among others.

The family of human-based metaheuristic algo-
rithms draws inspiration from human collaborative
behavior and group interaction. These algorithms
aim to implement optimization processes by emu-
lating the dynamics of human interaction [29]. One
example is the teaching-learning-based optimiza-
tion (TLBO) [30], which is inspired by the peda-
gogical relationship between teachers and students.
The TLBO algorithm consists of two phases: the
teacher phase, where the teacher imparts knowl-
edge to the learners, and the student phase, where
learners exchange information with each other to
make progress. Other instances of human-based
algorithms include the imperialist competitive al-
gorithm (ICA) [31], socio evolution learning opti-
mization algorithm (SELOA) [32], hunger games
search (HGS) [33], and poor and rich optimization
(RPO) [34].

The final category of metaheuristic techniques
is physics-based algorithms, which draw inspiration
from the principles of physics. These algorithms
often model physical processes and derive corre-
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sponding mathematical models to describe the in-
teractions among search agents [35]. One widely
known algorithm in this group is the simulated an-
nealing (SA) [36], which emulates the annealing
process in solids and is a probability-based stochas-
tic optimization technique. Another example is the
big bang-big crunch (BBBC) [37], which simulates
the theories of the evolution of the universe. The
gravity search algorithm (GSA) [38] is another pop-
ular algorithm inspired by the interplay between
gravity and mass. It employs the laws of gravity
to update the search agents’ positions in order to
discover the optimal solution. Additionally, there
are several other well-regarded physics-based algo-
rithms, including but not limited to the multi-verse
optimizer (MVO) [39], galaxy-based search algo-
rithm (GbSA) [40], special relativity search (SRS)
[41], artificial electric field algorithm (AEFA) [42],
rime optimization algorithm (RIME) [43], and equi-
librium optimizer (EO) [44].

Moreover, a segment of algorithms finds its in-
spiration in the realm of art. These algorithms
draw inspiration from the artistic creativity exhib-
ited by professionals such as architects, painters,
and musicians, utilizing the unique behaviors man-
ifested in the creative process. Despite the lim-
ited scope of application for art-inspired algorithms,
they have demonstrated significant success in the
field of global optimization. Notably, the harmony
search (HS) algorithm [45] serves as a typical ex-
ample, reflecting the spontaneous and improvisa-
tional nature of musicians striving for perfect har-
monic states in musical note composition. Since its
inception, HS has attracted researchers from var-
ious disciplines, giving rise to several other art-
inspired algorithms. Examples include the stochas-
tic paint optimizer (SPO) [46], color harmony al-
gorithm (CHA) [47], and interior search algorithm
(ISA) [48]. SPO derives its inspiration from the cre-
ative strategies employed by artists in painting, in-
corporating principles of color theory, color wheels,
and techniques for combining colors. CHA outlines
its search dynamics by blending harmonious col-
ors, grounded in their relative positions along the
hue circle within the Munsell color system and con-
forming to consonant templates. Influenced by inte-
rior design and decoration, ISA has designed a dis-
tinctive search framework with the ability to iden-
tify global optima.

All the aforementioned metaheuristic algo-
rithms aim to find the global optimum from all pos-
sible inputs [49]. Collaboration between search
strategies plays a crucial role in these algorithms.
Specifically, exploitation and exploration are two
key characteristics of metaheuristic techniques. Ex-
ploration involves the ability to discover unexplored
regions, while development is the capability to fine-
tune the search space with potential [50]. However,
these two aspects conflict with each other, enhanc-
ing one aspect’s capability exacerbates the weak-
ness of the other. This implies that maintaining an
optimal balance between development and explo-
ration to achieve the best algorithmic performance
is challenging. Intensive exploration and limited
exploitation often result in the algorithm’s inability
to reach the target region. On the other hand, strong
exploitation and weak exploration lead to getting
stuck in local optima. Researchers often combine
one algorithm with other optimization algorithms
or those with complementary characteristics to en-
hance the search capabilities of the original algo-
rithm.

The collaboration pattern and level between in-
dividual search agents helps to improve the algo-
rithm performance. EO, proposed by A. Faramarzi
et al., is a physics-based metaheuristic algorithm.
In comparison to algorithms such as PSO, GWO,
and SSA, EO exhibits superior search performance.
Additionally, EO has become one of the most pop-
ular metaheuristic techniques due to its simplic-
ity and user-friendly structure [51]. It has been
successfully applied to various engineering opti-
mization problems, including solar photovoltaic pa-
rameter extraction and distributed power allocation.
Despite its significant success, EO has drawbacks
such as local optimum convergence and poor ex-
ploration capability. To address these issues, re-
searchers have proposed different versions of EO
variants. In [52], a tangent search mechanism and
symbiotic phase were introduced to EO to elim-
inate stagnation in local optimal solutions on the
basic EO search space. Test results on 34 multidi-
mensional optimization functions and 14 real-world
constrained engineering problems confirmed the ef-
fectiveness of the EO variants. In [53], chaos theory
was employed to enhance algorithm performance,
and the developed algorithm was tested on bench-
mark suites and feature selection problems. Ex-
perimental results indicated that the Chaos EO al-
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gorithm outperformed its competitors. In [54], a
quasi-oppositional learning mechanism and chaotic
mapping were injected into basic EO to improve
algorithm scalability while reducing local stagna-
tion. The proposed EO variant was tested on 96
benchmark functions and 6 engineering optimiza-
tion problems, comparing favorably against various
advanced metaheuristic techniques. Finally, in [55],
adaptive mechanisms, Cauchy perturbation, and co-
sine search strategies were introduced into EO to
enhance the overall search capabilities of the algo-
rithm. Testing on 15 classic test functions and the
CEC 2017 benchmark test set demonstrated that the
algorithm outperformed the comparison algorithms.

On the other hand, MFO is a widely embraced
swarm-based global optimization algorithm that ex-
hibits substantial exploration capability. However,
due to the nature of its operators, the algorithm’s
exploitation ability is insufficient, thereby impact-
ing solution accuracy. To address this limitation,
researchers have proposed numerous novel variants
of MFO. In [56], a generalized opposition-based
MFO with a crossover operation was introduced to
overcome the deficiency in the basic MFO’s devel-
opment capability. The generalized opposition op-
eration is responsible for enhancing population di-
versity and expanding the search space, while the
crossover mechanism is employed to improve the
algorithm’s ability to fine-tune established regions.
The proposed algorithm was tested using the CEC
2017 benchmark test suite and a multi-threshold
image segmentation problem. Experimental re-
sults demonstrated that the method outperformed
the basic MFO algorithm in terms of convergence
speed and solution accuracy. In [57], an enhanced
MFO algorithm, termed MFO-SFR, was developed.
MFO-SFR introduces a stagnation search and re-
place strategy to enrich population diversity and
consequently enhance the algorithm’s search capa-
bility. Performance testing of the MFO-SFR algo-
rithm was conducted using the CEC 2018 and CEC
2020 benchmark test suites, with results indicating
its superiority over advanced MFO variants in solv-
ing global optimization problems. In [58], a novel
MFO variant named WF-MFO was introduced by
incorporating Fibonacci search process-based tech-
niques and Levy flight mechanism into the basic
MFO to overcome the weak development capabil-
ity of the basic MFO. The algorithm’s performance
was tested using 29 benchmark test functions and

2 engineering design problems. Test results re-
vealed that WF-MFO’s performance significantly
surpassed many popular algorithms and MFO vari-
ants.

Many scholars believe that no single meta-
heuristic technique can be universally suitable for
a wide range of optimization problems. Therefore,
combining one algorithm with others possessing
complementary characteristics can effectively en-
hance operability while improving search capabil-
ities. The primary objective of hybrid metaheuris-
tic algorithms is to capitalize on the strengths of
different algorithms to compensate for individual
algorithm weaknesses, ultimately forming a high-
performance algorithm. Some of these studies will
be discussed in the next section.

Based on the above discussion, the EO algo-
rithm and MFO algorithm are two popular meta-
heuristic algorithms, both achieving significant suc-
cess. However, both algorithms have certain draw-
backs. Upon closer examination, it can be observed
that EO and MFO are two algorithmic approaches
with complementary strengths; specifically, the EO
algorithm exhibits strong exploration capabilities
and weak exploitation capabilities, while MFO ex-
hibits the opposite characteristics. This implies that
combining these two algorithms can eliminate the
shortcomings of individual algorithms, resulting in
a potentially powerful hybrid algorithm. Inspired
by this idea, this work proposes an ensemble algo-
rithm called HMEO. The proposed HMEO is based
on the exploitation characteristics of EO and the ex-
ploration model of MFO to form a new hybrid con-
cept. The suggested algorithm preserves the over-
all framework and search pattern of EO while in-
corporating the search equations of MFO into the
concentration updating process. By blending these
two algorithms, leveraging the strengths of EO in
exploration and MFO in exploitation, it is expected
to achieve a better algorithm with appropriate ex-
ploration and exploitation operations. Herein, the
CEC 2017 benchmark test suite is chosen to as-
sess the performance of HMEO, considering vari-
ous advanced metaheuristics, including basic EO,
basic MFO, and advanced variants of EO and MFO.
The effectiveness of the proposed HMEO is ob-
served through convergence analysis and statistical
tests. Additionally, the projected HMEO evaluates
the MRPP problem and is compared with classical
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metaheuristic-based MRPP methods to validate the
effectiveness of the new approach.

This paper’s contribution can be summarized by
the following points:

1. A hybrid algorithm that combines EO and MFO,
called HMEO, was proposed for global opti-
mization.

2. The HMEO was proposed as an alternative
MRPP methodology.

3. The performance of the introduced HMEO was
validated by comparing it with several well-
performing optimizers.

4. The experimental and simulation outcomes val-
idate the efficiency of the HMEO.

The rest of the paper is structured as follows:
Section 2 introduces some of the work conducted
by various researchers in the field of hybrid meta-
heuristic algorithms. Background on EO and MFO
are discussed in Section 3. The hybrid EO and MFO
(HMEO) is discussed in Section 4. Experimental
and result are reported in Section 5. Section 6 de-
scribes the proposed HMEO-based MRPP method.
The summary of the proposed HMEO along with
the drawbacks and profound impacts is summarized
in detail in Section 7. Conclusion of the research is
provided in Section 8.

2 Literature review

The efficiency of the metaheuristic algorithms
relies on achieving a balance between their local ex-
ploitation capabilities and global exploration capa-
bilities during the search process. Exploitation in-
volves extracting new solutions from the neighbor-
hood of existing solutions within the search space,
while exploration refers to the process of discov-
ering new regions in the search space [59]. Hy-
brid metaheuristic algorithms have been proposed
as a solution to achieve a balance between exploita-
tion and exploration. These algorithms integrate
two or more metaheuristics to solve optimization
problems, aiming to leverage the strengths of each
algorithm while mitigating their respective weak-
nesses. As mentioned earlier, certain metaheuris-
tics excel in exploitation, while others are more

proficient in exploration. Hybrid metaheuristic al-
gorithms are designed to strike a balance between
these two phases. Additionally, in metaheuristic al-
gorithms, there is an important trade-off between
convergence and accuracy [60]. A hybrid meta-
heuristic algorithm should aim to maintain a good
balance between achieving accurate solutions and
preserving diversity within the population, which
helps prevent premature convergence. This trade-
off between convergence and accuracy is crucial
in the design and implementation of hybrid meta-
heuristic algorithms.

In [61], a hybrid version of MPA and NMRA
is proposed to overcome the poor exploitation of
MPA and the limited exploration of NMRA. The
performance of the proposed algorithm was tested
on CEC 2005, CEC 2014 and CEC 2019 benchmark
function problems. The experimental results show
that the proposed hybrid algorithm outperforms
MPA, NMRA and other comparative algorithms. In
[62], a hybrid algorithm based on PSO and WOA
was developed to improve the shortcomings of the
basic algorithm. The results on 23 benchmark
test functions and engineering design cases show
that the proposed hybrid version outperforms both
WOA and PSO. In [63], a novel hybrid algorithm is
proposed by combining Biogeography-Based Op-
timization (BBO) with SSA. In the proposed algo-
rithm, BBO exhibits a strong exploration capability,
while SSA is employed for fine-tuning the search
space. The hybrid algorithm is tested on the CEC
2014 benchmark suite and 10 real-world problems
and compared with the basic BBO, SSA and various
state-of-the-art algorithms. The comparison results
highlight the effectiveness of the hybrid algorithm.
In [64], SMA and teaching-learning based opti-
mization (TLBO) were mixed to overcome the low
solution accuracy and premature convergence draw-
backs exhibited by the SMA algorithm in complex
problems. The introduced algorithm is validated
on 24 benchmark test functions and five reliability-
based design optimization problems and compared
with several state-of-the-art metaheuristics. The
test results show that the proposed algorithm pro-
vides competitive performance on almost all prob-
lems. In [65], a hybrid approach called GBOSMA
is proposed by combining GBO and SMA, which
utilizes the advantageous factors of Gradient-Based
Optimizer (GBO) and SMA. In the hybrid algo-
rithm, SMA is used for local exploitation of GBO
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to discover more unknown regions in the search
space. The GBOSMA algorithm is used to solve
CEC 2017 benchmark functions and feature selec-
tion problems and is compared with the most re-
cent optimization algorithms. The results show
that GBOSMA outperforms its competitors for both
types of problems. In [66], reformed Backtracking
Search Algorithm (BSA) was used to address the
imbalance between exploration and exploitation ca-
pabilities of the PSO algorithm. The reported tech-
nique integrates the operational potential of PSO
and the global search advantages of BSA with a
view to providing an optimizer with a good balance
between exploitation and exploration. CEC 2014
and CEC 2017 benchmark test sets were considered
to evaluate the performance of the algorithms. In
addition, 11 engineering design cases were used to
investigate the applicability of the algorithms. The
obtained results were compared with a variety of
popular PSO and BSA variants. The analysis of
the results shows that the proposed algorithm out-
performs the comparison algorithm on almost all
cases. In [67], a hybrid (arithmetic optimization
algorithm) AOA algorithm, called AOA-NM, was
proposed to facilitate the exploration-exploitation
operation of the AOA algorithm. In AOA-NM, the
local search behavior of Nelder-Mead is embedded
in AOA to overcome the deficiency of local opti-
mal stagnation of the algorithm. CEC 2020 test set
and 10 engineering design cases are used to inves-
tigate the effectiveness of AOA-NM, and the test
results show that it is robust in handling challeng-
ing optimization problems. In [68], WOA and Sine
Cosine Algorithm (SCA) are combined to form
a new well-performing algorithm called WOAS-
CALF. The main idea of WOASCALF is that WOA
has superior performance in the exploration phase,
while SCA is seasoned in the development phase.
Combining the advantages of both algorithms to
compensate for their respective shortcomings can
enhance the algorithm’s capabilities. In addition,
an additional levy flight mechanism is introduced
to further improve the local search capability of
the algorithm. the performance of WOASCALF is
evaluated by 23 widely used benchmark test func-
tions and some engineering design tasks. The re-
sults analysis shows that WOASCALF has a strong
search capability. In [69], the operators of the SCA
algorithm were used to enhance the development-
exploration balance of the AOA algorithm. To in-

