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Abstract
Henry Gas Solubility Optimization (HGSO) algorithm is a well-known physics-based nature-inspired optimization algorithm 
inspired by the behavior of Henry’s law. The HGSO algorithm, developed by Hashim et al. in 2019, has attracted significant 
interest from scientists and researchers. It has been widely applied to solve various optimization problems in different fields due 
to its unique structure, simplicity, easiness of implementation, and reasonable execution time. This paper explores and examines 
over 200 previous existing research on the HGSO algorithm covering its advancements, enhanced variants (multi-objective, 
hybridized, and modified), and a wide range of real-world applications such as intrusion detection, wireless sensor networks, 
optimal parameters control, photovoltaic systems, image processing, and feature selection. Additionally, The performance of 
the HGSO algorithm is assessed using 23 IEEE CEC benchmark functions in comparison with 14 well-regarded optimization 
meta-heuristics published in the literature. Furthermore, the results of the HGSO algorithm are compared with some of its key 
variants. The survey also provides a critical evaluation of HGSO’s convergence behavior, highlighting its strengths and limita-
tions. Finally, the paper concludes with some potential directions for future work. The insights gained from this survey offer 
valuable guidance for researchers aiming to apply or enhance the HGSO algorithm in a wide range of optimization problems.

1  Introduction

Meta-heuristics constitute a new generation of powerful 
approached optimization techniques, adaptable and appli-
cable to a wide range of real-world problems. They are 

iterative stochastic methods, which escape local minima and 
progress towards a global optimum of a function. They ena-
ble the generation of good quality feasible solutions within 
a reasonable time. Meta-heuristics can be categorized into 
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two main classes [1]: those based on a single solution and 
those based on a population of solutions as shown in Fig. 1.

Single-based meta-heuristics, also known as trajectory 
methods, begin with a single initial solution and iteratively 
modify it, forming a search trajectory within the solution 

space. The neighborhood mechanism is used to enhance this 
solution. Some of the well-known and popular single-based 
meta-heuristics are: Simulated Annealing (SA) [2], Tabu 
Search (TS) [3], Greedy Randomized Adaptive Search Pro-
cedure (GRASP) [4], Variable Neighborhood Search (VNS) 

Fig. 1   Classification of meta-heuristic algorithms
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[5], Guided Local Search (GLS) [6], Stochastic Local Search 
(SLS) [7], Iterated Local Search (ILS) [8], and their variants.

Unlike single-based meta-heuristics, population-based 
meta-heuristics iteratively refine a set of solutions rather 
than a single one. They begin with an initial population 
of solutions and generate new candidates at each iteration. 
These newly created solutions are then integrated into the 
current population through selection mechanisms. The pro-
cess continues until a predefined stopping criterion is met. 
Population-based meta-heuristics can be categorized into 
five main classes:

The Evolutionary Algorithms (EAs) category includes 
population-based meta-heuristics which are inspired by 
natural evolutionary processes that make use of three main 
operators i.e., mutation, selection, and recombination. Some 
well-known EAs are: Genetic Algorithm (GA) [9], Genetic 
Programming (GP) [10], Probability-Based Incremental 
Learning (PBIL) [11], Differential Evolution (DE) [12, 13], 
Evolutionary Programming (EP) [14], Clonal Selection 
Algorithm (CSA) [15], Evolutionary Strategies (ES) [16], 
Biogeography-Based Optimizer (BBO) [17], and Memetic 
Algorithm (MA) [18].

The class of swarm-based algorithms mimics the behav-
ior of swarms of animals that exist in nature such as swarms 
of fish, insects, or birds. particle swarm optimization (PSO) 
[19, 20], and Ant Colony Optimization (ACO) [21] are the 
first swarm intelligence algorithms. Other optimization 
algorithms that come from analogies with natural biologi-
cal phenomena have been proposed. Among the most sig-
nificant we cite the Firefly Algorithm (FA) [22], Cuckoo 
Search (CS) [23], Ant Bee Colony (ABC) [24], Bat Algo-
rithm (BA) [25], Krill Herd Algorithm (KH) [26, 27], Grey 
Wolf Optimization (GWO) [28, 29], Moth Flame Optimi-
zation (MFO) [30], Elephant Herding Optimization (EHO) 
[31], Social Spider Algorithm (SS) [32], Ant Lion Opti-
mizer (ALO) [33], Whale Optimization Algorithm (WOA) 
[34], Crow Search Algorithm (CSA) [35, 36], Dragonfly 
Algorithm (DA) [37], Salp Swarm Algorithm (SSA) [38], 
Coyote Optimization Algorithm (COA) [39], Grasshopper 
Optimization Algorithm (GOA) [40, 41], Harris Hawks 
Optimization (HHO) [42], Aquila Optimizer (AO) [43, 44], 
Black Widow Optimization (BWO) [45, 46], African Vul-
tures Optimization (AVO) [47], Honey Badger Algorithm 
(HBA) [48], Reptile Search Algorithm (RSA) [49, 50], 
White Shark Optimization (WSO) [51], Artificial Gorilla 
Troops Optimizer (AGTO) [52], Snake Optimizer (SO) [53], 
Starling Murmuration Optimizer (SMO) [54], Shrimp and 
Goby association search algorithm (ShGA) [55], Termite 
life cycle optimizer (TLCO) algorithm [56], Dynamic Hunt-
ing Leadership (DHL) algorithm [57], Artificial Meerkat 
Algorithm (AMA) [58], Rhinopithecus Swarm Optimization 
(RSO) algorithm [59], Eurasian Lynx Optimizer (ELO) [60], 
and Draco Lizard Optimizer (DLO) [61].

Human-based algorithms (HM) are inspired by the 
human-made events. Some of the most well-regarded 
human-based algorithms are: Imperialist Competitive 
Algorithm (ICA) [62], Harmony Search (HS) [63], Seeker 
Optimization Algorithm (SOA) [64], Fire Work Algo-
rithm (FWA) [65], Brain Storm Optimization (BSO) [66], 
Teaching Learning-Based Algorithm (TLBA) [67], Mine 
Blast Algorithm (MBA) [68], Exchange Market Algorithm 
(EMA) [69], League Championship Algorithm (LCA) 
[70], Soccer League Competition (SLC) algorithm [71], 
Football Game Inspired Algorithm (FGIA) [72], Poor and 
Rich Optimization (PRO) Algorithm [73], Political Opti-
mizer (PO) [74], Coronavirus Herd Immunity Optimizer 
(CHIO) [75], and Ali Baba and the Forty Thieves (AFT) 
[76].

Maths-based Algorithms (MA) imitate mathematical 
rules. Some of the most well-known maths-based algorithms 
are: Radial Movement Optimization (RMO) [77], Hyper-
Spherical Search (HSS) Algorithm [78], Stochastic Frac-
tal Search (SFS) [79], Sine Cosine Algorithm (SCA) [80, 
81], Spherical Search Optimizer (SSO) [82], Golden Ratio 
Optimization Method (GROM) [83], Arithmetic Optimiza-
tion Algorithm (AOA) [84], and RUNge Kutta Optimizer 
(RUN) [85].

Physics-based algorithms mimic the physical rules of the 
universe. Some of the most popular algorithms are: Cen-
tral Force Optimization (CFO) [86], Big-Bang Big-Crunch 
(BBBC) [87], and Gravitational Search Algorithm (GSA) 
[88]. Other recently developed physics-based algorithms 
are: Ray Optimization (RO) algorithm [89], Magnetic 
Charged System Search (MCSS) [90], Colliding Bodies 
Optimization(CBO) [91], Optics Inspired Optimization 
(OIO) [92], Electromagnetic Field Optimization (EFO) [93], 
Water Evaporation Optimization (WEO) [94], Multi-Verse 
Optimizer (MVO) [95], Vibrating Particles System Algo-
rithm (VPSA) [96], Thermal Exchange Optimization (TEO) 
[97], Sonar Inspired Optimization (SIO) [98], Nuclear Reac-
tion Optimization (NRO) [99], Gradient-based optimizer 
(GBO) [100, 101], Quantum-based Avian Navigation Opti-
mizer Algorithm (QANA) [102], Tornado optimizer with 
Coriolis force (TOC) [103], and Henry Gas Solubility Opti-
mization (HGSO) [104].

The Henry Gas Solubility Optimization (HGSO) algo-
rithm is a novel physical-based meta-heuristic, proposed 
by Hashim et al. [104] in July 2019. The HGSO algorithm 
mimics the behavior of Henry’s law, which is a fundamen-
tal gas law that establishes the relationship between the 
quantity of a specific gas dissolved in a particular type and 
volume of liquid at a constant temperature. In comparison 
with other well-known optimization algorithms, the HGSO 
algorithm demonstrates its efficiency in solving challenging 
real-world optimization problems. As a result, it was used 
to solve a variety of problems, including feature selection, 
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classification, image processing, intrusion detection, power 
systems, and many others.