vestigate the efficiency of the developed method,
10 benchmark test functions and five engineering
optimization cases were used. The experimental re-
sults show that the developed enhanced AOA algo-
rithm is more efficient than the comparison algo-
rithms. In [70], a novel hybrid algorithm was intro-
duced that integrates MFO and Butterfly Optimiza-
tion Algorithm (BOA), overcoming the shortcom-
ings of poor convergence of MFO and inadequate
exploitation capability of BOA and inheriting their
advantages. To evaluate the algorithm performance,
23 benchmark test functions with different charac-
teristics and two real-life problems are used. Ex-
perimental results show that the hybrid algorithm
provides competitive performance compared to the
comparison algorithm. In [71], a hybrid optimiza-
tion algorithm based on PSO and BSA is proposed,
which takes advantage of the high convergence rate
of PSO and the strong global search capability of
BSA, while overcoming the drawbacks of the loss
of population diversity of PSO and the limitations
of the poor local exploration capability of BSA. Re-
sults on several benchmark problems show that the
algorithm outperforms the compared PSO variant
and BSA variant. In [72], a new hybrid algorithm,
called HSSOGSA, was proposed. The basic con-
cept behind HSSOGSA is to leverage the strong
exploitation capability of SSO and the strong ex-
ploration capability of GSA to achieve an excel-
lent optimization algorithm. To verify the perfor-
mance of the HSSOGSA algorithm, the CEC 2017
test suite was used. The experimental results show
that the proposed hybrid algorithm has better con-
vergence performance compared to the basic SSO
and GSA. In [73], an EO-based hybrid WOA vari-
ant was developed. Upon mathematical modeling,
the search models of WOA and EO are combined
to form an effective hybrid algorithm. The perfor-
mance of the algorithm is evaluated on several clas-
sical function optimization problems. Experimen-
tal results show that the algorithm has good conver-
gence performance.

Based on the above studies, combining two al-
gorithms with complementary features can effec-
tively enhance algorithm performance. To the best
of our knowledge, there is currently no research uti-
lizing a hybrid approach to integrate EO with other
population-based algorithms to enhance its search
process. Therefore, this paper introduces, for the
first time, a hybrid MFO and EO algorithm to com-
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to discover more unknown regions in the search
space. The GBOSMA algorithm is used to solve
CEC 2017 benchmark functions and feature selec-
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performs the comparison algorithm on almost all
cases. In [67], a hybrid (arithmetic optimization
algorithm) AOA algorithm, called AOA-NM, was
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teristics and two real-life problems are used. Ex-
perimental results show that the hybrid algorithm
provides competitive performance compared to the
comparison algorithm. In [71], a hybrid optimiza-
tion algorithm based on PSO and BSA is proposed,
which takes advantage of the high convergence rate
of PSO and the strong global search capability of
BSA, while overcoming the drawbacks of the loss
of population diversity of PSO and the limitations
of the poor local exploration capability of BSA. Re-
sults on several benchmark problems show that the
algorithm outperforms the compared PSO variant
and BSA variant. In [72], a new hybrid algorithm,
called HSSOGSA, was proposed. The basic con-
cept behind HSSOGSA is to leverage the strong
exploitation capability of SSO and the strong ex-
ploration capability of GSA to achieve an excel-
lent optimization algorithm. To verify the perfor-
mance of the HSSOGSA algorithm, the CEC 2017
test suite was used. The experimental results show
that the proposed hybrid algorithm has better con-
vergence performance compared to the basic SSO
and GSA. In [73], an EO-based hybrid WOA vari-
ant was developed. Upon mathematical modeling,
the search models of WOA and EO are combined
to form an effective hybrid algorithm. The perfor-
mance of the algorithm is evaluated on several clas-
sical function optimization problems. Experimen-
tal results show that the algorithm has good conver-
gence performance.

Based on the above studies, combining two al-
gorithms with complementary features can effec-
tively enhance algorithm performance. To the best
of our knowledge, there is currently no research uti-
lizing a hybrid approach to integrate EO with other
population-based algorithms to enhance its search
process. Therefore, this paper introduces, for the
first time, a hybrid MFO and EO algorithm to com-
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pensate for the deficiencies of both, forming an ef-
ficient algorithm.

3 Background

The mathematical notation of the EO and MFO
are discussed in this section.

3.1 Equilibrium optimizer

EO is an innovative metaheuristic approach de-
veloped for addressing global optimization prob-
lems. The algorithm draws inspiration from the dy-
namic mass balance law in physics [44]. In EO,
search agents are represented by particles with vary-
ing concentrations, where the concentration of each
particle represents a solution to the optimization
problem. The algorithm employs the mass bal-
ance equation to analyze the concentration of non-
reactive components within the control volume, re-
flecting the physical phenomena of mass entry, de-
parture, and generation within the volume. By striv-
ing to stabilize the system’s concentration, the op-
timization algorithm mimics the process through
which the system aims to attain equilibrium. Con-
sequently, this iterative process represents the algo-
rithm’s endeavor to converge towards the global op-
timum.

Similar to its counterparts in metaheuristic al-
gorithms, EO initiates the search procedure by gen-
erating a set of initial particles in a random manner.
The concentrations of these particles are formulated
based on the following equation.

Cinitial
i =Cmin + randi(Cmax −Cmin)i = 1,2, ......,N

(1)
where Cinitial

i indicate the concentration of the ith
particle, randi is a random vector within 0 and 1,
Cmin and Cmax denote the upper and lower bound of
the search space, respectively, N represents the pop-
ulation size.

Following the initialization of particles using
Eq. (1), their concentrations are subsequently up-
dated using Eq. (2).

C =Ceq +(C−Ceq) ·F +
G

λV
(1−F) (2)

where Ceq is the concentration of particles in the

equilibrium pool. The equilibrium pool comprises
four equilibrium candidates, namely Ceq(1), Ceq(2),
Ceq(3), Ceq(4), which have the best concentrations
observed so far. The average concentration of these
candidates, denoted as Ceq(ave), is also determined.
To address the lack of initial information about the
equilibrium state during the optimization process,
the particles within the equilibrium pool play a cru-
cial role in bridging this knowledge gap. They offer
a concentration update pattern for the particles in-
volved. The equilibrium pool is constructed as fol-
lows:

Ceq,pool =
{

Ceq(1),Ceq(2),Ceq(3),Ceq(4),Ceq(ave)
}
(3)

In Eq. (2), an adjustment factor is introduced,
denoted as F , which is an exponential term re-
sponsible for influencing the exploitation and ex-
ploration behavior of the algorithm. The mathemat-
ical representation of F is given by the following
expression:

F = e−λ(t−t0) (4)

In Eq. (2), the function denoted as t is depen-
dent on the number of iterations and plays a crucial
role in the algorithm. It is defined as follows:

t =
(

1− Iter
Max iter

)(a2
Iter

Max iter )
(5)

where Iter and Max iter denote the present gen-
eration and the maximum generation, respectively.
Additionally, the algorithm incorporates a constant,
a2, which governs the local search capability. To
achieve a balanced trade-off between convergence
speed and solution accuracy, the algorithm takes
into account the following factors:

t0 =
1
λ

ln
(
−a1sign(r−0.5)

(
1− eλt

))
+ t (6)

where a1 is the parameter used to adjust the global
search behavior. A higher value of a1 emphasizes
the algorithm’s global exploration capability, while
a lower value of a1 results in weaker exploration.
Similarly, a2 governs the exploitation operations. A
larger a2 enhances the algorithm’s ability to explore
local regions, but weakens its exploration ability. In
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this context, a1 is set to 0 and a2 is set to 1. Ad-
ditionally, the variable r represents a random vec-
tor within 0 and 1, and sign(r-0.5) determines the
searching direction. By substituting Eq. (6) into
Eq. (4), we obtain a revised version of the expres-
sion for F as follows:

F = a1sign(r−0.5)
[
e−λt −1

]
(7)

The development phase of the algorithm places
great importance on the generation rate, denoted as
G, as it plays a key role in enhancing the solution
accuracy by fine-tuning the promising search area.
The value of this factor is computed using the fol-
lowing calculation:

G = G0e−λ(t−t0) = G0F (8)

where

G0 = GCP(Ceq −λC) (9)

GCP =

{
0.5r1 r2 ≥ GP
0 r2 < GP

(10)

where r1 and r2 are random numbers within 0 and 1,
The generation rate control factor, known as GCP,
determines the probability of the generation rate’s
involvement in the concentration update process.
The generation rate control factor, known as GCP,
determines the probability of the generation rate’s
involvement in the concentration update process.
On the other hand, the generation probability, re-
ferred to as GP, determines which particle is eligi-
ble to update the concentration using G.

According to the concentration update equa-
tion Eq. (2), where the first term corresponds to
the equilibrium candidate that identifies the desired
equilibrium state. The second and third terms de-
note the concentration variables. The second term
directly captures the disparity between the current
particle and the equilibrium particle, leading to
the generation of significant concentration variables
during the optimization process. Consequently, this
term plays a crucial role in facilitating exploration.
On the other hand, the third term, as inferred from
its expression, is indirectly associated with the dis-
tinction between the sample particle and the equi-
librium particle. This term contributes to the devel-

opment operation. The pseudo-code of the EO algo-
rithm is described in Algorithm 1, and the flowchart
is shown in Figure 1.

3.2 Moth flame optimization algorithm

Nocturnal moths possess the ability to navigate
accurately over wide distances by using celestial
light sources. They maintain a straight flight path
with a consistent angle to the light source, and this
maneuver is known as lateral orientation. However,
when a moth encounters an artificial light source
during its flight, it will be misdirected. As a result,
the moth needs to persistently adjust its movement
angle to maintain a direct course toward the light
source, causing a spiral motion around the artificial
light source. This intriguing behavior was math-
ematically modeled in 2015 by Mirjalili, who de-
veloped the MFO algorithm for solving global op-
timization problems [23]. The details of this algo-
rithm are described in the following sections. In
MFO, the moth’s position undergoes constant up-
dates throughout the optimization process. In the

Algorithm 1 Pseudo-code of EO
Input:Maximum generation Max iter, upper bound
Cmax and lower bound Cmin, randomly generated ini-
tial population Cinitial

i , i=1,2,. . . ,N and the dimension
D
Output:The concentration of equilibrium candidate
solution Ceq(1)

1: Initialize the population Cinitial
i (i = 1,2, . . . ,N)

by considering Cmax and Cmin

2: Evaluate the fitness value of each particle
3: while Iter < Max iter do
4: Establish the equilibrium pool
5: Implement memory saving (if Iter >1)
6: for i = 1 to N do
7: Randomly select a particle from the equi-

librium pool
8: Calculate the exponential term F according

to Eq. (7)
9: Calculate the generation rate G according

to Eq. (8)
10: Update the concentration of the ith particle

according to Eq. (2)
11: end for
12: Iter=Iter+1
13: end while
14: Return the equilibrium candidate Ceq(1)
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this context, a1 is set to 0 and a2 is set to 1. Ad-
ditionally, the variable r represents a random vec-
tor within 0 and 1, and sign(r-0.5) determines the
searching direction. By substituting Eq. (6) into
Eq. (4), we obtain a revised version of the expres-
sion for F as follows:

F = a1sign(r−0.5)
[
e−λt −1

]
(7)

The development phase of the algorithm places
great importance on the generation rate, denoted as
G, as it plays a key role in enhancing the solution
accuracy by fine-tuning the promising search area.
The value of this factor is computed using the fol-
lowing calculation:

G = G0e−λ(t−t0) = G0F (8)

where

G0 = GCP(Ceq −λC) (9)

GCP =

{
0.5r1 r2 ≥ GP
0 r2 < GP

(10)

where r1 and r2 are random numbers within 0 and 1,
The generation rate control factor, known as GCP,
determines the probability of the generation rate’s
involvement in the concentration update process.
The generation rate control factor, known as GCP,
determines the probability of the generation rate’s
involvement in the concentration update process.
On the other hand, the generation probability, re-
ferred to as GP, determines which particle is eligi-
ble to update the concentration using G.

According to the concentration update equa-
tion Eq. (2), where the first term corresponds to
the equilibrium candidate that identifies the desired
equilibrium state. The second and third terms de-
note the concentration variables. The second term
directly captures the disparity between the current
particle and the equilibrium particle, leading to
the generation of significant concentration variables
during the optimization process. Consequently, this
term plays a crucial role in facilitating exploration.
On the other hand, the third term, as inferred from
its expression, is indirectly associated with the dis-
tinction between the sample particle and the equi-
librium particle. This term contributes to the devel-

opment operation. The pseudo-code of the EO algo-
rithm is described in Algorithm 1, and the flowchart
is shown in Figure 1.

3.2 Moth flame optimization algorithm

Nocturnal moths possess the ability to navigate
accurately over wide distances by using celestial
light sources. They maintain a straight flight path
with a consistent angle to the light source, and this
maneuver is known as lateral orientation. However,
when a moth encounters an artificial light source
during its flight, it will be misdirected. As a result,
the moth needs to persistently adjust its movement
angle to maintain a direct course toward the light
source, causing a spiral motion around the artificial
light source. This intriguing behavior was math-
ematically modeled in 2015 by Mirjalili, who de-
veloped the MFO algorithm for solving global op-
timization problems [23]. The details of this algo-
rithm are described in the following sections. In
MFO, the moth’s position undergoes constant up-
dates throughout the optimization process. In the
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Figure 1. The flowchart of EO

initial stage, the particles are randomly distributed
in the search space, that is, the search procedure of
MFO commences by randomly generating a set of
initial particles. The mathematical expression for
this phase is shown below.

Cinitial
i =Cmin + randi(Cmax −Cmin)i = 1,2, ......,N

(11)

For subsequent iterations, the moth updates its
position according to the position of the flame. To
calculate the number of flames, the following equa-
tion is employed.

R = round
(

N − Iter · N − Iter
Max iter

)
(12)

where N denote the population size, Iter and
Max iter demonstrate the present generation and
the maximum generation, respectively.

After calculating the number of flames R, the
moth updates the position according to Eq. (13).
According to Eq. (13), there are two different trials
of the position update model considering the num-
ber of flames, and the mathematical expression is
illustrated as follows.

Ci =

{
Di · ebt · cos(2πt)+Fi i ≤ R
Di · ebt · cos(2πt)+FR i > R

(13)

where Di represents the distance between the ith
seed and its target flame (Fj), parameter b is used

to control the search shape of the spiral shape flight
path, t represents a random number ranging be-
tween -1 and 1, signifying the proximity of the moth
to its respective flame. To calculate the distance Di,
the following equation is employed.

Di = |Fi −Ci| (14)

Regarding the value of t, a tunable scheme is
used to dynamically decay its value during the it-
erative process, thus switching from exploration to
exploitation in the early to late search period. To
calculate the value of t, the following equation is
applied.

t = (r−1) · rand +1 (15)

r =−1+ Iter ·
(

−1
Max iter

)
(16)

In the second case (when i > R), the distance Di

is calculated using Eq. (17), and FR is the position
of the Rth flame.

Di = |FR −Ci| (17)

The pseudo-code of MFO is described in Algo-
rithm 2, and the flowchart is shown in Figure 2.

4 The Proposed HMEO

The main motto of any nature-inspired algo-
rithm is to maintain a balance between the devel-
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Figure 2. The flowchart of MFO

opment and exploration phases. Obviously, exces-
sive exploration means that the algorithm spends
too much effort on unpromising regions, which is
the main reason why the algorithm misses the de-
sired solution. On the other hand, too much ex-
ploitation means that the algorithm devotes consid-
erable attention to monotonous regions, which leads
to loss of population diversity and premature con-
vergence of the algorithm. Therefore, the preferred
performance of any algorithm is obtained when it
captures a proper balance between diversification
and intensification.

The EO algorithm possesses strong exploitation
capability and weak exploration capability. The
main reason is that the items governing the explo-
ration operation are a1 and GP. The parameter
a1 magnifies the concentration difference between
the current seeds and equilibrium candidates, and it
should be sufficiently large to facilitate significant
concentration updates and improve exploration ca-
pability.

However, excessively large values can lead to
ineffective boundary searching by particles, indicat-
ing that modifying a1 to overcome the lack of ex-
ploration capability is unwise. On the other hand,
the value of GP controls the probability of the third
term in the concentration update rule participating

in the concentration update process. A higher GP
value provides strong exploitation capability and
weak exploration capability, while a lower GP value
signifies weaker exploitation and stronger explo-
ration. It is evident that determining the optimal
GP value relies on empirical testing, and attempting
to enhance exploration capability by adjusting the
GP value is not advisable. Therefore, it is cumber-
some to enhance the exploration capability of the
EO algorithm by adjusting parameters or modify-
ing the concentration update equation. This implies
that reinforcing the global search capability of EO
is a challenging task.

In contrast, MFO exhibits strong global search
capability. MFO is a bio-inspired optimization al-
gorithm that introduces the crucial mechanism of
moths spiraling around flames, offering innovative
search patterns. The exploration and exploitation
operations in MFO are derived from this spiral mo-
tion. In MFO, moths follow a spiral trajectory
around their flames and update the flames based
on the survival-of-the-fittest mechanism, retaining
high-quality flames. This mechanism empowers the
MFO algorithm with strong global search capabil-
ity but can also result in moths getting trapped in
local optima.
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Figure 2. The flowchart of MFO

opment and exploration phases. Obviously, exces-
sive exploration means that the algorithm spends
too much effort on unpromising regions, which is
the main reason why the algorithm misses the de-
sired solution. On the other hand, too much ex-
ploitation means that the algorithm devotes consid-
erable attention to monotonous regions, which leads
to loss of population diversity and premature con-
vergence of the algorithm. Therefore, the preferred
performance of any algorithm is obtained when it
captures a proper balance between diversification
and intensification.

The EO algorithm possesses strong exploitation
capability and weak exploration capability. The
main reason is that the items governing the explo-
ration operation are a1 and GP. The parameter
a1 magnifies the concentration difference between
the current seeds and equilibrium candidates, and it
should be sufficiently large to facilitate significant
concentration updates and improve exploration ca-
pability.

However, excessively large values can lead to
ineffective boundary searching by particles, indicat-
ing that modifying a1 to overcome the lack of ex-
ploration capability is unwise. On the other hand,
the value of GP controls the probability of the third
term in the concentration update rule participating

in the concentration update process. A higher GP
value provides strong exploitation capability and
weak exploration capability, while a lower GP value
signifies weaker exploitation and stronger explo-
ration. It is evident that determining the optimal
GP value relies on empirical testing, and attempting
to enhance exploration capability by adjusting the
GP value is not advisable. Therefore, it is cumber-
some to enhance the exploration capability of the
EO algorithm by adjusting parameters or modify-
ing the concentration update equation. This implies
that reinforcing the global search capability of EO
is a challenging task.

In contrast, MFO exhibits strong global search
capability. MFO is a bio-inspired optimization al-
gorithm that introduces the crucial mechanism of
moths spiraling around flames, offering innovative
search patterns. The exploration and exploitation
operations in MFO are derived from this spiral mo-
tion. In MFO, moths follow a spiral trajectory
around their flames and update the flames based
on the survival-of-the-fittest mechanism, retaining
high-quality flames. This mechanism empowers the
MFO algorithm with strong global search capabil-
ity but can also result in moths getting trapped in
local optima.
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Therefore, to avoid the conflict between these
two algorithms and be attracted by the compatibil-
ity of EO and MFO, we try to combine these two
algorithms by embedding the spiral search mecha-
nism of MFO into the EO algorithm to build a new
well-performing hybrid algorithm, called HMEO.
The goal of this algorithm is to maximize the strong
exploitation capability of the EO algorithm and the
rich exploration capability of the MFO algorithm,
while minimizing the shortcomings of the weak
global search operation of EO and the poor local

search ability of MFO through the hybrid. Overall,
the proposed HMEO algorithm has both swarm in-
telligence and physics-based properties, where the
swarm intelligence mechanism provides diversity
for superior global search and the physics-based op-
eration provides intensification for better local de-
velopment.

The introduced HMEO algorithm is mainly for-
mulated based on the search framework of EO and
the spiral motion of MFO. In general, the search
framework of EO is the foundation, while the be-
havioral mechanism of MFO is the merged mate-
rial. In the HMEO algorithm, we also start the al-
gorithm like EO and then apply the search mech-
anism of the EO algorithm for position updating.
Subsequently, the particles search in the solution
space using the spiral search mechanism of MFO.
The flowchart of the proposed HMEO algorithm is
shown in Figure 3. The pseudo-code of the HMEO
algorithm is described in Algorithm 3, and it can be
described through a series of steps as outlined be-
low:

Step 1: Initialize all parameters such as the maxi-
mum number of iterations, the number of popula-
tions, the dimensionality of the problem, and the
search boundaries.

Step 2: Initialize the population randomly by con-
sidering the search boundaries.

Step 3: Construct the equilibrium pool and save
memory.

Step 4: Calculate the exponential term F and the
generation rate G according to Eqs. (7) and (8), re-
spectively.

Step 5: Use Eq. (2) to update the concentration
of the ith particle, and the updated concentration is
noted as F1.

Step 6: Calculate the parameters r and t according
to Eqs. (15) and (16). Then, use Eq. (14) to cal-
culate the distance between the ith particle and the
equilibrium candidate individual Ceq(1).

Step 7: Use Eq. (13) to update the concentration
of the ith particle, and the updated concentration is
noted as F2.

Step 8: Compare F1 and F2 and select the best.

Step 9: Proceed to Step 2 and repeat until the stop-
ping criteria are met.

Algorithm 2 Pseudo-code of MFO
Input:Maximum generation Max iter, upper bound
Cmax and lower bound Cmin, randomly generated ini-
tial population Cinitial

i , i=1,2,. . . ,N, flame number,
and the dimension D
Output:The location of the optimal flame.

1: Initialize the population Cinitial
i (i = 1,2, . . . ,N)

by considering Cmax and Cmin

2: while Iter < Max iter do
3: Calculate the number of flames according to

Eq. (12)
4: Evaluate the fitness value of each moth
5: if Iter==1 then
6: Sort the first population of moths according

to the fitness value
7: Update the flames
8: else
9: Sort the moths according to the fitness

value
10: Update the flames
11: end if
12: Update the position of the best flame obtained

so far
13: Calculate the parameter r according to Eq.

(16)
14: for i = 1 to N do
15: for j = 1 to D do
16: Calculate the parameter t accorting to

Eq. (15)
17: Calculate the distance Di according to

Eq.(14) or Eq. (17)
18: Update moths position as to their partic-

ular flame using Eq. (13)
19: end for
20: end for
21: Iter=Iter+1
22: end while
23: Return the best solution with the minimum fit-

ness function value in the ecosystem



218 Zongshan Wang, Ali Ala, Zekui Liu, Wei Cui, Hongwei Ding, Gushen Jin, Xu Lu

The computational complexity of HMEO pri-
marily relies on key parameters, including the max-
imum iteration count (T ), the population size (N),
the problem’s input dimensions (D), and the func-
tion evaluation cost ( f ). The foundational aspects
governing the computational complexity in HMEO
encompass:

O(HMEO) = O(Initialization)
+O(T (Functionevaluations))
+O(T (Memorysaving))
+O(T (Concentrationupdate))

(18)

As a result, the overall computational complex-
ity of HMEO can be expressed in the following
manner:

O(HMEO) = O(ND+T f N +T N +2T ND)
∼= O(T ND+T f N)

(19)

5 Simulation Results and Discus-
sion

In this section, extensive experiments are con-
ducted to thoroughly evaluate the performance of
the newly proposed HMEO algorithm, alongside a
comparison with several state-of-the-art evolution-
ary algorithms. Further details regarding the exper-
iments will be provided in the subsequent subsec-
tions.

5.1 Benchmark functions

To thoroughly evaluate the performance of the
proposed HMEO algorithm, an extensive exami-
nation was conducted using the CEC 2017 bench-
mark test suite. This test suite consists of 29 func-
tions with diverse characteristics, widely employed
for assessing the effectiveness of optimization al-
gorithms. The benchmark functions are divided
into two categories: continuous single-objective
optimization problems and expensive optimization
problems. The continuous single-objective opti-
mization problems encompass classical benchmark,
combinatorial, and hybrid functions. On the other
hand, the expensive optimization problems simulate
real-world black-box optimization problems com-
monly encountered. The 29 benchmark functions

are further categorized into unimodal, multimodal,
hybrid, and combinatorial functions. The details of
the 29 functions from CEC 2017 benchmark collec-
tion utilized in this effort are presented in Table 1.
By analyzing the algorithm’s performance on these
functions, a comprehensive evaluation of the algo-
rithm’s efficacy can be achieved.