This paper provides a survey of the HGSO algorithm, 
exploring its variations (including modified, multi-objective, 
and hybridized versions) and examining its diverse applica-
tions across various domains. In order to collect published 
HGSO articles, we consider various well-regarded pub-
lishers (i.e. Elsevier, Springer, IEEE, Wiley, and others). 
Additionally, we utilize Google Scholar and use specific 
search strings to construct a database of articles related to 
the HGSO algorithm:

–	 Henry Gas Solubility Optimization algorithm
–	 Improved Henry Gas Solubility Optimization algorithm
–	 Modified Henry Gas Solubility Optimization algorithm
–	 Enhanced Henry Gas Solubility Optimization algorithm
–	 Binary Henry Gas Solubility Optimization algorithm
–	 Adaptive Henry Gas Solubility Optimization algorithm
–	 Multi-Objective Henry Gas Solubility Optimization algo-

rithm
–	 Hybridized Henry Gas Solubility Optimization algorithm
–	 Applications of Henry Gas Solubility Optimization algo-

rithm
–	 Henry Gas Solubility Optimization algorithm survey
–	 Henry Gas Solubility Optimization algorithm review
–	 Henry Gas Solubility Optimization algorithm overview
–	 HGSO algorithm

The collected papers were screened, as illustrated in Fig. 2, 
to retain only credible and original studies published in well-
known journals (WoS Q1, WoS Q2, WoS Q3, and WoS Q4 
publishers), applying a combination of inclusion and exclu-
sion criteria as shown in Table 1. These criteria ensure an 
objective and systematic selection process, effectively mini-
mizing the inclusion of irrelevant or low-quality publications.

The statistical results of our investigation are presented 
in the figures below. Figure 3 illustrates the count of rel-
evant HGSO publications categorized by both publisher 
and publication type. As we can see, a total of 55 papers 
were published by Elsevier, 52 by Springer, 24 by IEEE, 17 

by Wiley, and 36 by various other publishers. Figure 4 dis-
plays the annual count of HGSO publications. A significant 
interest has been observed over the past five years, with a 
peak recorded in 2023. Since the introduction of the HGSO 
algorithm in July 2019, more than 180 studies have been 
published on this algorithm.

The Top 10 Journals ranked by the number of HGSO pub-
lications are listed in Table 2. The 10 HGSO co-cited articles 
are given in Table 3. Additionally, Fig. 5 provides the top 10 
countries based on the number of HGSO publications. India 
and China stand out as the most active contributors, followed 
by Egypt, Turkey, Algeria, Iran, Saudi Arabia, Malaysia, 
Pakistan, and Indonesia. Lastly, in Fig. 6, the tag cloud visu-
ally represents the top ten HGSO-related keywords.

As far as we are aware, there are only two HGSO surveys 
developed by El-Shorbagy et al. (2024) [114] and Abualigah 
et al. (2024) [115]. The survey of El-Shorbagy et al. analyzed 
110 research articles on HGSO and the performance of HGSO 
was assessed using only 12 IEEE CEC benchmark functions 
in comparison with seven meta-heuristics. The survey of 
Abualigah et al. analyzed only 36 HGSO articles without 
performance comparison. Our recent HGSO survey, on the 
other hand, provides a more comprehensive review covering 
over 180 articles published between 2019 and the end of May 
2025. The performance of HGSO is assessed using 23 IEEE 
CEC benchmark functions (categorized into three groups: uni-
modal, multimodal, and fixed-dimension numerical optimiza-
tion problems). The performance of the HGSO algorithm is 
also compared with some of its key variants. This makes our 
survey different from the aforementioned survey, offering a 
broader and more up-to-date look into HGSO research.

The primary contributions of our survey are as follows. 

1.	 Comprehensive survey: The paper consolidates 
research on the HGSO algorithm and its improved vari-
ants, including modified, multi-objective, and hybrid-
ized versions.

2.	 Wide range of applications: We present and analyze 
applications of the HGSO algorithm in various fields 
such as intrusion detection, wireless sensor networks, 
optimal parameters control, photovoltaic systems, image 
processing, and feature selection.

3.	 Performance comparison: The performance of the 
HGSO algorithm was validated using 23 IEEE CEC 
benchmark functions in comparison with fourteen meta-
heuristics, showcasing its competitive performance.

4.	 Benefits and drawbacks evaluation: A critical evalu-
ation of the HGSO algorithm is provided, highlighting 
its strengths and limitations.

5.	 Future research directions: We provide insights into 
potential areas for further research and development of 
the HGSO algorithm, encouraging its continued evolu-
tion.

Fig. 2   Diagram illustrating the paper collection process
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This paper is outlined as follows. Section 2 details the foun-
dational structure of the HGSO algorithm. Following this, 
Sect. 3 offers a comprehensive exploration of the modified, 

Table 1   Inclusion and exclusion criteria

Inclusion criteria Exclusion criteria

Works published in credible and well-known journals Published in predatory journals
Papers presenting reviews on different HGSO based approaches Published in less than four pages
Works representing a complete version when several versions exist Papers Which are incomplete, i.e. in the case where several versions of an 

article exist
Papers presenting new propositions involving HGSO algorithm Papers that do not provide details on the areas of interest of HGSO algo-

rithm
Papers written in English language Works published in the form of tutorials, abstracts, posters, keynotes, or 

conference summaries
All available HGSO papers from 2019 to 2025 Papers for which the full text is not available for download

Not peer-reviewed scientific papers

Table 2   Top 10 Journals ranked by the number of HGSO publications

Journals Rank Number
of HGSO

publications

IEEE ACCESS 1 8
Neural Computing and Applications 2 6
Expert Systems With Applications 3 5
Concurrency and Computation 3 5
Engineering Applications of Artificial 

Intelligence
3 5

Artificial Intelligence Review 3 5
Applied Intelligence 4 3
Advances in Engineering Software 4 3
Cybernetics and Systems 4 3
Scientific Reports 4 3

Table 3   Top 10 HGSO co-cited articles

Studies Rank Number 
of cita-
tions

Hashim et al. [104] 1 951
Neggaz et al. [105] 2 196
Nandhini et al. [106] 3 118
Yıldız et al. [107] 4 115
Abd Elaziz and Attiya [108] 5 108
Ekinci et al. [109] 6 108
Ghadimi et al. [110] 7 106
Hashim et al. [111] 8 86
Yıldız et al. [112] 9 83
Mirza et al. [113] 10 69

Fig. 3   Number of HGSO related publications per Database

Fig. 4   Number of HGSO related publications per year
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multi-objective, and hybridized variants of the HGSO algo-
rithm, shedding light on the specific adaptations and enhance-
ments introduced. The practical applications of the HGSO 
algorithm across diverse domains are given in Sect. 4. Sec-
tion 5 gives Comparisons and results of the HGSO algorithm 
with some well-regarded optimization meta-heuristics. Sec-
tion 6 engages in a detailed discussion, offering insights and 
recommendations for further research directions. Finally, 
Sect. 7 concludes the paper.

2 � Henry Gas Solubility Optimization 
Algorithm

The Henry Gas Solubility Optimization (HGSO) algo-
rithm, as proposed by Hashim et al. (2019), is a meta-
heuristic optimization method inspired by the principles 

of Henry’s law in chemistry. This law, pivotal in under-
standing the solubility of gases in liquids, states that the 
solubility Sg of a gas is directly proportional to its partial 
pressure Pg , expressed as given in Eq. (1)

where H is the temperature-dependent Henry’s constant. 
The HGSO algorithm applies this concept to optimization 
problems, where solutions represent gas molecules, and 
their quality or ’solubility’ is evaluated through an objec-
tive function.

Additionally, it is important to consider the tempera-
ture dependence of Henry’s law constants. These constants 
change with variation in the system’s temperature, which 
can be represented by the Van’t Hoff model given by Eq. 
(2):

where ΔsolE represents the enthalpy of dissolution, R denotes 
the gas constant, and T  is the current temperature.

Lets A and B are two parameters for T  dependence of H , 
Consequently, Eq. (1) can be integrated as follows:

(1)Sg = H × Pg,

(2)
d(lnH)

d(
1

T
)

= −
ΔsolE

R

(3)H(T) = A × exp
(

B

T

)

Fig. 5   Top 10 countries ranked by the number of publications on the HGSO algorithm

Fig. 6   HGSO-related keywords
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Henry’s constant H varies with temperature, so we can cre-
ate an expression based on H at the reference temperature 
T� = 298.15 K using Eq. (4):

where H� denotes the reference Henry’s constant.
The Van’t Hoff model is valid when ΔsolE is a constant, 

Thus, Eq. (7) can be rewritten as follows:

The HGSO algorithm iteratively adapts and updates solu-
tions, akin to the changing solubility of gases, guided by 
the modified forms of Henry’s law, thereby seeking the most 
soluble or optimal solution in a given optimization scenario. 
The visual representation of the physical phenomenon of the 
HGSO algorithm is shown in Fig. 7.

2.1 � Mathematical Formulation of the HGSO 
Algorithm

The HGSO algorithm, which is inspired by the principles of 
Henry’s law, incorporates a unique mathematical framework. 
This framework aligns with common methodologies found 
in meta-heuristic algorithms, including the initiation of 
potential solutions, updating mechanisms for these solutions, 
and the evaluation and selection of the most suitable solu-
tion. As a method relying on a population-based approach, 
the HGSO algorithm creates a set of potential solutions 
represented as gas particles, each with distinctive attributes 
that are dynamically adjusted throughout the search process, 
aiding in the identification of optimal solutions in the search 

(4)H(T) = H� × exp

(

−
ΔsolE

R

(

1

T
−

1

T�

))

,

(5)H(T) = H� × exp

(

−C

(

1

T
−

1

T�

))

,

domain. The mathematical modeling of this optimization 
technique can be represented as follows:

Step 1: Initialization The algorithm starts by setting ini-
tial parameters. The number of gases in the system (N) and 
their initial positions are determined via Eq. (6):

where X(t+1)

i
 signifies the position of the i th gas at itera-

tion t + 1 , r is a uniformly distributed random variable in [0, 
1], and Xmin , Xmax are the defined lower and upper problem 
space bounds, respectively.

Moreover, initialization of Henry’s constant for each gas 
type j ( H(t)

j
 ), the partial pressure Pi,j of gas i in cluster j , and 

a specific constant value Cj for each type are conducted as 
given in Eq. (7):

with constants l1, l2, l3 preset to 5 × 10−2, 100, 1 × 10−2 
respectively.

Step 2: Cluster Formation In this phase, the algorithm 
partitions the entire population of gas agents into distinct 
groups, corresponding to the diversity of gas types encoun-
tered. These groups are referred to as ’clusters,’ each com-
prising gases with similar properties. The critical factor for 
clustering is the uniformity in the value of Henry’s con-
stant ( Hj ) for gases within the same cluster. This uniformity 
ensures that each cluster represents gases that exhibit con-
sistent behavior in terms of their solubility characteristics.

Step 3: Clusters Evaluation During this stage, the 
algorithm conducts a thorough assessment of each clus-
ter, labeled as cluster j . The primary objective of this 
evaluation is to pinpoint the gas within each cluster that 
reaches the most favorable equilibrium state compared to 
its counterparts. Following this identification, a ranking 
process is implemented among the gases across all clus-
ters. This ranking is instrumental in determining which 
gas exhibits the most optimal equilibrium characteristics 
within the entire collection of gases. Step 4: Update of 
Henry’s Coefficient This step involves the recalibration of 
Henry’s coefficient for each cluster. The update is executed 
using Eq. (8):

In this formula, H(t+1)

j
 represents the updated Henry’s coef-

ficient for cluster j at the next iteration, H(t)

j
 is the current 

coefficient, and Cj is a predetermined constant for the cluster. 
The temperature at iteration t , denoted as T (t) , is calculated 
as T (t) = exp(−

t

iter
) , where iter stands for the total number of 

(6)X
(t+1)

i
= Xmin + r ⋅ (Xmax − Xmin)

(7)
H

(t)

j
= l1 ⋅ rand(0, 1), Pi,j = l2 ⋅ rand(0, 1), Cj = l3 ⋅ rand(0, 1)

(8)H
(t+1)

j
= H

(t)

j
⋅ exp

(

−Cj ⋅

(

1

T (t)
−

1

T�

))

Fig. 7   Visual representation of the physical phenomenon of the 
HGSO algorithm
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iterations. T� is a constant temperature, typically set to 
298.15 K.

Step 5: Update of Solubility In this phase, the algo-
rithm recalibrates the solubility of each gas within the 
clusters. The solubility update is governed by Eq. (9):

Here, S(t)
i,j

 denotes the solubility of gas i in cluster j at itera-
tion t , H(t+1)

j
 is the updated Henry’s coefficient for cluster j , 

and P(t)

i,j
 represents the partial pressure of gas i in the same 

cluster. The constant K is a predefined parameter that influ-
ences the solubility calculation.

Step 6: Position Update The position of each gas is 
adjusted according to Eq. (10):

where � = � ⋅ exp

(

−(F
(t)

best
+�)

(F
(t)

i,j
+�)

)

 and � = 0.05 . Constants � and 

� , fitness F(t)

i,j
 of gas i in cluster j , F(t)

best
 being the fitness of 

the best gas, and F is a flag for directional change and diver-
sity introduction.

Step 7: Escaping Local Optima To circumvent local 
optima, selection and positional update of the underper-
forming gases are achieved through Eq. (11):

where c1 = 0.1 and c2 = 0.2.
Step 8: Position Update for Worst Agents Positional 

revision for these gases is as given in Eq. (12):

where Gi,j represents the updated position of the least effec-
tive gas i within cluster j . The variable r is a randomly gen-
erated number, serving as a stochastic element in the posi-
tion update process. The terms Gmin(i, j) and Gmax(i, j) denote 
the lower and upper bounds of the position range for the 
respective gas and cluster. This step ensures that the agents 
with suboptimal performance undergo a strategic reposition-
ing within the defined problem space, potentially enhancing 
their efficacy in subsequent iterations.

The algorithm iterates through these steps, methodically 
updating and optimizing the gas properties and positions until 

(9)S
(t)

i,j
= K ⋅ H

(t+1)

j
⋅ P

(t)

i,j

(10)
X
(t+1)

i,j
=X

(t)

i,j
+ F ⋅ r ⋅ � ⋅ (X

(t)

i,best
− X

(t)

i,j
)

+ F ⋅ r ⋅ � ⋅ (S
(t)

i,j
⋅ X

(t)

best
− X

(t)

i,j
)

(11)Nw = N ⋅ (rand(c2 − c1) + c1)

(12)Gi,j = Gmin(i, j) + r ⋅ (Gmax(i, j) − Gmin(i, j))

the designated iteration limit is attained or an optimal solution 
is established. The pseudo-code of the proposed algorithm is 
presented in Algorithm 1, and its flowchart is illustrated in 
Fig. 8

Fig. 8   Flowchart of the HGSO algorithm
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Algorithm 1   Pseudo-code for the HGSO Algorithm

3 � Recent Variants of the Henry Gas 
Solubility Optimization Algorithm

In this section, a variant of the HGSO algorithm found in the 
literature, classified into modified, multi-objective, and hybrid-
ized versions are given as illustrated in Fig. 9.

3.1 � Modified Versions of Henry Gas Solubility 
Optimization Algorithm

Different modified versions of the HGSO algorithm (Fig. 10) 
are highlighted in the following section and their summary 
is given in Table 4.

3.1.1 � Binary Henry Gas Solubility Optimization Algorithm

Yadav and Saraswat [139] developed a binary version of the 
HGSO algorithm (EHGSO) for solving the feature selec-
tion problem. The effectiveness of the proposed EHGSO 
algorithm was validated using 26 benchmark datasets and 
compared with five metaheuristic approaches, including 
GSA, GWO, HGSO, SSA, and BCS. Results showed better 
performance of the proposed method in terms of accuracy 
and computational complexity.

Kahloul and Zouache [138] introduced a binary version 
of the HGSO algorithm (B-HGSO) for feature selection 
in classification tasks. The performance of the proposed 
B-HGSO algorithm was evaluated using twelve UCI data-
sets, including Dermatology, Lung-Cancer, and Breast-can-
cer considering the average number of features, accuracy, 
and computational metrics. Simulation results revealed the 
significant performance of the proposed B-HGSO algorithm 
over other binary meta-heuristics such as B-PSO, B-GWO, 
B-WOA, and B-MRFO.

3.1.2 � Chaotic Henry Gas Solubility Optimization Algorithm

Yildiz et al. [107] introduced a novel chaotic HGSO algo-
rithm (CHGSO) for solving four real-world engineering 
problems. The concept of chaos was integrated into the 

Fig. 9   Variants of MRFO algorithm
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basic HGSO algorithm to improve its performance. Results 
showed the robustness and the efficiency of the CHGSO 
algorithm compared to some well-regarded meta-heuristics 
such as ABC, ACO, CS, SSA, GOA, MBA, HHO, MVO, 
ALO, GSA, and the standard HGSO algorithm by obtaining 
optimal solutions in manufacturing and mechanical design 
problems.