Algorithm 3 Pseudo-code of HMEO
Input:Maximum generation Max iter, upper bound
Cmax and lower bound Cmin, randomly generated ini-
tial population Cinitial

i , i=1,2,. . . ,N and the dimension
D
Output:The concentration of equilibrium candidate
solution Ceq(1)

1: Initialize the population Cinitial
i (i = 1,2, . . . ,N)

by considering Cmax and Cmin

2: Evaluate the fitness value of each particle
3: while Iter < Max iter do
4: Establish the equilibrium pool
5: Implement memory saving (if Iter >1)
6: for i = 1 to N do
7: Randomly select a particle from the equi-

librium pool
8: Calculate the exponential term F according

to Eq. (7)
9: Calculate the generation rate G according

to Eq. (8)
10: Update the concentration of the ith particle

according to Eq. (2), and the updated con-
centration is noted as F1

11: Calculate the parameter r according to Eq.
(16)

12: Calculate the parameter t accorting to Eq.
(15)

13: Calculate the distance between the ith par-
ticle and the equilibrium candidate solution
Ceq(1)

14: Update the concentration of the ith particle
according to Eq. (13), and the updated con-
centration is noted as F2

15: Compare F1 and F2 and select the best.
16: end for
17: Iter=Iter+1
18: end while
19: Return the equilibrium candidate Ceq(1)
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The computational complexity of HMEO pri-
marily relies on key parameters, including the max-
imum iteration count (T ), the population size (N),
the problem’s input dimensions (D), and the func-
tion evaluation cost ( f ). The foundational aspects
governing the computational complexity in HMEO
encompass:

O(HMEO) = O(Initialization)
+O(T (Functionevaluations))
+O(T (Memorysaving))
+O(T (Concentrationupdate))

(18)

As a result, the overall computational complex-
ity of HMEO can be expressed in the following
manner:

O(HMEO) = O(ND+T f N +T N +2T ND)
∼= O(T ND+T f N)

(19)

5 Simulation Results and Discus-
sion

In this section, extensive experiments are con-
ducted to thoroughly evaluate the performance of
the newly proposed HMEO algorithm, alongside a
comparison with several state-of-the-art evolution-
ary algorithms. Further details regarding the exper-
iments will be provided in the subsequent subsec-
tions.

5.1 Benchmark functions

To thoroughly evaluate the performance of the
proposed HMEO algorithm, an extensive exami-
nation was conducted using the CEC 2017 bench-
mark test suite. This test suite consists of 29 func-
tions with diverse characteristics, widely employed
for assessing the effectiveness of optimization al-
gorithms. The benchmark functions are divided
into two categories: continuous single-objective
optimization problems and expensive optimization
problems. The continuous single-objective opti-
mization problems encompass classical benchmark,
combinatorial, and hybrid functions. On the other
hand, the expensive optimization problems simulate
real-world black-box optimization problems com-
monly encountered. The 29 benchmark functions

are further categorized into unimodal, multimodal,
hybrid, and combinatorial functions. The details of
the 29 functions from CEC 2017 benchmark collec-
tion utilized in this effort are presented in Table 1.
By analyzing the algorithm’s performance on these
functions, a comprehensive evaluation of the algo-
rithm’s efficacy can be achieved.
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Figure 3. The flowchart of HMEO

5.2 Experimental setup

To assess the performance of the proposed
HMEO, it is compared with the traditional EO,
MFO, as well as some advanced EO and MFO vari-
ants. The proposed hybrid version based on EO and
MFO does not introduce any additional parameters,
and the parameters of the individual algorithms re-
main unchanged from their basic versions. The spe-
cific parameters for the compared algorithms are
obtained from the respective literature sources. For
result analysis, the maximum number of iterations
is set to 500, the population size is set to 30, and
each algorithm is independently run 30 times on
each test function. Evaluation metrics such as mean
and standard deviation are recorded for the results.
The source code for all algorithms is implemented
on the MATLAB R2016b software running on the
Windows 10 operating system. The computations
are carried out on a computer equipped with an In-
tel Core i7-7700 CPU @ 3.60 GHz and 8.00 GB of
RAM.

5.3 Comparison of HMEO with other well-
known metaheuristic algorithms

In this section, we evaluate the performance
of the introduced HMEO algorithm using the 29
benchmark functions from CEC 2017, as outlined
in Table 1. It is important to note that F2 is ex-

cluded because it exhibits unstable behavior. The
results of HMEO are compared with the MFO [23],
EO [44], mEO [74], LWMEO [75], ISEO [76], IEO
[77], WEMFO [78], and DMMFO [79] algorithms.
The comparison results, focusing on a dimensional-
ity of 30, are presented in Table 2. Additionally,
when the dimensionality is increased to 100, the
corresponding comparison results are shown in Ta-
ble 3.

Based on the reported experimental results in
Table 2, it can be observed that the HMEO algo-
rithm achieves the best efficiency in 16 test func-
tions and the second-best efficiency in 10 test func-
tions. This indicates that HMEO obtains a top-
two ranking in nearly all functions. Based on
pairwise comparisons, HMEO outperforms ISEO,
MFO, WEMFO, and DMMFO across all functions.
Particularly, HMEO performs better than EO in 27
out of 29 functions, except for F17 and F29 where
it shows inferior performance. In terms of com-
parison with IEO, HMEO surpasses it in 19 cases
but falls behind in 10 cases. When comparing with
LWMEO, HMEO outperforms it in 25 functions,
except for F1, F3, F4, and F13 where LWMEO
shows better results. Additionally, HMEO outper-
forms mEO in all functions except for F17. These
findings highlight the effectiveness of the HMEO
algorithm in solving the optimization problems. It
exhibits superior performance in terms of conver-
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gence and solution quality compared to EO, MFO,
and the compared EO and MFO variants. However,
there are specific cases, such as F1 and F13, where
alternative algorithms like LWMEO and IEO may
offer better results. Furthermore, Figure 4 displays
the Friedman mean ranks attained by the utilized
approaches across these functions. According to
Figure 4, HMEO obtains the highest rank, followed
by IEO, EO, mEO, LWMEO, DMMFO, WEMFO,
ISEO, and MFO. Thus, HMEO emerges as the algo-
rithm with the best performance among all the im-
plemented algorithms based on the achieved Fried-
man mean ranks.

From Table 3, The HMEO algorithm achieves
the first rank in 16 tested functions, the second
rank in 9 functions, and the third rank in four
functions. This indicates that HMEO obtains a
top-three performance across all functions. Based
on the extensive evaluation presented in Table 3,
the HMEO algorithm consistently demonstrates re-
markable performance across a wide range of tested
functions. It significantly outperforms EO in the
majority of cases, reaffirming its superior optimiza-
tion capabilities. With the exception of F19, HMEO
surpasses mEO, MFO, and DMMFO on all eval-
uated functions, highlighting its effectiveness on
100-dimensional optimization problems. Further-
more, the comparative analysis reveals that HMEO
achieves superiority over IEO in a significant num-
ber of cases while slightly lagging behind in some
instances. Notably, HMEO outperforms WEMFO
on almost all functions, except for F7, suggesting its
robustness and competitiveness in solving complex
optimization problems. Moreover, HMEO’s perfor-
mance shines in comparison to ISEO, as it outper-
forms ISEO on most of test functions, demonstrat-
ing its capability to provide more favorable opti-
mization results. Despite one function where it falls
behind, HMEO consistently exhibits strong perfor-
mance in terms of overall rankings. In comparison
to LWMEO, HMEO exhibits better performance on
most functions. However, it shows comparatively
weaker performance on some functions, such as
F11, F13, F15, and F18, where LWMEO and IEO
prove to be more competitive. Figure 5 displays the
Friedman mean ranks attained by the utilized ap-
proaches across these functions. The average rank-
ings further reinforce HMEO’s superiority, as it se-
cures the top position among all evaluated algo-
rithms. This indicates that HMEO consistently out-

performs other algorithms in terms of overall opti-
mization performance, providing a highly effective
and reliable solution to a wide range of optimization
problems.

In summary, the comprehensive experimental
analysis demonstrates that HMEO is a robust and
efficient algorithm, surpassing various state-of-the-
art optimization methods in terms of performance.
Its remarkable performance across different dimen-
sions confirms its versatility and reliability, making
HMEO a highly promising algorithm for solving
complex optimization problems.

6 Architecture of MRPP Using
HMEO

To further challenge the HMEO algorithm,
which is employed for solving the MRPP prob-
lem, it is essential to recognize the significance
of studying MRPP techniques, as they constitute
a core technology within robotics and hold crucial
practical and theoretical implications [80]. Firstly,
researching the MRPP problem aids in designing
optimal paths for robots, enabling them to navi-
gate around obstacles and adopt safe and efficient
navigation strategies. This enhances the flexibil-
ity and reliability of robots in executing their as-
signed tasks. Secondly, effective path planning al-
lows mobile robots to select the shortest or opti-
mal routes, minimizing unnecessary movement and
energy consumption. Consequently, this optimizes
resource utilization and energy efficiency, thereby
extending operational time, improving efficiency,
and reducing maintenance costs. Additionally, path
planning technology contributes to obstacle avoid-
ance, collision prevention, and overall operational
safety for mobile robots. Precise path planning re-
duces the likelihood of accidents, ensuring the pro-
tection of the robot itself and its surrounding en-
vironment. Importantly, path planning technology
for mobile robots is a key aspect of robotics, and
its exploration plays a pivotal role in promoting
robotics development and innovation [81]. Contin-
uous improvement and optimization of path plan-
ning algorithms and methods enhance the naviga-
tion capabilities and intelligence of robots, further
facilitating the widespread application and adoption
of robotics. Therefore, the study of path planning
technology for mobile robots encompasses signif-
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gence and solution quality compared to EO, MFO,
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on the extensive evaluation presented in Table 3,
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instances. Notably, HMEO outperforms WEMFO
on almost all functions, except for F7, suggesting its
robustness and competitiveness in solving complex
optimization problems. Moreover, HMEO’s perfor-
mance shines in comparison to ISEO, as it outper-
forms ISEO on most of test functions, demonstrat-
ing its capability to provide more favorable opti-
mization results. Despite one function where it falls
behind, HMEO consistently exhibits strong perfor-
mance in terms of overall rankings. In comparison
to LWMEO, HMEO exhibits better performance on
most functions. However, it shows comparatively
weaker performance on some functions, such as
F11, F13, F15, and F18, where LWMEO and IEO
prove to be more competitive. Figure 5 displays the
Friedman mean ranks attained by the utilized ap-
proaches across these functions. The average rank-
ings further reinforce HMEO’s superiority, as it se-
cures the top position among all evaluated algo-
rithms. This indicates that HMEO consistently out-

performs other algorithms in terms of overall opti-
mization performance, providing a highly effective
and reliable solution to a wide range of optimization
problems.

In summary, the comprehensive experimental
analysis demonstrates that HMEO is a robust and
efficient algorithm, surpassing various state-of-the-
art optimization methods in terms of performance.
Its remarkable performance across different dimen-
sions confirms its versatility and reliability, making
HMEO a highly promising algorithm for solving
complex optimization problems.

6 Architecture of MRPP Using
HMEO

To further challenge the HMEO algorithm,
which is employed for solving the MRPP prob-
lem, it is essential to recognize the significance
of studying MRPP techniques, as they constitute
a core technology within robotics and hold crucial
practical and theoretical implications [80]. Firstly,
researching the MRPP problem aids in designing
optimal paths for robots, enabling them to navi-
gate around obstacles and adopt safe and efficient
navigation strategies. This enhances the flexibil-
ity and reliability of robots in executing their as-
signed tasks. Secondly, effective path planning al-
lows mobile robots to select the shortest or opti-
mal routes, minimizing unnecessary movement and
energy consumption. Consequently, this optimizes
resource utilization and energy efficiency, thereby
extending operational time, improving efficiency,
and reducing maintenance costs. Additionally, path
planning technology contributes to obstacle avoid-
ance, collision prevention, and overall operational
safety for mobile robots. Precise path planning re-
duces the likelihood of accidents, ensuring the pro-
tection of the robot itself and its surrounding en-
vironment. Importantly, path planning technology
for mobile robots is a key aspect of robotics, and
its exploration plays a pivotal role in promoting
robotics development and innovation [81]. Contin-
uous improvement and optimization of path plan-
ning algorithms and methods enhance the naviga-
tion capabilities and intelligence of robots, further
facilitating the widespread application and adoption
of robotics. Therefore, the study of path planning
technology for mobile robots encompasses signif-
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Figure 4. Friedman mean ranks obtained by the employed algorithms on CEC 2017 benchmark functions
with 30 dimensions

Figure 5. Friedman mean ranks obtained by the employed algorithms on CEC 2017 benchmark functions
with 100 dimensions
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Table 1. Summary of the 30 CEC 2017 benchmark problems

Class No. Description Search Range Optimal
Unimodal F1 Shifted and Rotated Bent Cigar Function [-100, 100] 100

F2 Shifted and Rotated Sum of Different Power Function [-100, 100] 200
F3 Shifted and Rotated Zakharov Function [-100, 100] 300

Multimodal F4 Shifted and Rotated Rosenbrock’s Function [-100, 100] 400
F5 Shifted and Rotated Rastrigin’s Function [-100, 100] 500
F6 Shifted and Rotated Expanded Scaffer’s Function [-100, 100] 600
F7 Shifted and Rotated Lunacek Bi-Rastrigin Function [-100, 100] 700
F8 Shifted and Rotated Non-Continuous Rastrigin’s Function [-100, 100] 800
F9 Shifted and Rotated Levy Function [-100, 100] 900
F10 Shifted and Rotated Schwefel’s Function [-100, 100] 1000

Hybrid F11 Hybrid Function 1 (N = 3) [-100, 100] 1100
F12 Hybrid Function 2 (N = 3) [-100, 100] 1200
F13 Hybrid Function 3 (N = 3) [-100, 100] 1300
F14 Hybrid Function 4 (N = 4) [-100, 100] 1400
F15 Hybrid Function 5 (N = 4) [-100, 100] 1500
F16 Hybrid Function 6 (N = 4) [-100, 100] 1600
F17 Hybrid Function 6 (N = 5) [-100, 100] 1700
F18 Hybrid Function 6 (N = 5) [-100, 100] 1800
F19 Hybrid Function 6 (N = 5) [-100, 100] 1900
F20 Hybrid Function 6 (N = 6) [-100, 100] 2000