Authors in [137], suggested a new variant of the HGSO 
algorithm, named Chaotic HGSO algorithm (CHGSO), 

for solving the soil images classification problem. The 
efficiency of the CHGSO algorithm was evaluated using 
23 standard benchmark functions and soil images data-
sets. Simulation results showed that using the logistic 
chaotic map, the CHGSO outperforms the state-of-the-
art approaches in terms of fitness value and classification 
metrics.

Yadav and Saraswat [136] introduced a new chaotic 
HGSO algorithm (CHGSO) for solving global optimi-
zation problems. The proposed CHGSO algorithm was 
assessed on 47 benchmark test functions including uni-
modal, multimodal, and fixed-dimension multimodal sce-
narios. Experiments demonstrated the efficiency of the 
proposed CHGSO algorithm over existing optimization 
algorithms in terms of standard deviation and mean fit-
ness value.

Karasu and Altan [135] proposed a novel chaotic HGSO 
(CHGSO) algorithm for solving the feature selection prob-
lem. In the proposed CHGSO, the logistic map was intro-
duced to avoid local optima and provide a good balance 
between exploitation and exploration. Simulation results 
proved the superiority of the proposed algorithm CHGSO 
over other optimization techniques.

In the work of Loganathan et al. [134], a novel hybrid 
ensemble model was introduced for early Autism Spectrum 
Disorder (ASD) diagnosis. The proposed hybrid model is 
based on the combination of ResNet101, Weighted Aver-
age Ensemble (WAE), and Bidirectional Gated recurrent 
unit (Bi-GRU), optimized by Chaotic HGSO (CHGSO) 
algorithm. Experimental results showed the superiority 
of the hybrid model compared to other well-known mod-
els in terms of accuracy, precision, sensitivity, specificity, 
F1-score, and MCC.

Hussien et al. [133] proposed a modified chaotic HGSO 
(CHSGSO) algorithm for resource allocation and joint min-
ing decision in wireless blockchain networks. The chaotic 
map was incorporated into the HGSO algorithm to accel-
erate the convergence rate and improve resource alloca-
tion. Extensive experiments validated the superiority and 
efficiency of the proposed CHSGSO algorithm compared 
to four well-regarded meta-heuristics such as ACO, DE, 
DEMiDRA, and BOToP algorithms.

Sarikaya et al. [132] proposed an improved version of 
the HGSO algorithm (CHGSO) by integrating the Chaos 
concept to enhance the performance of the HGSO algo-
rithm. The proposed CHGSO method was applied to both 47 
benchmark functions and the optimization of Proportional 
Integral Derivative (PID) controller parameters. Experi-
mental results revealed that the proposed CHGSO method 
achieves the best performance when compared to several 
widely recognized meta-heuristics in the literature, includ-
ing PSO, WOA, GWO, EA, SA, and the original HGSO 
algorithm.

Fig. 10   Taxonomy of modified HGSO variant
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Table 4   Modified versions of the HGSO algorithm

Name Pros Cons Application Study Year

Binary HGSO EHGSO Efficient fitness cost; 
good accuracy; lower 
computational time

Global optimal non 
guarantee

Feature selection problem [139] 2024

B-HGSO Good accuracy; optimal 
feature in reduced 
dimension

Additional process cost Feature selection problem [138] 2025

Chaotic HGSO CHGSO Good convergence 
and diversity; simple 
structure

Computation takes rela-
tively more time

Real-world engineering 
problems

[107] 2021

CHGSO Good statistical results; 
good accuracy

Using only one map; 
structure relatively 
complex

Soil image classification [137] 2021

CHGSO Good statistical results Using only one map Global optimization 
problems

[136] 2021

CHGSO Optimal number of fea-
tures; good error rates

Using only one map; 
structure complex; no 
comparison with new 
methods

Feature selection problem [135] 2022

CHGSO Good classification 
results

Complex structure; lack 
in evaluated datasets

Early Autism Spectrum 
Disorder diagnosis

[134] 2023

CHGSO Good performance results Using only one map; no 
comparison with new 
meta-heuristics

Resource allocation in 
wireless networks

[133] 2023

CHGSO Good population 
diversity; convergence 
efficiency

No comparison with 
recent meta-heuristics

PID controller [132] 2024

Adaptive HGSO HHGSO Good results Additional process 
cost and complexity; 
absence of convergence 
analysis

Team formation problem [131] 2021

cHGSO Optimal costs; good 
statistical results

Few compared 
approaches; absence of 
convergence analysis

Optimal design of solar/
battery/diesel systems

[110] 2023

SAHGSO Good accuracy; optimal 
error rate

Global optimum non 
guarantee

Optimal estimation of 
SOFC model param-
eters

[130] 2024

Lvy Flight HGSO LB-HGSO Good local search ability; 
avoiding local optima; 
good convergence speed

More process time Benchmark functions 
and two engineering 
problems

[129] 2022

SFS-HGSO Good accuracy Lack of compared algo-
rithms

Feature selection problem [128] 2023

IHGSO Best parameter values; 
good accuracy

More computational 
complexity; additional 
processing time

Optimal SVM parameters [127] 2023

E-HGSO Optimal statistical results; 
high precision level

Excessive exploration Feature selection problem [126] 2024

Opposition-Based OBL/HGO Optimal PID parameters 
found; good control 
performance

Absence of statistical 
analysis; few compared 
algorithms

DC motor speed regula-
tion

[109] 2021

HGSO DOLHGSO Efficient population 
diversity; expand global 
search ability

More process time Global optimization 
problems

[125] 2022

Multation HGSO MHGSO Good results in classifi-
cation

Additional processing 
time and cost

Optimization of the 
DenseNet-121 hyperpa-
rameters

[106] 2022

Quantum-Based HGSO QHGSO Good statistical results Only one convergence 
analysis

Global optimization 
problems

[124] 2021
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3.1.3 � Adaptive Henry Gas Solubility Optimization 
Algorithm

Zamli et al. [131] suggested a new variant of the HGSO 
algorithm (HHGSO) for solving the team formation problem 
and the combinatorial t-way test suite generation. The adap-
tive switching strategy based on a penalized and reward tech-
nique was integrated into the original HGSO algorithm to 
control the cluster mappings. Experimental results demon-
strated that the proposed HHGSO model provides superior 
performance against other competitor algorithms such as the 
Jaya Algorithm (JA), Sooty Tern Optimization Algorithm 
(STOA), Butterfly Optimization Algorithm (BOA), and Owl 
Search Algorithm (OSA).

Ghadimi et al. [110] suggested an improved version of the 
HGSO algorithm (cHGSO) for optimization and sensitivity 
analysis of a combined energy source based on a photovol-
taic (PV), diesel generator (DG), and batteries system. The 
self-adaptive weighting mechanism and chaos strategy were 
integrated into the original HGSO algorithm to control its 
convergence speed and improve its efficiency. The cHGSO’s 
performance was validated considering three objectives 
including CO2 emissions, entire cost of the system, and 
permissible emission. Simulation results demonstrated the 
superiority of the cHGSO algorithm compared to PSO and 
HOMER algorithms.

A self-adaptive HGSO algorithm (SAHGSO) was pro-
posed in the work of Xu and Razmjooy [130] for optimal 
estimation of solid oxide fuel cell (SOFC) model parameters. 
A self-adaptation strategy was incorporated into the HGSO 

algorithm to remove the stochastic behavior of the indi-
viduals and enhance its convergence speed. The proposed 
SAGSHO algorithm was validated using 96-cell SOFC stack 
under various temperature and pressure values. Experimen-
tal results demonstrated that the SAHGSO algorithm is more 
effective than other well-known approaches with the lowest 
error value.

3.1.4 � Lévy Flight‑Based Henry Gas Solubility Optimization 
Algorithm

In the work of Li et al. [129], three enhanced versions of the 
HGSO algorithm were proposed: Lévy-HGSO, based on the 
Lévy flight operator; Brown-HGSO, based on the Brown-
ian motion operator; and LB-HGSO, which combines both 
the Lévy flight operator and Brownian motion operator. The 
proposed algorithms were evaluated on 40 benchmark func-
tions and two engineering problems, demonstrating supe-
rior performance compared to SCA, WOA, lightning search 
algorithm (LSA), WCA, and the original HGSO, with faster 
convergence and higher precision.

Zhang et  al. [128] introduced an enhanced HGSO 
algorithm (SFS-HGSO) for solving the feature selection 
problem. The proposed SFS-HGSO incorporated the Lévy 
flight strategy, Gaussian mechanism, and Brownian motion 
concept into the HGSO algorithm to enhance its perfor-
mance. The efficiency of the proposed SFS-HGSO method 
was validated using 20 standard UCI benchmark datasets 
and comparative results demonstrated its superiority 

Table 4   (continued)

Name Pros Cons Application Study Year

Fuzzy-Based HGSO HGSO-ANFIS Low error rate Absence of convergence 
analysis; no statistical 
evaluation

Prediction of soil shear 
strength

[123] 2021

ANFIS-MLP-HGSO Good accuracy; low error 
rate

Only two algorithms used 
for comparison

Prediction of copper 
grade in Kerman prov-
ince, Iran

[122] 2021

RHGSO-FC High segmentation 
quality

Only one dataset used Image segmentation [121] 2022

HGSO-ANFIS Good prediction results Few approaches used for 
comparison

Prediction of mine blast-
induced flyrock

[120] 2023

Improved HGSO LR-HGSO Optimal operating cost Weak convergence speed 
in some cases

Unit commitment prob-
lem

[119] 2020

MHGSO Good statistical results; 
high classification 
accuracy

Complex structure DNA motif discovery 
problem

[111] 2020

HHGSO Feature extraction [118] 2021
IHGSO Reduced number of 

selected features
Only two datasets used Histopathological image 

classification
[117] 2021

Taylor HGSO Significant classification 
accuracy

Few datasets used Fuel consumption vehicle 
routing problem

[116] 2022
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compared to well-known meta-heuristic optimization tech-
niques such as HBA, WOA, and HHO.

Yu et al. [127] proposed an improved version of the 
HGSO algorithm (IHGSO) for optimizing the Support 
Vector Machines (SVM) penalty factor and kernel func-
tion parameters. Lévy flight mechanism, Brownian motion 
operator, and Tangent flight motion were integrated into 
the HGSO algorithm to enhance its global and local search 
abilities. Simulation experiments demonstrated that opti-
mizing SVM parameters using the IHGSO algorithm can 
effectively enhance the classification accuracy.

Wang et al [126] introduced an enhanced version of the 
HGSO algorithm (E-HGSO) for solving the feature selec-
tion problem. Lévy flight mechanism and search factor 
mechanism were integrated into the HGSO algorithm to 
improve the efficiency, diversity, and randomness of the 
search process. The effectiveness of the proposed E-HGSO 
algorithm was evaluated using eight standard datasets 
obtained from the UCI Machine Learning Repository 
in comparison with eight well-regarded meta-heuristics 
methods. Comparison results showed the competitive per-
formance of the proposed E-HGSO algorithm considering 
convergence precision, convergence speed, and accuracy 
metrics.

3.1.5 � Opposition‑Based Learning Henry Gas Solubility 
Optimization Algorithm

Ekinci et  al. [109] introduced a novel optimization 
approach (OBL/HGO) by integrating the OBL strategy 
into the HSGO algorithm for DC motor speed regulation. 
The proposed OBL/HGO algorithm was assessed taking 
into account the time multiplied absolute error (ITAE) 
as the objective function in comparison with some other 
well-regarded optimization methods such as GWO, SCA, 
Stochastic Fractal Search (SFS), and Atom Search Opti-
mization (ASO). Conducted experimental results demon-
strated that the proposed OBL/HGO algorithm provides 
superior control performance and excellent robustness to 
disturbances.

An improved version of the HGSO algorithm, called 
DOLHGSO, was proposed in the work of Bi and Zhang 
[125] to solve global optimization problems. The enhance-
ments include dynamic opposite-based learning (OBL) to 
increase population diversity and sine-cosine strategy for 
improved position updates and better balance between explo-
ration and exploitation. The performance of the DOLHGSO 
algorithm was validated on CEC2017 benchmark functions 
and three real-world engineering design problems. Statisti-
cal analyses confirm that the DOLHGSO algorithm outper-
forms existing methods, demonstrating enhanced diversity 
and strategic coordination.

3.1.6 � Mutation‑Based Henry Gas Solubility Optimization 
Algorithm

In the work of Nandhini and Ashokkumar [106], a muta-
tion-based HGSO (MHGSO) algorithm was introduced to 
optimize hyperparameters of the DenseNet-121 architecture 
for automatic plant leaf disease identification. The proposed 
MHGSO was used mainly to reduce the computational com-
plexity and the error rate of the Convolutional Neural Net-
work (CNN). Experiment results revealed the MHGSO’s 
impressive performance in terms of accuracy, precision, 
and recall scores.

3.1.7 � Quantum‑Based Henry Gas Solubility Optimization 
Algorithm

An improved version of the HGSO algorithm, named Quan-
tum HGSO (QHGSO), was proposed by Mohammadi et al. 
[124] for solving global optimization problems. A quantum 
theory was integrated into the original HGSO algorithm to 
enhance its performance and create a good counterbalance 
between intensification and diversification. The QHGSO’s 
performance was validated in three well-known engineering 
problems and results demonstrated its superiority compared 
to nine well-regarded optimization methods including the 
standard HGSO, SSA, GOA, WOA, DA, SCA, GWO, MFO, 
and ALO algorithms.

3.1.8 � Fuzzy‑Based Henry Gas Solubility Optimization 
Algorithm

Ding et al. [123] proposed a new hybrid model (HGSO-
ANFIS) based on the hybridization of HGSO and adaptive 
neuro-fuzzy inference system (ANFIS) for the prediction of 
soil shear strength. The performance of the proposed HGSO-
ANFIS model was validated with real data considering the 
root mean square error (RMSE) and the coefficient of deter-
mination ( R2 ). Simulation results showcased superior per-
formance of the proposed HGSO-ANFIS model compared 
to other ANFIS-based models, providing R2 of 0.954 RMSE 
of 0.1891.

A hybrid ANFIS-MLP-HGSO model was proposed in 
the work of Abbaszadeh et al. [122], integrating the HGSO 
algorithm, the ANFIS model, and Multi-Layer Perceptron 
(MLP) model, to predict copper grade in Kerman province, 
Iran. Three input scenarios were tested: the first included the 
latitude and altitude of boreholes, the second used longitude 
and altitude, and the third combined latitude, longitude, and 
altitude. Simulation results showed the superiority of the 
ANFIS-MLP-HGSO model among all the models tested by 
exhibiting the least uncertainty.

Yadav and Saraswat [121] introduced a new method for 
image segmentation, called RHGSO-FC, which integrates 
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fuzzy clustering and random strategies into the HGSO algo-
rithm. The efficiency of the RHGSO-FC was evaluated using 
the NYU-depth V2 RGBD and CEC2017 benchmarks. Sim-
ulation results demonstrated the superiority of the proposed 
approach compared to state-of-the-art algorithms.

Ye et al. [120] introduced a new hybrid model based on 
the combination of HGSO and ANFIS for predicting the 
mine blast-induced flyrock. The HGSO-ANFIS algorithm 
uses HGSO to provide major solutions and achieve a high 
level of performance. Simulation results showcased the 
efficiency of the HGSO compared to the basic and hybrid 
ANFIS-based models, achieving the coefficient of determi-
nation and a system error of 0.924 and 18.112, respectively.

3.1.9 � Other Improved Henry Gas Solubility Optimization 
Algorithm

Saranya and Saravanan [119] suggested a modified HGSO 
algorithm (LR-HGSO) based on the integration of Lagrange 
Relaxation strategy for solving the unit commitment prob-
lem in a superconducting magnetic energy storage (SMES) 
based thermal system. The efficiency of the proposed LR-
HGSO algorithm was assessed to find the optimal sizing of 
SMES in IEEE 10-unit 24-hour test system with the main 
objective of minimizing the operating costs and emissions. 
Experimental results showed the superiority of the proposed 
LR-HGSO algorithm when compared with other well-known 
conventional methods.

A Modified HGSO (MHGSO) algorithm was proposed 
in the work of Hashim et al. [111] for DNA motif discov-
ery (MD) problem, incorporating a new stage to capture 
motif characteristics for accurate detection. Validation was 
conducted using the ABS database, which includes CREB, 
CAAT, SP1, SRF, USF, and TBP across three species–Rat 
(RN), Mouse (MM), and Human (HS). Results showed that 
the MHGSO algorithm outperforms state-of-the-art algo-
rithms, achieving superior results in correlation, recall, pre-
cision, and F-score.

Utama et al. [118] suggested an improved version of 
the HGSO algorithm (HHGSO) based on the integration 
of neighborhood Exchange rules procedure for solving the 
Fuel Consumption Vehicle Routing Problem (FCVRP). The 
HGSO’s effectiveness was assessed using two data instances 

with 12 and 22 nodes, considering the variation of popula-
tion parameters, the variable Kilometers per liter, and the 
number of iterations. Experiments showed that the proposed 
HHGSO provides better results compared to the hybrid PSO, 
SA, and TS algorithms in terms of fuel consumption and 
computational time.