Composition F21 Composition Function 1 (N=3) [-100, 100] 2100
F22 Composition Function 2 (N=3) [-100, 100] 2200
F23 Composition Function 3 (N=4) [-100, 100] 2300
F24 Composition Function 4 (N=4) [-100, 100] 2400
F25 Composition Function 5 (N=5) [-100, 100] 2500
F26 Composition Function 6 (N=5) [-100, 100] 2600
F27 Composition Function 7 (N=6) [-100, 100] 2700
F28 Composition Function 8 (N=6) [-100, 100] 2800
F29 Composition Function 9 (N=3) [-100, 100] 2900
F30 Composition Function 10 (N=3) [-100, 100] 3000
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Table 2. Comparisons of nine algorithms on CEC 2017 benchmark functions with 30 dimensions
Function Results EO mEO LWMEO ISEO IEO MFO WEMFO DMMFO HMEO
F1 Mean 5.82E+03 4.97E+06 5.40E+03 5.81E+09 5.31E+03 6.20E+09 2.83E+07 1.04E+08 5.75E+03

Std 5.29E+03 5.96E+06 6.24E+03 1.42E+09 6.09E+03 6.68E+09 2.71E+07 2.63E+08 6.07E+03
f-rank 4 5 2 8 1 9 6 7 3

F3 Mean 1.45E+04 1.38E+04 2.29E+03 8.31E+04 8.64E+03 1.09E+05 5.18E+04 1.31E+05 3.95E+03
Std 5.13E+03 4.61E+03 1.78E+03 1.76E+04 3.29E+03 3.23E+04 8.85E+03 3.27E+04 2.13E+03
f-rank 5 4 1 7 3 8 6 9 2

F4 Mean 5.03E+02 5.06E+02 4.82E+02 8.58E+02 4.93E+02 8.09E+02 5.36E+02 5.24E+02 4.92E+02
Std 1.83E+01 1.88E+01 2.89E+01 1.55E+02 1.69E+01 3.52E+02 3.54E+01 2.51E+01 3.09E+01
f-rank 4 5 1 9 3 8 7 6 2

F5 Mean 5.61E+02 5.87E+02 6.68E+02 7.13E+02 5.46E+02 6.73E+02 6.50E+02 6.28E+02 5.57E+02
Std 1.61E+01 2.59E+01 3.88E+01 1.25E+01 1.17E+01 3.82E+01 4.46E+01 2.27E+01 1.87E+01
f-rank 3 4 7 9 1 8 6 5 2

F6 Mean 6.00E+02 6.03E+02 6.34E+02 6.11E+02 6.00E+02 6.25E+02 6.16E+02 6.10E+02 6.00E+02
Std 5.11E-02 1.22E+00 8.33E+00 1.93E+00 1.36E-02 8.47E+00 9.37E+00 6.32E+00 1.50E-02
f-rank 3 4 9 6 1 8 7 5 2

F7 Mean 7.98E+02 8.25E+02 1.04E+03 1.12E+03 7.77E+02 1.05E+03 8.76E+02 8.61E+02 7.89E+02
Std 2.43E+01 2.28E+01 8.00E+01 5.46E+01 1.50E+01 1.74E+02 4.48E+01 3.93E+01 1.65E+01
f-rank 3 4 7 9 1 8 6 5 2

F8 Mean 8.59E+02 8.83E+02 9.38E+02 1.01E+03 8.47E+02 9.80E+02 9.54E+02 9.38E+02 8.59E+02
Std 1.70E+01 2.10E+01 3.70E+01 1.57E+01 1.42E+01 4.43E+01 3.81E+01 3.51E+01 1.56E+01
f-rank 3 4 6 9 1 8 7 5 2

F9 Mean 9.22E+02 1.07E+03 4.72E+03 1.50E+03 9.02E+02 5.83E+03 5.08E+03 2.83E+03 9.06E+02
Std 4.57E+01 1.08E+02 1.12E+03 1.70E+02 1.63E+00 2.02E+03 2.52E+03 9.68E+02 5.02E+00
f-rank 3 4 7 5 1 9 8 6 2

F10 Mean 4.60E+03 5.07E+03 5.37E+03 8.47E+03 4.49E+03 5.42E+03 5.13E+03 4.81E+03 4.08E+03
Std 6.46E+02 8.57E+03 6.75E+02 3.05E+02 7.43E+02 7.47E+02 7.81E+02 6.62E+02 4.83E+02
f-rank 3 5 7 9 2 8 6 4 1

F11 Mean 1.17E+03 1.26E+03 1.28E+03 1.62E+03 1.17E+03 2.09E+03 1.42E+03 1.81E+03 1.14E+03
Std 3.63E+01 4.50E+01 6.46E+01 9.30E+01 4.28E+01 1.54E+03 1.53E+02 1.25E+03 3.38E+01
f-rank 2 4 5 7 3 9 6 8 1

F12 Mean 7.25E+05 3.73E+06 1.99E+05 7.90E+07 1.89E+05 1.23E+08 1.89E+07 5.68E+06 1.48E+05
Std 6.17E+05 2.90E+06 1.41E+05 3.05E+07 2.07E+05 3.49E+08 2.91E+07 6.03E+06 8.87E+04
f-rank 4 5 3 8 2 9 7 6 1

F13 Mean 2.85E+04 1.14E+05 1.79E+04 4.36E+06 2.25E+04 3.23E+06 7.81E+05 5.01E+04 2.39E+04
Std 2.00E+04 9.48E+04 1.50E+04 3.17E+06 1.85E+04 1.30E+07 1.84E+06 1.64E+05 2.07E+04
f-rank 4 6 1 9 2 8 7 5 3

F14 Mean 3.76E+04 5.13E+04 1.62E+04 7.87E+04 1.84E+04 1.33E+05 1.60E+05 1.78E+05 1.45E+04
Std 2.97E+04 4.30E+04 1.20E+04 4.19E+04 1.58E+04 1.08E+05 2.33E+05 2.78E+05 1.07E+04
f-rank 4 5 2 6 3 7 8 9 1

F15 Mean 4.41E+03 1.21E+04 1.00E+04 8.18E+04 5.99E+03 4.28E+04 3.06E+04 1.68E+04 4.00E+03
Std 2.83E+03 9.71E+03 1.27E+04 2.00E+05 5.73E+03 4.58E+04 2.47E+04 1.32E+04 4.20E+03
f-rank 2 5 4 9 3 8 7 6 1

F16 Mean 2.35E+03 2.47E+03 2.96E+03 3.15E+03 2.20E+03 3.14E+03 2.77E+03 2.67E+03 2.35E+03
Std 3.30E+02 3.23E+02 3.39E+02 2.04E+02 2.38E+02 4.02E+02 3.44E+02 3.42E+02 2.93E+02
f-rank 3 4 7 9 1 8 6 5 2

F17 Mean 1.97E+03 1.98E+03 2.43E+03 2.22E+03 1.90E+03 2.39E+03 2.31E+03 2.18E+03 2.04E+03
Std 1.60E+02 1.68E+02 3.03E+02 2.05E+02 1.07E+02 2.47E+02 2.14E+02 1.91E+02 1.85E+02
f-rank 2 3 9 6 1 8 7 5 4

F18 Mean 4.96E+05 6.34E+05 1.64E+05 4.33E+06 2.68E+05 3.66E+06 2.21E+06 3.75E+06 1.47E+05
Std 5.61E+05 5.15E+05 9.79E+04 2.49E+06 1.77E+05 5.51E+06 1.85E+06 4.42E+06 9.38E+04
f-rank 4 5 2 9 3 7 6 8 1

F19 Mean 8.98E+03 7.35E+03 9.83E+03 1.71E+05 9.31E+03 8.85E+06 1.42E+05 2.59E+04 6.87E+03
Std 1.10E+04 6.99E+03 1.12E+04 1.49E+05 1.32E+04 3.52E+07 3.82E+05 1.91E+04 6.96E+03
f-rank 3 2 5 8 4 9 7 6 1

F20 Mean 2.27E+03 2.28E+03 2.64E+03 2.52E+03 2.19E+03 2.58E+03 2.56E+03 2.45E+03 2.15E+03
Std 1.43E+02 1.33E+02 1.97E+02 2.51E+02 1.36E+02 2.11E+02 2.48E+02 1.74E+02 1.27E+02
f-rank 3 4 9 6 2 8 7 5 1

F21 Mean 2.35E+03 2.38E+03 2.47E+03 2.50E+03 2.34E+03 2.48E+03 2.45E+03 2.45E+03 2.34E+03
Std 1.56E+01 2.06E+01 5.17E+01 1.29E+01 1.08E+01 3.39E+01 4.31E+01 4.31E+01 1.86E+01
f-rank 3 4 7 9 1 8 5 5 2

F22 Mean 3.13E+03 2.31E+03 5.47E+03 6.33E+03 2.55E+03 6.30E+03 5.70E+03 3.65E+03 2.30E+03
Std 1.59E+03 3.48E+00 2.04E+03 3.38E+03 9.57E+02 1.65E+03 2.17E+03 1.96E+03 6.23E-01
f-rank 4 2 6 9 3 8 7 5 1

F23 Mean 2.70E+03 2.73E+03 2.91E+03 2.85E+03 2.69E+03 2.80E+03 2.78E+03 2.77E+03 2.69E+03
Std 1.62E+01 2.01E+01 6.10E+01 1.08E+01 1.56E+01 2.88E+01 3.30E+01 3.10E+01 1.44E+01
f-rank 3 4 9 8 2 7 6 5 1

F24 Mean 2.88E+03 2.89E+03 3.08E+03 3.01E+03 2.86E+03 2.96E+03 2.95E+03 2.93E+03 2.86E+03
Std 2.06E+01 1.86E+01 7.97E+01 1.26E+01 1.40E+01 2.68E+01 3.21E+01 2.39E+01 1.36E+01
f-rank 3 4 9 8 2 7 6 5 1

F25 Mean 2.89E+03 2.91E+03 2.90E+03 3.10E+03 2.89E+03 3.13E+03 2.92E+03 2.94E+03 2.88E+03
Std 2.76E+00 1.78E+02 1.81E+01 6.83E+01 1.04E+01 2.06E+02 3.16E+01 4.29E+01 7.17E+00
f-rank 2 5 4 8 3 9 6 7 1

F26 Mean 3.95E+03 4.33E+03 6.65E+03 5.65E+03 4.06E+03 5.53E+03 5.16E+03 4.94E+03 3.95E+03
Std 4.86E+02 3.17E+02 1.04E+03 1.23E+02 1.80E+02 4.46E+02 5.19E+02 3.46E+02 4.47E+02
f-rank 2 4 9 8 3 7 6 5 1

F27 Mean 3.21E+03 3.22E+03 3.26E+03 3.21E+03 3.21E+03 3.23E+03 3.23E+03 3.22E+03 3.21E+03
Std 9.31E+00 1.15E+01 2.71E+01 5.19E+00 8.78E+00 1.65E+01 2.08E+01 1.36E+01 1.31E+00
f-rank 4 5 9 2 3 7 8 6 1

F28 Mean 3.21E+03 3.26E+03 3.21E+03 3.40E+03 3.21E+03 3.68E+03 3.35E+03 3.34E+03 3.18E+03
Std 1.52E+01 3.84E+01 2.70E+01 3.80E+01 1.80E+01 4.82E+02 5.95E+01 6.30E+01 4.71E+01
f-rank 2 5 4 8 3 9 7 6 1

F29 Mean 3.53E+03 3.73E+03 4.10E+03 4.09E+03 3.56E+03 4.02E+03 3.99E+03 3.80E+03 3.55E+03
Std 1.42E+02 2.09E+02 2.67E+02 2.36E+02 1.31E+02 1.93E+02 2.13E+02 1.99E+02 1.69E+02
f-rank 1 4 9 8 3 7 6 5 2

F30 Mean 9.33E+03 8.91E+04 9.44E+03 7.83E+05 8.96E+03 3.00E+05 5.99E+05 3.31E+04 8.29E+03
Std 3.55E+03 1.07E+05 3.45E+03 3.80E+05 3.10E+03 4.82E+05 2.11E+06 2.88E+04 3.33E+03
f-rank 3 6 4 9 2 7 8 5 1
Average f-rank 3.07 4.31 5.66 7.76 2.17 7.97 6.62 5.83 1.59
Overall f-rank 3 4 5 8 2 9 7 6 1
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Table 3. Comparisons of nine algorithms on CEC 2017 benchmark functions with 100 dimensions
Function Results EO mEO LWMEO ISEO IEO MFO WEMFO DMMFO HMEO
F1 Mean 1.84E+08 9.07E+09 7.47E+05 1.74E+11 2.15E+07 1.31E+11 3.51E+10 2.99E+10 2.88E+04

Std 2.39E+08 2.35E+09 8.45E+05 1.82E+10 1.86E+07 3.66E+10 3.65E+09 7.47E+09 1.33E+04
f-rank 4 5 2 9 3 8 7 6 1

F3 Mean 4.06E+05 3.22E+05 4.95E+05 8.91E+05 3.81E+05 9.23E+05 3.45E+05 8.68E+05 2.05E+05
Std 5.91E+04 3.59E+04 1.81E+05 1.06E+06 4.44E+04 1.73E+05 2.14E+04 1.09E+05 1.79E+04
f-rank 5 2 6 8 4 9 3 7 1