Vishnoi and Jain [117] proposed an improved version 
of the HGSO algorithm (IHGSO) for histopathological 
image classification. A new position update equation was 
introduced into the standard HGSO to obtain a good bal-
ance between global and local search. The efficiency of the 
proposed IHGSO algorithm was assessed using 23 bench-
mark functions and testing over two datasets (i.e. the breast 
cancer cell and ICIAR grand challenge). Experimental 
results revealed the IHGSO’s superiority over alternative 
approaches.

Jaffino et al. [116] proposed a modified version of the 
HGSO algorithm, called Taylor-HGSO, based on the inte-
gration of Taylor series into traditional HGSO algorithm for 
solving the feature extraction in the epilepsy detection prob-
lem. The improved approach was evaluated using the TUEP 
and CHB-MIT datasets. Simulation results demonstrated the 
efficiency of the proposed Taylor-HGSO in terms of accu-
racy, sensitivity, specificity, F1 score, and MCC metrics.

3.2 � Multi‑objective Henry Gas Solubility 
Optimization Algorithm

The multi-objective versions of the HGSO algorithm are 
highlighted in this section, and their summary is given in 
Table 5. Sukpancharoen and Prasartkaew [140] proposed a 
multi-objective HGSO (MOO-HGSO) algorithm for opti-
mizing the combined heat and power plant (CHPP) system. 
The MOO-HGSO algorithm’s performance was validated 
using four scenarios under varied conditions, considering 
the cost and energy consumption metrics. Simulation results 
revealed the efficiency of the proposed MOO-HGSO for 
improving CHPP performance.

Kahloul et al. [141] proposed a multi-objective version 
of the HGSO algorithm (MHGSO) for solving engineer-
ing design problems. In the proposed MHGSO approach, 
effective archiving and leader selection strategies based on 
the crowding distance were used to guide the population 

Table 5   Multi-objective versions of the HGSO algorithm

Name Pros Cons Application Study Year

Multi-objective HGSO MOO-HGSO Minimizing energy 
and cost; good 
convergence

Increased computational time Combined heat 
and power plant 
system

[140] 2021

MHGSO Good fitness cost 
and Pareto optimal 
fronts

Increased execution time Engineering 
design prob-
lems

[141] 2022
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towards a well-distributed Pareto front and enhance the 
diversity of solutions. Experiments showed the ability of 
the proposed MHGSO to achieve interesting results in 
comparison with three well-known multi-objective meta-
heuristics, such as MOEA/D, MOGWO, and MSSA.

3.3 � Hybridized Versions of Henry Gas Solubility 
Optimization Algorithm

In this section, the hybridization of the HGSO algorithm 
with other algorithms are presented as shown in Table 6 
and Figs. 11, 12.

3.3.1 � Hybridization with Simulated Annealing Algorithm

Abdel-Mawgoud et al. [168] suggested a hybrid approach 
(mHGSO) based on the hybridization of HGSO and SA 
algorithms to obtain the best size of solar photovoltaic (PV) 
and battery energy storage (BES) in radial distribution sys-
tems (RDS). IEEE 69-bus RDS consisting of 68 branches 
and 69 buses was used to study the effectiveness of the pro-
posed mHGSO algorithm. Simulation results proved the Fig. 11   Taxonomy of the hybrid HGSO

Fig. 12   Taxonomy of the hybrid HGSO
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Table 6   Hybrid versions of the HGSO algorithm

Name Pros Cons Application Study Year

HGSOHGSO + SA mHGSO Good transition from 
exploration to exploita-
tion; good convergence

Compared only with 
HGSO; no statistical 
analysis

Radial distribution system [168] 2021

HGSO + DE EHO Good stability; enhanced 
exploitation ability

Complex space search; 
more running time

Pressure retarded osmosis 
system

[167] 2022

HGSO + GP GP-HGSO optima antenna length Unbalanced exploration 
search

Plate-wire antenna capaci-
tance optimization

[166] 2022

HGSO + FA HFGSO-DRN High detection accuracy Complex structure Prostate cancer detection 
system

[165] 2024

HGSO + WOA HGSWC Improved exploration and 
exploitation abilities

Computational complexity Cloud task scheduling 
problem

[164] 2021

HGSO + HHO HHO-HGSO Good fitness results; opti-
mal number of features

Extended process cost Global optimization and 
engineering problems

[163] 2020

Modified-HGSO Good local search Computation time Feature selection problem [162] 2021
HGHHC Good statistical results; 

population diversity
Only one algorithm used 

for comparison
Task Scheduling in Cloud 

Computing
[203] 2025

HGSO + MVO MHL21-RELM Espace from local optima One dataset used Fabric defect classifica-
tion

[160] 2023

MVQIHGSO Low error rate; optimal 
hyperparameters

Not good in exploration Deriving operating rules 
of hydropower reser-
voirs

[161] 2023

HGSO + HBA HGSO-HBA Optimal hyperparameters; 
high recognition rate

Extended computational 
cost

Kannada character scripts 
recognition

[159] 2024

HGSO + FPA FHGSO High accuracy rate Only one dataset used Image classification [158] 2023
HGSO + HOA frHHGO Optimized energy cost 

and delay
Complex structure E-waste management in 

the IoT-cloud architec-
ture

[157] 2023

HGSO + CSO CSHGSO Good accuracy and pri-
vacy performance

One dataset used Secure data publishing [156] 2023

HGSO + ROA ExpRHGSO Good classification per-
formance

Extended process time Rice plant disease detec-
tion and classification

[155] 2022

HGSO + ACVO ACV-HGSO Optimal network param-
eters

Complex architecture Lung cancer detection [154] 2022

HGSO + CSOA CSHO Efficient energy cost Not focusing on other 
metrics like delay

Intrusion detection in IoT 
environments

[153] 2022

HGSO + AOA AHGOA High detection results; 
good fitness value

Quick transition explora-
tion/exploitation

Feature selection problem [152] 2024

HGSO+ EO HGSO-EO Optimal number of 
features

Few approaches for com-
parison

Twitter spam detection [151] 2024

HGSO + HCA EHGSO Good exploitation ability; 
escape local optima

Process time Feature selection problem [150] 2025

HGSO + SMO RHGSMO-DNFN Low interference and 
error rate

Additional training time Designing m-user MIMO 
interference channel

[149] 2023

HGSO + CSO CHGCSO-DRN Good routing performance No statistical analysis Plant disease categoriza-
tion in IoT

[148] 2025

HGSO + DEA DHGSO Good classification per-
formance

Global optima no guar-
antee

Lung cancer classification [147] 2022

HGSO+ WCA​ WCHGSO-DNFN Optimized model’s 
parameters

lack used datasets Facial expression recogni-
tion

[146] 2022

HGSO + SVM AlexNet-HGSO-SVM Optimal visual works; 
large scale approach

No convergence analysis Soil image classification [202] 2022
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Table 6   (continued)

Name Pros Cons Application Study Year

HGSO + SVR HGSO-SVR Good model’s parameter; 
low error rates

One approach for com-
parison

Compressive strength 
prediction

[201] 2022

GMDH-HGSO Low prediction errors additional computation 
time

Sediment transport pre-
diction

[200] 2022

SVR-HGSO Optimized cost and error 
rates

Compared only with one 
algorithm

Pile settlement prediction [199] 2022

HGSO-SVR Good estimation perfor-
mance

No new approach for 
comparison

Compressive strength 
prediction of high-per-
formance concrete

[198] 2023

HGSO + LSTM SHGSO-LSTM Good convergence; high 
accuracy

running time Lipoprotein detection [197] 2022

HGSO + RF HGSORF High classification perfor-
mance

Computational complexity Classification [196] 2022

MKELMRF-OHGSA Good accuracy High complexity DoS attacks in WSNs [195] 2022
HGSO + ELM ELM-HGSO Improved model; low 

error rate
Single study site; absence 

of crucial data
Suspended sediment load 

prediction
[204] 2025

HGSO + ANN CNN-OHGS Optimized attack preven-
tion

Convergence instability Autonomous vehicle 
control system

[194] 2021

HGSO-ANN Relevant feature identifi-
cation

Complex structure Bearing faults identifica-
tion

[193] 2022

HGSO-FFNN Good statistical results; 
high accuracy

One tested dataset Alcoholic EEG signals 
recognition problem

[192] 2022

Ar-HGSO Avoid local optima; opti-
mal model’s weights

High complexity and cost Diabetic retinopathy 
detection

[191] 2022

HGSO-ADBN Effective feature selection process time Aeroengine sensor fault 
diagnosis

[190] 2022

HGWWO Optimal model’s weight; 
space from local optima

No statistical analysis COVID-19 detection [189] 2022

HSLnO-SSWOA-DQN Optimal feature selection Computational cost and 
time

Medical data classification [188] 2022

HGSO-FHDF Good detection accuracy One dataset Automated brain cancer 
classification