F4 Mean 9.54E+02 1.87E+03 8.48E+02 2.77E+04 8.96E+02 1.61E+04 4.24E+03 3.41E+03 7.37E+02
Std 6.96E+01 3.05E+02 8.69E+01 6.69E+03 4.77E+01 6.22E+03 1.11E+03 6.99E+02 4.21E+01
f-rank 4 5 2 9 3 8 7 6 1

F5 Mean 1.06E+03 1.25E+03 1.34E+03 1.56E+03 9.30E+02 1.77E+03 1.37E+03 1.43E+03 9.45E+02
Std 7.53E+01 8.99E+01 9.95E+01 3.46E+01 6.28E+01 1.52E+02 6.82E+01 1.04E+02 5.25E+01
f-rank 3 4 5 8 1 9 6 7 2

F6 Mean 6.16E+02 6.34E+02 6.54E+02 6.41E+02 6.07E+02 6.77E+02 6.72E+02 6.66E+02 6.06E+02
Std 7.46E+00 8.01E+00 5.83E+00 4.41E+00 1.84E+02 6.32E+00 1.43E+01 1.01E+01 2.98E+00
f-rank 3 4 6 5 2 9 8 7 1

F7 Mean 1.59E+03 2.07E+03 3.23E+03 3.56E+03 1.37E+03 4.61E+03 2.61E+02 3.32E+03 1.37E+03
Std 1.24E+02 1.59E+02 2.74E+02 6.83E+02 9.38E+01 5.75E+02 1.38E+02 5.02E+02 1.18E+01
f-rank 4 5 6 8 3 9 1 7 2

F8 Mean 1.34E+03 1.55E+03 1.66E+03 1.87E+03 1.21E+03 2.04E+03 1.71E+03 1.72E+03 1.23E+03
Std 9.19E+01 7.49E+01 8.69E+01 4.77E+01 7.51E+01 1.47E+02 1.19E+02 1.14E+02 5.55E+01
f-rank 3 4 5 8 1 9 6 7 2

F9 Mean 1.96E+04 2.55E+04 2.55E+04 1.48E+04 9.81E+03 5.48E+04 4.67E+04 3.67E+04 1.56E+04
Std 5.63E+03 4.79E+03 2.84E+03 2.61E+03 3.11E+03 6.39E+03 1.54E+04 9.95E+03 2.58E+03
f-rank 4 6 5 2 1 9 8 7 3

F10 Mean 1.99E+04 2.12E+04 1.63E+04 3.24E+04 2.03E+04 1.83E+04 1.96E+04 1.81E+04 1.41E+04
Std 2.21E+03 1.79E+03 1.45E+03 7.99E+02 2.32E+03 1.49E+03 1.79E+03 1.27E+03 1.86E+03
f-rank 6 8 2 9 7 4 5 3 1

F11 Mean 1.96E+04 1.98E+04 4.03E+03 1.41E+05 1.41E+04 1.82E+05 7.85E+04 1.41E+05 4.29E+03
Std 4.56E+03 4.29E+03 1.77E+03 2.64E+04 3.94E+03 5.34E+04 1.41E+04 2.84E+04 9.09E+02
f-rank 4 5 1 7 3 9 6 8 2

F12 Mean 6.71E+07 7.79E+08 2.67E+07 2.79E+10 2.84E+07 2.78E+10 3.23E+09 2.62E+09 1.63E+07
Std 2.62E+07 1.87E+08 2.06E+07 7.79E+09 1.28E+07 1.22E+10 1.09E+09 1.28E+09 7.86E+06
f-rank 4 5 2 9 3 8 7 6 1

F13 Mean 2.19E+04 1.96E+06 1.39E+04 5.19E+09 1.37E+04 3.46E+09 2.84E+07 1.45E+07 1.52E+04
Std 9.08E+03 2.25E+06 5.79E+03 1.15E+09 6.71E+03 2.29E+09 3.97E+07 3.91E+07 8.42E+03
f-rank 4 5 2 9 1 8 7 6 3

F14 Mean 1.86E+06 3.42E+06 9.65E+05 4.38E+07 1.71E+06 1.39E+07 1.02E+07 1.23E+07 6.54E+05
Std 8.17E+05 2.09E+06 4.95E+05 1.81E+07 9.42E+05 1.57E+07 5.10E+06 5.44E+06 3.29E+05
f-rank 4 5 2 9 3 8 6 7 1

F15 Mean 6.45E+03 2.06E+05 5.09E+03 7.36E+08 5.28E+03 8.37E+08 4.85E+06 3.90E+05 6.01E+03
Std 2.85E+03 1.84E+05 1.48E+03 2.02E+08 2.79E+03 1.20E+09 1.59E+07 1.38E+06 3.76E+03
f-rank 4 5 1 8 2 9 7 6 3

F16 Mean 5.99E+03 6.72E+03 6.46E+03 1.04E+04 5.53E+03 8.16E+03 7.43E+03 6.66E+03 4.95E+03
Std 9.54E+02 9.18E+02 6.80E+02 3.76E+02 9.06E+02 6.93E+02 7.42E+02 7.32E+02 7.71E+02
f-rank 3 6 4 9 2 8 7 5 1

F17 Mean 4.98E+03 5.51E+03 6.06E+03 8.46E+03 4.59E+03 7.77E+03 6.28E+03 6.07E+03 4.77E+03
Std 6.17E+02 6.19E+02 5.88E+02 4.23E+02 6.22E+02 1.41E+03 6.88E+02 5.77E+02 5.69E+02
f-rank 3 4 5 9 1 8 7 6 2

F18 Mean 2.90E+06 4.65E+06 1.16E+06 9.32E+07 2.43E+06 1.66E+07 1.45E+07 1.60E+07 1.34E+06
Std 1.45E+06 1.86E+06 5.39E+05 3.35E+07 1.13E+06 1.13E+07 6.15E+06 8.41E+06 3.98E+05
f-rank 4 5 1 9 3 8 6 7 2

F19 Mean 6.33E+03 1.54E+06 7.49E+03 8.40E+08 5.70E+03 3.33E+08 9.15E+06 1.77E+06 6.50E+03
Std 5.59E+03 9.78E+05 5.14E+03 2.00E+08 4.88E+03 4.62E+08 1.56E+07 4.27E+06 5.34E+03
f-rank 2 5 4 9 1 8 7 6 3

F20 Mean 5.31E+03 5.26E+03 5.65E+03 7.57E+03 4.78E+03 5.76E+03 5.78E+03 5.22E+03 4.58E+03
Std 5.18E+02 5.66E+02 4.52E+02 2.71E+02 4.99E+02 5.77E+02 4.96E+02 5.20E+02 5.90E+02
f-rank 5 4 6 9 2 7 8 3 1

F21 Mean 2.77E+03 2.94E+03 3.58E+03 3.34E+03 2.65E+03 3.57E+03 3.21E+03 3.26E+03 2.65E+03
Std 7.10E+01 7.78E+01 2.63E+02 3.38E+01 3.74E+01 1.19E+02 1.05E+02 1.34E+02 5.78E+01
f-rank 3 4 9 7 1 8 5 6 2

F22 Mean 2.29E+04 2.35E+04 1.93E+04 3.44E+04 2.26E+04 2.09E+04 2.20E+04 2.08E+04 1.58E+04
Std 2.02E+03 2.01E+03 2.18E+03 7.21E+02 2.04E+03 1.72E+03 1.15E+03 1.57E+03 5.61E+03
f-rank 7 8 2 9 6 4 5 3 1

F23 Mean 3.22E+03 3.38E+03 4.14E+03 3.74E+03 3.11E+03 3.75E+03 3.72E+03 3.58E+03 3.15E+03
Std 5.80E+01 1.06E+02 2.43E+02 3.82E+01 5.46E+01 9.86E+01 1.23E+02 9.39E+01 5.08E+01
f-rank 3 4 9 7 1 8 6 5 2

F24 Mean 3.66E+03 3.85E+03 5.06E+03 4.24E+03 3.57E+03 4.28E+03 4.23E+03 4.08E+03 3.62E+03
Std 7.38E+01 9.70E+01 2.81E+02 2.83E+01 6.35E+01 1.48E+02 1.16E+02 1.03E+02 7.63E+01
f-rank 3 4 9 7 1 8 6 5 2

F25 Mean 3.63E+03 4.49E+03 3.53E+03 2.03E+04 3.54E+03 1.50E+04 6.41E+03 7.86E+03 3.38E+03
Std 6.23E+01 2.11E+02 9.84E+01 3.33E+03 5.61E+01 3.94E+03 6.90E+02 1.33E+03 5.63E+01
f-rank 4 5 2 9 3 8 6 7 1

F26 Mean 1.03E+04 1.27E+04 2.29E+04 1.63E+04 9.03E+04 1.76E+04 1.62E+04 1.51E+04 1.00E+04
Std 8.58E+02 1.34E+03 2.54E+03 5.21E+02 8.36E+02 1.12E+03 1.05E+03 1.14E+03 1.59E+03
f-rank 2 3 8 6 9 7 5 4 1

F27 Mean 3.50E+03 3.62E+03 3.95E+03 3.85E+03 3.51E+03 3.85E+03 3.80E+03 3.70E+03 3.46E+03
Std 5.35E+01 6.03E+01 1.81E+02 1.33E+02 4.84E+01 2.00E+02 1.14E+02 1.13E+02 4.43E+01
f-rank 2 4 9 7 3 8 6 5 1

F28 Mean 3.79E+03 4.92E+03 3.67E+03 1.64E+04 3.68E+03 1.78E+04 1.51E+04 1.51E+04 3.51E+03
Std 7.14E+01 4.93E+02 9.31E+01 1.59E+03 5.41E+01 1.55E+03 3.07E+03 1.83E+03 4.94E+01
f-rank 4 5 2 8 3 9 7 6 1

F29 Mean 6.59E+03 7.57E+03 7.82E+03 1.11E+04 6.27E+03 9.49E+03 8.65E+03 7.54E+03 6.08E+03
Std 7.51E+02 7.43E+02 6.73E+02 5.41E+02 6.81E+02 1.30E+03 7.59E+02 6.38E+02 5.93E+02
f-rank 3 5 6 9 2 8 7 4 1

F30 Mean 1.96E+05 1.60E+07 2.18E+05 1.46E+09 5.34E+04 1.43E+09 2.90E+07 8.20E+06 4.50E+04
Std 1.66E+05 9.80E+06 2.19E+05 4.45E+08 3.60E+04 1.22E+09 2.14E+07 8.85E+06 2.55E+04
f-rank 3 6 4 9 2 8 7 5 1
Average f-rank 3.69 4.83 4.38 7.97 2.66 7.97 6.17 5.76 1.59
Overall f-rank 3 5 4 8 2 8 7 6 1
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Table 3. Comparisons of nine algorithms on CEC 2017 benchmark functions with 100 dimensions
Function Results EO mEO LWMEO ISEO IEO MFO WEMFO DMMFO HMEO
F1 Mean 1.84E+08 9.07E+09 7.47E+05 1.74E+11 2.15E+07 1.31E+11 3.51E+10 2.99E+10 2.88E+04

Std 2.39E+08 2.35E+09 8.45E+05 1.82E+10 1.86E+07 3.66E+10 3.65E+09 7.47E+09 1.33E+04
f-rank 4 5 2 9 3 8 7 6 1

F3 Mean 4.06E+05 3.22E+05 4.95E+05 8.91E+05 3.81E+05 9.23E+05 3.45E+05 8.68E+05 2.05E+05
Std 5.91E+04 3.59E+04 1.81E+05 1.06E+06 4.44E+04 1.73E+05 2.14E+04 1.09E+05 1.79E+04
f-rank 5 2 6 8 4 9 3 7 1

F4 Mean 9.54E+02 1.87E+03 8.48E+02 2.77E+04 8.96E+02 1.61E+04 4.24E+03 3.41E+03 7.37E+02
Std 6.96E+01 3.05E+02 8.69E+01 6.69E+03 4.77E+01 6.22E+03 1.11E+03 6.99E+02 4.21E+01
f-rank 4 5 2 9 3 8 7 6 1

F5 Mean 1.06E+03 1.25E+03 1.34E+03 1.56E+03 9.30E+02 1.77E+03 1.37E+03 1.43E+03 9.45E+02
Std 7.53E+01 8.99E+01 9.95E+01 3.46E+01 6.28E+01 1.52E+02 6.82E+01 1.04E+02 5.25E+01
f-rank 3 4 5 8 1 9 6 7 2

F6 Mean 6.16E+02 6.34E+02 6.54E+02 6.41E+02 6.07E+02 6.77E+02 6.72E+02 6.66E+02 6.06E+02
Std 7.46E+00 8.01E+00 5.83E+00 4.41E+00 1.84E+02 6.32E+00 1.43E+01 1.01E+01 2.98E+00
f-rank 3 4 6 5 2 9 8 7 1

F7 Mean 1.59E+03 2.07E+03 3.23E+03 3.56E+03 1.37E+03 4.61E+03 2.61E+02 3.32E+03 1.37E+03
Std 1.24E+02 1.59E+02 2.74E+02 6.83E+02 9.38E+01 5.75E+02 1.38E+02 5.02E+02 1.18E+01
f-rank 4 5 6 8 3 9 1 7 2

F8 Mean 1.34E+03 1.55E+03 1.66E+03 1.87E+03 1.21E+03 2.04E+03 1.71E+03 1.72E+03 1.23E+03
Std 9.19E+01 7.49E+01 8.69E+01 4.77E+01 7.51E+01 1.47E+02 1.19E+02 1.14E+02 5.55E+01
f-rank 3 4 5 8 1 9 6 7 2

F9 Mean 1.96E+04 2.55E+04 2.55E+04 1.48E+04 9.81E+03 5.48E+04 4.67E+04 3.67E+04 1.56E+04
Std 5.63E+03 4.79E+03 2.84E+03 2.61E+03 3.11E+03 6.39E+03 1.54E+04 9.95E+03 2.58E+03
f-rank 4 6 5 2 1 9 8 7 3

F10 Mean 1.99E+04 2.12E+04 1.63E+04 3.24E+04 2.03E+04 1.83E+04 1.96E+04 1.81E+04 1.41E+04
Std 2.21E+03 1.79E+03 1.45E+03 7.99E+02 2.32E+03 1.49E+03 1.79E+03 1.27E+03 1.86E+03
f-rank 6 8 2 9 7 4 5 3 1

F11 Mean 1.96E+04 1.98E+04 4.03E+03 1.41E+05 1.41E+04 1.82E+05 7.85E+04 1.41E+05 4.29E+03
Std 4.56E+03 4.29E+03 1.77E+03 2.64E+04 3.94E+03 5.34E+04 1.41E+04 2.84E+04 9.09E+02
f-rank 4 5 1 7 3 9 6 8 2

F12 Mean 6.71E+07 7.79E+08 2.67E+07 2.79E+10 2.84E+07 2.78E+10 3.23E+09 2.62E+09 1.63E+07
Std 2.62E+07 1.87E+08 2.06E+07 7.79E+09 1.28E+07 1.22E+10 1.09E+09 1.28E+09 7.86E+06
f-rank 4 5 2 9 3 8 7 6 1

F13 Mean 2.19E+04 1.96E+06 1.39E+04 5.19E+09 1.37E+04 3.46E+09 2.84E+07 1.45E+07 1.52E+04
Std 9.08E+03 2.25E+06 5.79E+03 1.15E+09 6.71E+03 2.29E+09 3.97E+07 3.91E+07 8.42E+03
f-rank 4 5 2 9 1 8 7 6 3

F14 Mean 1.86E+06 3.42E+06 9.65E+05 4.38E+07 1.71E+06 1.39E+07 1.02E+07 1.23E+07 6.54E+05
Std 8.17E+05 2.09E+06 4.95E+05 1.81E+07 9.42E+05 1.57E+07 5.10E+06 5.44E+06 3.29E+05
f-rank 4 5 2 9 3 8 6 7 1

F15 Mean 6.45E+03 2.06E+05 5.09E+03 7.36E+08 5.28E+03 8.37E+08 4.85E+06 3.90E+05 6.01E+03
Std 2.85E+03 1.84E+05 1.48E+03 2.02E+08 2.79E+03 1.20E+09 1.59E+07 1.38E+06 3.76E+03
f-rank 4 5 1 8 2 9 7 6 3

F16 Mean 5.99E+03 6.72E+03 6.46E+03 1.04E+04 5.53E+03 8.16E+03 7.43E+03 6.66E+03 4.95E+03
Std 9.54E+02 9.18E+02 6.80E+02 3.76E+02 9.06E+02 6.93E+02 7.42E+02 7.32E+02 7.71E+02
f-rank 3 6 4 9 2 8 7 5 1

F17 Mean 4.98E+03 5.51E+03 6.06E+03 8.46E+03 4.59E+03 7.77E+03 6.28E+03 6.07E+03 4.77E+03
Std 6.17E+02 6.19E+02 5.88E+02 4.23E+02 6.22E+02 1.41E+03 6.88E+02 5.77E+02 5.69E+02
f-rank 3 4 5 9 1 8 7 6 2

F18 Mean 2.90E+06 4.65E+06 1.16E+06 9.32E+07 2.43E+06 1.66E+07 1.45E+07 1.60E+07 1.34E+06
Std 1.45E+06 1.86E+06 5.39E+05 3.35E+07 1.13E+06 1.13E+07 6.15E+06 8.41E+06 3.98E+05
f-rank 4 5 1 9 3 8 6 7 2

F19 Mean 6.33E+03 1.54E+06 7.49E+03 8.40E+08 5.70E+03 3.33E+08 9.15E+06 1.77E+06 6.50E+03
Std 5.59E+03 9.78E+05 5.14E+03 2.00E+08 4.88E+03 4.62E+08 1.56E+07 4.27E+06 5.34E+03
f-rank 2 5 4 9 1 8 7 6 3

F20 Mean 5.31E+03 5.26E+03 5.65E+03 7.57E+03 4.78E+03 5.76E+03 5.78E+03 5.22E+03 4.58E+03
Std 5.18E+02 5.66E+02 4.52E+02 2.71E+02 4.99E+02 5.77E+02 4.96E+02 5.20E+02 5.90E+02
f-rank 5 4 6 9 2 7 8 3 1

F21 Mean 2.77E+03 2.94E+03 3.58E+03 3.34E+03 2.65E+03 3.57E+03 3.21E+03 3.26E+03 2.65E+03
Std 7.10E+01 7.78E+01 2.63E+02 3.38E+01 3.74E+01 1.19E+02 1.05E+02 1.34E+02 5.78E+01
f-rank 3 4 9 7 1 8 5 6 2

F22 Mean 2.29E+04 2.35E+04 1.93E+04 3.44E+04 2.26E+04 2.09E+04 2.20E+04 2.08E+04 1.58E+04
Std 2.02E+03 2.01E+03 2.18E+03 7.21E+02 2.04E+03 1.72E+03 1.15E+03 1.57E+03 5.61E+03
f-rank 7 8 2 9 6 4 5 3 1

F23 Mean 3.22E+03 3.38E+03 4.14E+03 3.74E+03 3.11E+03 3.75E+03 3.72E+03 3.58E+03 3.15E+03
Std 5.80E+01 1.06E+02 2.43E+02 3.82E+01 5.46E+01 9.86E+01 1.23E+02 9.39E+01 5.08E+01
f-rank 3 4 9 7 1 8 6 5 2

F24 Mean 3.66E+03 3.85E+03 5.06E+03 4.24E+03 3.57E+03 4.28E+03 4.23E+03 4.08E+03 3.62E+03
Std 7.38E+01 9.70E+01 2.81E+02 2.83E+01 6.35E+01 1.48E+02 1.16E+02 1.03E+02 7.63E+01
f-rank 3 4 9 7 1 8 6 5 2

F25 Mean 3.63E+03 4.49E+03 3.53E+03 2.03E+04 3.54E+03 1.50E+04 6.41E+03 7.86E+03 3.38E+03
Std 6.23E+01 2.11E+02 9.84E+01 3.33E+03 5.61E+01 3.94E+03 6.90E+02 1.33E+03 5.63E+01
f-rank 4 5 2 9 3 8 6 7 1

F26 Mean 1.03E+04 1.27E+04 2.29E+04 1.63E+04 9.03E+04 1.76E+04 1.62E+04 1.51E+04 1.00E+04
Std 8.58E+02 1.34E+03 2.54E+03 5.21E+02 8.36E+02 1.12E+03 1.05E+03 1.14E+03 1.59E+03
f-rank 2 3 8 6 9 7 5 4 1

F27 Mean 3.50E+03 3.62E+03 3.95E+03 3.85E+03 3.51E+03 3.85E+03 3.80E+03 3.70E+03 3.46E+03
Std 5.35E+01 6.03E+01 1.81E+02 1.33E+02 4.84E+01 2.00E+02 1.14E+02 1.13E+02 4.43E+01
f-rank 2 4 9 7 3 8 6 5 1

F28 Mean 3.79E+03 4.92E+03 3.67E+03 1.64E+04 3.68E+03 1.78E+04 1.51E+04 1.51E+04 3.51E+03
Std 7.14E+01 4.93E+02 9.31E+01 1.59E+03 5.41E+01 1.55E+03 3.07E+03 1.83E+03 4.94E+01
f-rank 4 5 2 8 3 9 7 6 1

F29 Mean 6.59E+03 7.57E+03 7.82E+03 1.11E+04 6.27E+03 9.49E+03 8.65E+03 7.54E+03 6.08E+03
Std 7.51E+02 7.43E+02 6.73E+02 5.41E+02 6.81E+02 1.30E+03 7.59E+02 6.38E+02 5.93E+02
f-rank 3 5 6 9 2 8 7 4 1

F30 Mean 1.96E+05 1.60E+07 2.18E+05 1.46E+09 5.34E+04 1.43E+09 2.90E+07 8.20E+06 4.50E+04
Std 1.66E+05 9.80E+06 2.19E+05 4.45E+08 3.60E+04 1.22E+09 2.14E+07 8.85E+06 2.55E+04
f-rank 3 6 4 9 2 8 7 5 1
Average f-rank 3.69 4.83 4.38 7.97 2.66 7.97 6.17 5.76 1.59
Overall f-rank 3 5 4 8 2 8 7 6 1
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icant practical and theoretical implications, con-
tributing to advancements in autonomous naviga-
tion capabilities, resource optimization, operational
efficiency, safety, and the overall progress of the
robotics field.

The purpose of studying path planning tech-
niques for mobile robots is to determine an
obstacle-free path between the initial and target po-
sitions in an environment containing various ob-
stacles [82]. Methodologically, the solutions to
this problem can be divided into traditional and in-
telligent methods. The traditional methods used
in MRPP include grid-based methods, cell de-
composition methods, and visual mapping meth-
ods. However, these traditional strategies suf-
fer from computational complexity and inefficiency
in the face of complex environments. Therefore,
researchers strive to adopt intelligent methods to
address these limitations and achieve more effi-
cient solutions to MRPP problems. An influen-
tial class of intelligent techniques in this area re-
volves around metaheuristic-based MRPP methods
that have demonstrated their competitive advan-
tage and effectiveness through extensive research
efforts. These methods make use of optimization
algorithms inspired by natural phenomena or so-
cial behavior, such as PSO, FA, ABC, and SSA.
Through the exploration of intelligent methods, re-
searchers have worked to improve the efficiency,
adaptability, and robustness of MRPP algorithms,
enabling mobile robots to navigate complex envi-
ronments more effectively.

In [83], the search capability of the SSA al-
gorithm is enhanced by employing reverse learn-
ing based on the principle of optical lens imag-
ing and a rank-driven dynamic learning mecha-
nism. The improved SSA algorithm is referred to
as OOSSA, and it is utilized for designing obstacle-
free paths for autonomous mobile robots (AMR)
in different environments. Experimental results
demonstrate that OOSSA provides optimal paths
compared to classical metaheuristic algorithms. In
[84], an enhanced SSA algorithm based on orthog-
onal quasi-opposite learning, known as OBDSSA,
is proposed. In OBDSSA, an enhanced reverse
learning mechanism is employed to help the pop-
ulation escape local optima, and dynamic learning
techniques are used to facilitate individual explo-
ration of unexplored regions. The performance of

the MRPP method based on OBDSSA is investi-
gated in five different environments and compared
with advanced metaheuristic algorithms. The com-
parative results indicate that OBDSSA is an effec-
tive path planning algorithm. In [85], an improved
genetic algorithm-based path planning method is
proposed. The enhanced genetic algorithm in-
corporates dynamic mutation rates and switchable
global-local search operations to improve conver-
gence speed and reduce computational costs. The
improved genetic algorithm is directly applied to
provide smooth paths for mobile robots. The ef-
fectiveness of the algorithm is validated through a
series of experiments. In [86], a quantum-behaved
particle swarm optimization (PSO) algorithm for
the MRPP problem, named EDPSO, is introduced.
In EDPSO, a diversity peak strategy is implemented
to enhance the diversity of the population, thereby
reducing the probability of the algorithm getting
trapped in local optima. The proposed algorithm is
simulated in four environments with different com-
plexities. Through simulations, the EDPSO algo-
rithm is proven capable of generating collision-free
and planned trajectories. Overall, these studies con-
tribute to the advancement of path planning tech-
niques for mobile robots by introducing novel algo-
rithmic enhancements and demonstrating their ef-
fectiveness through experimental evaluations. The
impact of these advances extends to a wide range
of real-world applications, including autonomous
robotics, industrial automation, transportation sys-
tems, and search and rescue missions. In addition,
continued research and development of MRPP tech-
nology contributes to advances in robotics, paving
the way for increasingly intelligent and autonomous
robotic systems of the future. The objective of this
subsection is to apply the HMEO algorithm to solve
the MRPP problem in AMRs. To validate the effec-
tiveness of the proposed method, a series of sys-
tematic experiments were conducted to evaluate its
performance.

6.1 Robot path planning problem descrip-
tion

From a topological perspective, the Mobile
Robot Path Planning (MRPP) problem involves de-
termining a path between two points in a plane
that is both short in distance and free from obsta-
cles. This problem can be transformed into an op-
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timization problem, which can be effectively ad-
dressed using metaheuristic algorithms. The pro-
cess of solving such problems with metaheuristic
algorithms generally involves three steps: firstly,
formulating the objective function that represents
the problem’s requirements; secondly, selecting an
optimization tool in the metaheuristic family; and
finally, iteratively optimizing the objective function
using the chosen algorithm to obtain the optimal
solution. Undoubtedly, the design of the objective
function is of utmost importance as it directly influ-
ences the quality of the path generated by the algo-
rithm. In this study, the objective function is crafted
by considering two essential factors: the first objec-
tive aims to identify the shortest path, while the sec-
ond objective focuses on circumventing all obsta-
cles. Drawing upon the aforementioned considera-
tions, the following objective function is devised:

objectiveValue(OV) = L(1+σ ·η) (20)

where OV indicates the objective value, L means
the path length, σ denotes the penalty factor, and
η represents the sign variable. The metaheuris-
tic technique aims to minimize the aforementioned
objective function through iterative computations.
The first constraint is fulfilled by reducing the path
length, while the second constraint is met by min-
imizing the sign variable. The flag variable is uti-
lized to indicate whether the path encounters any
obstacles or not. A flag variable equal to 0 indi-
cates that the current path is obstacle-free, whereas
a higher flag variable discourages paths that traverse
through obstacles.