[187] 2022

HHGSO-DL Optimal hyperparameters process time LED driver system design [186] 2023
CHGSO-FAT Optimal statistical results; 

low execution time
No recent approaches for 

comparison; Undefined 
chaotic map

FOPID controller system [185] 2023

HGSO-DLFER Tune hyperparameter; 
high performance

One dataset Facial emotion recogni-
tion

[184] 2023

HGSO-ADBN Optimal hidden neurons 
and learning rate

Process cost Enhancing the Group 
Recommender System

[183] 2023

THGSO-DRN Reliable fruit detection Local optima trapping Fruit ripeness classifica-
tion

[182] 2023

CHGSO-RENNN Population diversity; 
enhanced gain parameters

Gradient vanishing PI controller gain param-
eters

[181] 2023

MDML-CHGSO QoS based secure model Complex structure Fog-based Vehicular 
networks

[180] 2023

HGSODL-TFF Accurate hyperparameter Lack of flexibility 6G enabled vehicular 
networks

[179] 2023

RERNN-CHGSO Maximum power extrac-
tion

Gradient vanishing Photovoltaic systems [178] 2023

RBF-HGSO Optimal model One approach for com-
parison

Compressive strength 
prediction of high-per-
formance concrete

[177] 2023

EHGSO-DNFN High QoS performance Instable in large scale 
network

Intrusion detection for 
MANETs

[176] 2023
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efficiency of the mHGSO algorithm compared to the origi-
nal HGSO.

3.3.2 � Hybridization with Differential Evolution

Chen et al. [167] proposed a hybrid algorithm (EHO) based 
on the combination of HGSO and DE for the dynamic per-
formance of the pressure retarded osmosis (PRO) system. 
The efficiency of the proposed EHO approach was validated 
in complex operational environments considering the draw 
concentrations, variations in temperature, and flow rate lev-
els. Experiments indicated that the proposed method gives 
better performance compared to the classical HGSO and 
some well-known meta-heuristics in terms of accuracy, cost-
efficiency, and tracking speed.

3.3.3 � Hybridization with Genetic Programming

Janairo et al. [166] proposed three techniques based on 
the integration of GP with HGSO (GP-HGSO), AOA 
(GP-AOA), and LA (GP-LA) for the plate-wire antenna 

capacitance optimization through Geometry Modeling. 
The proposed techniques were validated using various wire 
antenna and dipole plate dimensions and results proved the 
validity of the proposed techniques for more accurate deter-
mination of the optimal antenna geometry.

3.3.4 � Hybridization with Firefly Algorithm

Reddy and Kalaivani [165] developed a suitable and accu-
rate prostate cancer detection system (HFGSO-DRN) 
by combining HGSO, FA, and the deep residual network 
(DRN). Prostate cancer identification was executed with 
DRN, and then trained using the HFGSO algorithm. Simu-
lation results demonstrated increased performance of the 
proposed HFGSO-DRN system with specificity, sensitivity, 
and accuracy of 0.9130, 0.9367, and 0.9263, respectively.

3.3.5 � Hybridization with Whale Optimization Algorithm

A hybrid algorithm (HGSWC) was proposed in the work 
of Abd Elaziz and Attia [164] for solving the cloud task 

Table 6   (continued)

Name Pros Cons Application Study Year

MAFCNN-SCD Enhaced model’s hyperpa-
rameter

Process time Detection and classifica-
tion of skin cancer

[175] 2023

LHGSO-DFC Realible feature extraction Process cost Feature extraction [174] 2023
HGSO-WIB-ReLU Optimal hyperparameter 

tuning
Unstability DDoS Attack Detection [173] 2023

RBHG/RBMV Low prediction error One approach for com-
parison; one dataset

High-Performance 
Concrete properties 
prediction

[172] 2023

HGBSO-DCNN Optimal feature selection No focus on model’s 
parameter

Brain tumor classification [171] 2023

DCNN-HGS Secured disease detection Local optima trapping Disease prediction in data 
from WSNs

[205] 2023

SHGSO-DMN High accuracy Reduced interpretability Image forgeries detection [170] 2024
FHGO-CNN Optimized energy cost; 

optimal parameter
complex architecture; 

scalability
E-waste management in 

IoT applications
[169] 2024

DMN-AHGSO High accuracy Complex model Multilevel-thermoplastic 
waste segregation

[206] 2024

ANN-HGSO Reduced error rate Computational complexity Aluminum alloy’s tensile 
strength prediction

[207] 2025

HGSO + Other HGSO-RVFL Optimal model’s param-
eter; good performance

Process cost and time AA6061-T6 aluminium 
alloy joints prediction

[145] 2020

methods HGSO-MLP High accuracy; fast con-
vergence

Not the first best algo-
rithm

Stream-flow time series 
forecasting

[144] 2021

HHGSO Good statistical results Domain specific approach Search-based Software 
Engineering Problem

[143] 2021

HGSO-based UKF Optimal multi-object 
tracking; high accuracy

Process time Multi-object tracking [142] 2022
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scheduling problem. The HGSWC algorithm integrates 
WOA for local search and Opposition-Based Learning 
(COBL) mechanisms to enhance solution quality. Validated 
on 36 benchmark functions and 15 scheduling problems, 
the HGSWC algorithm outperforms six metaheuristic algo-
rithms including SSA, FA, MFO, PSO, WOA, and HGSO, 
achieving near-optimal solutions without computational 
overhead.

3.3.6 � Hybridization with Harris Hawks Optimization 
Algorithm

Xie et al. [163] suggested a hybrid approach (HHO-HGSO) 
based on the hybridization of HGSO and HHO algorithms 
for solving global optimization problems. CEC2005 and 
CEC2017 benchmark test functions and four real engineer-
ing design problems were used to assess the performance of 
the proposed HHO-HGSO algorithm. Comparative experi-
ments demonstrated that the proposed approach has strong 
optimization ability compared to HGSO, HHO, MPA, WOA, 
WCA, and Lightning search algorithm (LSA).

Abd Elaziz and Yousri [162] proposed a modified HGSO 
algorithm, named Modified-HGSO, by hybridizing HGSO 
with an improved version of the HHO algorithm for solving 
the feature selection problem. The efficiency of the proposed 
method was assessed using a set of eighteen UCI datasets 
and two real-world datasets in the discovery field and drug 
design. Comparison results demonstrated the high quality 
of the proposed algorithm when compared with eight well-
known meta-heuristic methods in terms of fitness value, 
number of selected features, and accuracy.

3.3.7 � Hybridization with Multi‑Verse Optimizer Algorithm

In [161], a hybrid approach (MVQIHGSO) based on the 
combination of HGSO and MVO algorithms was introduced 
for Deriving operating rules of hydropower reservoirs. The 
MVQIHGSO approach was tested on 23 classical benchmark 
functions and employed to optimize hyperparameters of 
SVM model for deriving operation rules. Statistical results 
indicated the efficiency of the proposed MVQIHGSO algo-
rithm compared to most of the well-known metaheuristic 
algorithms in terms of convergence accuracy and speed.

A hybrid model (MHL21-RELM) based on the hybridi-
zation of HGSO, MVO, and regularized extreme learning 
machine (RELM) was proposed by Zhou et al. [160] to 
enhance the fabric defect classification. This hybridization 
aims to solve the issue of low classification accuracy of the 
traditional ELM and prevent the traditional HGSO from fall-
ing into local optimal. Experimental results across various 
fabric defect datasets validated the effectiveness of the pro-
posed MHL21-RELM approach, achieving 97.29% accuracy 
on the Textile Texture Database–outperforming traditional 

methods by 6–30% and demonstrating strong generalization 
capabilities.

3.3.8 � Hybridization with Honey Badger Algorithm

A hybrid approach was developed in the work of Parashiva-
murthy and Rajashekararadhya [159] for Kannada handwrit-
ten script recognition. The method begins with image pre-
processing using CLAHE and filtering techniques, followed 
by segmentation with an active contour approach. Feature 
extraction is performed using Adaptive Local Tetra Pattern 
(LTrP) and Freeman Chain Code Histogram, where Hybrid 
Honey Badger Henry Gas Solubility Optimization (HGSO-
HBA) fine-tunes the parameters. Experimental results dem-
onstrate an improved recognition accuracy of 96%, proving 
the effectiveness of the proposed approach.

3.3.9 � Hybridization with Flower Pollination Optimization 
Algorithm

In the work of Deepa and Rasi [158], a combined method 
(FHGSO) based on the hybridization of HGSO with FPA 
algorithms was developed for image classification. The effi-
ciency of the proposed FHGSO method was validated using 
the Stanford background dataset in comparison with some 
well-regarded image classification models. Experiments 
showed the performance of the proposed FHGSO algorithm 
obtaining the values of 0.907, 0.955, and 0.938 for specific-
ity, sensitivity, and testing accuracy, respectively.