6.2 Experiment and results

In this subsection, the MRPP problem is emu-
lated in five distinct environmental maps of vary-
ing complexity utilizing a range of nature-inspired
intelligent algorithms. The effectiveness of the
HMEO algorithm in addressing the MRPP prob-
lem is examined by comparing its results with those
obtained by ABC, FA, PSO, and GWO. The five
topographies employed for simulating the MRPP
problem were selected from [87], and their specific
details are outlined in Table 4. To ensure a fair com-
parison, the specific parameters of the comparison
algorithms utilized were extracted from the origi-
nal literature sources for each respective algorithm.

The path lengths generated by each algorithm under
different environmental conditions are presented in
Table 5, accompanied by the corresponding trajec-
tories depicted in Figures 6-10.

Table 5 presents a comparative analysis of
the path lengths obtained by the five involved al-
gorithms in five different environmental settings.
Based on the comparison results, it is evident that
the HMEO algorithm consistently yields the short-
est paths across all terrains. This compelling out-
come underscores the efficacy and practical appli-
cability of the HMEO-based MRPP method. These
findings highlight the superior performance and ef-
ficiency of the HMEO algorithm in addressing the
MRPP problem, further demonstrating its potential
for real-world implementation. These results affirm
the value of adopting nature-inspired metaheuris-
tics, especially the HMEO algorithm, for effective
path planning in different environmental scenarios.
The advantages of HMEO in achieving shorter path
lengths in all environmental setups emphasize its
significance as a promising tool for MRPP chal-
lenges in AMRs.

According to Figure 6, the paths generated by
GWO and SSA exhibit similar trajectories, while
ABC, FA, PSO, and HMEO produce another set
of similar trajectories. It is evident that the paths
generated by ABC, FA, and PSO exhibit redun-
dancy, indicating that these methods may have be-
come trapped in local optima. In contrast, HMEO
yields the shortest path.

From Figure 7, it can be observed that the paths
generated by GWO and SSA are the least favorable,
showing significant redundancy. On the other hand,
ABC, FA, PSO, and HMEO produce more direct
paths. In comparison to the other three algorithms,
the path generated by HMEO is smoother and has a
shorter length.

Considering Figure 8, the paths generated by
ABC, FA, GWO, and SSA exhibit more convo-
luted trajectories, resulting in longer path lengths.
In contrast, PSO and HMEO generate more direct
obstacle-free paths, effectively reducing the path
length. Compared to the PSO algorithm, the path
planned by HMEO is more sensible, resulting in a
shorter path length.

From Figure 9, it can be observed that all six al-
gorithms generate similar obstacle-free trajectories.
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where OV indicates the objective value, L means
the path length, σ denotes the penalty factor, and
η represents the sign variable. The metaheuris-
tic technique aims to minimize the aforementioned
objective function through iterative computations.
The first constraint is fulfilled by reducing the path
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lized to indicate whether the path encounters any
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intelligent algorithms. The effectiveness of the
HMEO algorithm in addressing the MRPP prob-
lem is examined by comparing its results with those
obtained by ABC, FA, PSO, and GWO. The five
topographies employed for simulating the MRPP
problem were selected from [87], and their specific
details are outlined in Table 4. To ensure a fair com-
parison, the specific parameters of the comparison
algorithms utilized were extracted from the origi-
nal literature sources for each respective algorithm.

The path lengths generated by each algorithm under
different environmental conditions are presented in
Table 5, accompanied by the corresponding trajec-
tories depicted in Figures 6-10.

Table 5 presents a comparative analysis of
the path lengths obtained by the five involved al-
gorithms in five different environmental settings.
Based on the comparison results, it is evident that
the HMEO algorithm consistently yields the short-
est paths across all terrains. This compelling out-
come underscores the efficacy and practical appli-
cability of the HMEO-based MRPP method. These
findings highlight the superior performance and ef-
ficiency of the HMEO algorithm in addressing the
MRPP problem, further demonstrating its potential
for real-world implementation. These results affirm
the value of adopting nature-inspired metaheuris-
tics, especially the HMEO algorithm, for effective
path planning in different environmental scenarios.
The advantages of HMEO in achieving shorter path
lengths in all environmental setups emphasize its
significance as a promising tool for MRPP chal-
lenges in AMRs.

According to Figure 6, the paths generated by
GWO and SSA exhibit similar trajectories, while
ABC, FA, PSO, and HMEO produce another set
of similar trajectories. It is evident that the paths
generated by ABC, FA, and PSO exhibit redun-
dancy, indicating that these methods may have be-
come trapped in local optima. In contrast, HMEO
yields the shortest path.

From Figure 7, it can be observed that the paths
generated by GWO and SSA are the least favorable,
showing significant redundancy. On the other hand,
ABC, FA, PSO, and HMEO produce more direct
paths. In comparison to the other three algorithms,
the path generated by HMEO is smoother and has a
shorter length.

Considering Figure 8, the paths generated by
ABC, FA, GWO, and SSA exhibit more convo-
luted trajectories, resulting in longer path lengths.
In contrast, PSO and HMEO generate more direct
obstacle-free paths, effectively reducing the path
length. Compared to the PSO algorithm, the path
planned by HMEO is more sensible, resulting in a
shorter path length.

From Figure 9, it can be observed that all six al-
gorithms generate similar obstacle-free trajectories.
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Table 4. Type of environment
Terrain No. Initial Final X axis Y axis Obstacle radius

obstacle coordinates coordinates
Map 1 3 0, 0 4, 6 [1 1.8 4.5] [1 5.0 0.9] [0.8 1.5 1]
Map 2 6 0, 0 10, 10 [1.5 8.5 3.2 6.0 1.2 7.0] [4.5 6.5 2.5 3.5 1.5 8.0] [1.5 0.9 0.4 0.6 0.8 0.6]
Map 3 13 3, 3 14, 14 [1.5 4.0 1.2 5.2 9.5 6.5 10.8 [4.5 3.0 1.5 3.7 10.3 7.3 6.3 [0.5 0.4 0.4 0.8 0.7 0.7 0.7 0.7

5.9 3.4 8.6 11.6 3.3 11.8] 9.9 5.6 8.2 8.6 11.5 11.5] 0.7 0.7 0.7 0.7 0.7]
Map 4 30 3, 3 14, 14 [10.1 10.6 11.1 11.6 12.1 11.2 [8.8 8.8 8.8 8.8 8.8 11.7 11.7 [0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4

11.7 12.2 12.7 13.2 11.4 11.9 11.7 11.7 11.7 9.3 9.3 9.3 9.3 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
12.4 12.9 13.4 8 8.5 9 9.5 10 9.3 5.3 5.3 5.3 5.3 5.3 6.7 6.7 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
9.3 9.8 10.3 10.8 11.3 5.9 6.4 6.7 6.7 6.7 8.4 8.4 8.4 8.4 8.4] 0.4 0.4 0.4 0.4 0.4 0.4]
6.9 7.4 7.9]

Map 5 45 0, 0 15, 15 [2 2 2 2 2 2 4 4 4 4 4 4 4 4 4 [8 8.5 9 9.5 10 10.5 3 3.5 4 4.5 5 [0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
6 6 6 8 8 8 8 8 8 8 8 8 10 10 5.5 6 6.5 7 11 11.5 12 1 1.5 2 2.5 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
10 10 10 10 10 10 10 12 12 3 3.4 4 4.5 5 6 6.5 7 7.5 8 8.5 9 9.5 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
12 12 12 14 14 14 14] 10 10 10.5 11 11.5 12 10 10.5 11 11.5] 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4

0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
0.4 0.4 0.4 0.4 0.4]

Table 5. The minimum route length comparison of HMEO-based MRPP method and comparison
approaches under five environmental setups

Terrain
PSO FA ABC GWO SSA HMEO
Path length Path length Path length Path length Path length Path length

Map 1 7.4272 7.8184 7.4914 7.7769 8.0519 7.4146
Map 2 14.3192 14.4166 14.4468 16.6788 16.8134 14.3081
Map 3 16.8099 16.6557 18.6264 18.9443 16.6091 15.8608
Map 4 16.2252 16.4926 16.3881 17.3659 17.4373 16.1969
Map 5 24.7897 22.2073 22.7309 22.3784 22.8333 21.5777

Clearly, the paths generated by ABC, FA, GWO,
and SSA contain redundant segments, indicating
that these algorithms may have become trapped in
local optima during the iterative optimization pro-
cess. The paths planned by PSO and HMEO are
more reasonable, leading to shorter path lengths. In
comparison to PSO, the path generated by HMEO
is smoother, closely following the obstacles while
avoiding collisions, making it a more reasonable
choice.

Figure 10 displays the paths planned by the six
algorithms in the challenging environment setting
5. It is evident that ABC, FA, GWO, PSO, and SSA
all become trapped in local optima, resulting in un-
necessary turns. In contrast, HMEO plans a smooth
trajectory that navigates smoothly between obsta-
cles without passing through any of them. This
demonstrates the powerful search capabilities of the
HMEO algorithm, making it an excellent path plan-
ner.

Based on the above description, the experimen-
tal analysis reveals that the HMEO algorithm out-
performs the compared algorithms in terms of gen-
erating shorter, more direct, and smoother paths in
different environmental settings.

7 Discussions

According to the comparative experimental re-
sults on the CEC 2017 test suite, when compar-
ing EO and HMEO on the same set of functions,
HMEO not only demonstrates superiority in terms
of convergence speed but also exhibits significantly
better convergence accuracy than the basic EO. Fur-
thermore, the performance of the developed HMEO
in escaping local optima and stability surpasses
that of EO. Comparative experiments with vari-
ous advanced metaheuristic algorithms also vali-
date the superior convergence performance of the
proposed algorithm. To assess the impact of the
proposed hybrid algorithm on the optimization ca-
pability of individual algorithms, this paper com-
pares the HMEO algorithm with the basic EO and
basic MFO algorithms. The experimental results
indicate that the performance of the hybrid algo-
rithm outperforms both individual algorithms, con-
firming the effectiveness of the proposed hybrid ap-
proach. However, due to the integration of opera-
tors from two algorithms during the search process,
this algorithm incurs higher computational costs
compared to basic EO and MFO. In further experi-
ments applying HMEO to the MRPP, performance
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Figure 6. Map 1 (a) ABC, (b) FA, (c) GWO, (d) PSO, (e) SSA, and (f) HMEO

Figure 7. Map 2 (a) ABC, (b) FA, (c) GWO, (d) PSO, (e) SSA, and (f) HMEO
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Figure 6. Map 1 (a) ABC, (b) FA, (c) GWO, (d) PSO, (e) SSA, and (f) HMEO

Figure 7. Map 2 (a) ABC, (b) FA, (c) GWO, (d) PSO, (e) SSA, and (f) HMEO
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Figure 8. Map 3 (a) ABC, (b) FA, (c) GWO, (d) PSO, (e) SSA, and (f) HMEO

Figure 9. Map 4 (a) ABC, (b) FA, (c) GWO, (d) PSO, (e) SSA, and (f) HMEO
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Figure 10. Map 5 (a) ABC, (b) FA, (c) GWO, (d) PSO, (e) SSA, and (f) HMEO

analysis based on shortest paths and scalability re-
veals that when HMEO is applied to the MRPP
problem, its performance exceeds that of classical
metaheuristic-based MRPP methods. Nevertheless,
the CPU computation time required for path plan-
ning slightly exceeds that of comparative methods
due to increased computational complexity when
applying the HMEO algorithm to the MRPP prob-
lem. This drawback can be mitigated by employing
parallel computing. Finally, the advocated HMEO’s
further application areas are the focus of our fu-
ture research, such as image segmentation, image
denoising, recommendation systems, and more.

Conclusion

This study proposes a novel hybrid algorithm
based on EO and MFO, called HMEO. The HMEO
algorithm utilizes the search framework of EO as
its foundation, while incorporating the behavioral
mechanisms of MFO for integration. By integrating
the two algorithms, the HMEO algorithm aims to
address the limitations of EO and MFO while lever-
aging their respective strengths. Extensive simula-
tions using 29 benchmark functions from CEC 2017
test suite show that the proposed HMEO algorithm
outperforms the original versions of EO and MFO,
as well as other widely recognized variants of both
algorithms. In addition, the study extends the appli-

cation of HMEO to solve path planning problems
for AMR and compares its performance with state-
of-the-art metaheuristic algorithms. Experimental
results conducted on five terrains of varying com-
plexity confirm the competitive performance of-
fered by the HMEO algorithm on the MRPP prob-
lem. Ultimately, this research aims to contribute to
the optimization community by applying the novel
HMEO algorithm to real-world problems and pro-
viding an alternative optimization tool for the engi-
neering and scientific fields.

With the rapid development of modern society,
the demands on algorithms for real-world engineer-
ing applications are escalating. Proposing an ex-
cellent algorithm to serve human life is our pursuit.
Therefore, in the next steps, effective measures will
be proposed to address the shortcomings of HMEO,
aiming to significantly reduce the running time. In
the future, HMEO will be applied to tackle even
more complex real-world problems, such as image
processing, recommendation systems, and beyond.
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