3.3.10 � Hybridization with Horse Herd Optimization 
Algorithm

In [157], a hybrid approach (frHHGO) based on the hybridi-
zation of the Fractional HGSO with the Horse Herd Opti-
mization Algorithm (HOA) was introduced to optimize the 
E-waste management in the Internet of Things (IoT)-cloud 
architecture. The frHHGO approach was evaluated using 
the Gofile dataset and compared to various optimization 
approaches such as Cuckoo search-based neural networks 
and Fractional HGSO. By analyzing the results, the pro-
posed frHHGO algorithm obtained optimal energy con-
sumption and classification metrics including accuracy, 
sensitivity, and specificity.

3.3.11 � Hybridization with Cat Swarm Optimization 
Algorithm

A hybrid algorithm (CSHGSO) was developed by Kulkarni 
et al. [156] to enhance privacy-preserving data publishing 
(PPDP) while minimizing data loss and improving security. 
The CSHGSO algorithm combines HGSO with Cat Swarm 
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Optimization (CSO) to generate secure encryption keys 
based on objective measures. The CSHGSO method was 
evaluated on the Heart Disease Dataset using the JAVA tool, 
demonstrating its effectiveness in secure data publishing. 
Experimental results indicated that the CSHGSO algorithm 
achieves higher conditional privacy of 1.338 (database-1), 
maximum accuracy of 0.965 (database-4), and NMI value 
of 0.927 (database-4), outperforming existing approaches in 
preserving privacy and data utility.

3.3.12 � Hybridization with Rider Optimization Algorithm

A hybrid model (ExpRHGSO) based on the hybridization of 
HGSO and Rider Optimization Algorithm (ROA) was intro-
duced by Daniya and Vigneshwari [155] for rice plant dis-
ease detection and classification. Experiments showed good 
performance of the developed ExpRHGSO model achieving 
superior testing sensitivity, specificity, and accuracy with the 
maximum values of 0.923, 0.919, and 0.916.

3.3.13 � Hybridization with Anti‑Corona Virus Optimization

A hybrid algorithm, called ACV-HGSO, was developed in 
the work of Ramkumar et al. [154] for lung cancer detection 
in a smart IoT environment using medical data. The pro-
posed approach integrates Anti-Corona Virus Optimization 
(ACVO) with HGSO to enhance detection performance. The 
ACV-HGSO algorithm effectively removes noise from medi-
cal data and extracts dimension-reduced features to mini-
mize complexity. Experimental results demonstrated that the 
ACV-HGSO algorithm achieves a testing accuracy of 0.910, 
sensitivity of 0.914, and specificity of 0.912, outperforming 
existing techniques in IoT-based lung cancer detection.

3.3.14 � Hybridization with Competitive Swarm 
Optimization Algorithm

Boopathi [153] developed a hybrid approach (CSHO) based 
on combining HGSO and Competitive Swarm Optimiza-
tion Algorithm (CSOA) for robust intrusion detection in IoT 
environments. The main objective of the proposed CSHO 
algorithm is to offer security as a service and provide evi-
dence in terms of scalability. Simulation results revealed 
the good performance of the proposed CSHO algorithm by 
obtaining F-measure, energy, recall, and precision of 0.9001, 
0.1610, 0.8993, and 0.9052, respectively.

3.3.15 � Hybridization with Archimedes Optimization 
Algorithm

Nalluri and Sasikala [152] proposed a hybrid HGSO 
with Archimedes Optimization algorithm (AOA), called 
AHGOA, for enhancing the feature selection in the 

Pneumonia Detection application. The efficiency of the 
hybrid AHGOA approach was evaluated using one collected 
dataset. Results showed that the AHGOA algorithm out-
performs AOA, HGSO, HGS, PRO, and BES approaches 
in terms of precision, accuracy, sensitivity, and specificity 
metrics.

3.3.16 � Hybridization with Equilibrium Optimizer

In the work of Legoui et  al. [151], a hybrid algorithm 
(HGSO-EO) was proposed for Twitter spam detection, 
combining the HGSO algorithm with the Equilibrium Opti-
mizer (EO). The HGSO-EO algorithm was evaluated using 
a modified Social Honeypot dataset, with performance com-
parisons made against individual HGSO, EO, classical filter, 
and wrapper-based methods, as well as other metaheuris-
tic algorithms. The experimental results demonstrated that 
the HGSO-EO algorithm outperformed existing methods 
in both accuracy and effectiveness for feature selection in 
spam detection.

3.3.17 � Hybridization with Hill Climbing Algorithm

Elgazzar et al. [150] developed a hybrid HGSO with Hill 
Climbing algorithms for solving the feature selection prob-
lem. The efficiency of the proposed EHGSO approach 
was evaluated using the U.S. Census Bureau’s American 
Community Survey data. According to simulation results, 
the proposed EHGSO algorithm improved significantly 
the accuracy and fitness value compared to the traditional 
HGSO.

3.3.18 � Hybridization with Spider Monkey Optimization

Reddy and Ravi Kumar [149] proposed a hybrid technique 
(RHGSMO-DNFN) based on the combination of HGSO, 
spider monkey optimization, conditional autoregressive 
value at risk (CAViaR), and deep neuro-fuzzy network 
(DNFN) for designing m-user MIMO interference chan-
nel. The proposed technique was applied with zero-forcing 
maximum likelihood detection for initial signal estimates. 
With the lowest bit error rate (BER), signal-to-interference 
and noise ratio (SINR), and symbol error rate (SER), the 
proposed RHGSMO-DNFN technique provides better per-
formance than existing optimization approaches.

3.3.19 � Hybridization with Chicken Swarm Optimization

Saini et al. [148] proposed a hybrid model (CHGCSO-DRN) 
based on the hybridization of HGSO, Chicken Swarm Opti-
mization (CSO), and Deep Residual Network (DRN) for 
Plant disease categorization in IoT environments. The effi-
ciency of the proposed CHGCSO-DRN model was validated 
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based on rice crops images which are preprocessing using 
median filtering. Simulation results demonstrated the supe-
riority of the proposed CHGCSO-based DRN model over 
other existing models achieving an accuracy of 94.3%, a 
maximum specificity of 92%, a maximum sensitivity of 
93.3%, and an F1-score of 93%.

3.3.20 � Hybridization with Dolphin Echolocation Algorithm

Patra et al. [147] introduced a hybrid model called DHGSO, 
by integrating HGSO with the Dolphin Echolocation algo-
rithm (DEA), to enhance lung cancer classification using 
histopathological images. This hybrid model optimizes the 
training of the Deep Maxout Network (DMN), ensuring 
improved feature learning and classification accuracy. By 
effectively balancing exploration and exploitation, DHGSO 
enhances model performance, leading to an accuracy of 
93.08%, sensitivity of 94.81%, and specificity of 94.59%, 
outperforming other comparative methods.

3.3.21 � Hybridization with Water Cycle Algorithm

Borgalli et al. [146] proposed a hybrid model (WCHGSO-
DNFN), based on the combination of HGSO, Water Cycle 
Algorithm (WCA), and Deep Neuro Fuzzy Network 
(DNFN), for facial expression recognition (FER) and pain 
intensity measurement. The WCHGSO-DNFN model uti-
lizes dataset-2 for compound FER and dataset-1 for pain 
intensity assessment. Experimental results demonstrate the 
model’s effectiveness, achieving a testing accuracy of 81.4%, 
sensitivity of 81.9%, and specificity of 80.6% on dataset-1, 
while attaining 81.5, 75.8, and 84.8% on dataset-2.

3.3.22 � Hybridization with Support Vector Machine

The authors in [202] presented a hybrid model (AlexNet-
HGSO-SVM) which integrates AlexNet, HGSO, and SVM 
for soil image classification. The proposed model was evalu-
ated on a soil image dataset with seven classes and com-
pared with other metaheuristic-based models, including 
DE, GWO, WOA with SA, and GOA. Experimental results 
confirmed that the proposed AlexNet-HGSO-SVM model 
outperforms these methods in terms of classification accu-
racy and robustness.

3.3.23 � Hybridization with Support Vector Regression

Chen et al. [201] proposed a hybrid model (HGSO-SVR), 
which integrates the HGSO algorithm with the Support Vec-
tor Regression (SVR) model, to predict the compressive 
strength of admixed concrete containing fly ash and micro-
silica. Comparative analysis demonstrated that the HGSO-
SVR model significantly outperformed the PSO-SVR model, 

achieving fitness values of 1.4156 and 1.5419, respectively, 
thereby confirming the superior accuracy of the HGSO-SVR 
model in compressive strength prediction.

The hybrid models (SVR-HGSO, SVR-EO, GMDH-EO, 
and GMDH-HGSO) were developed in the work of Javadi 
et al. [200] to predict sediment discharge (Qs) in free-flow 
flushing by integrating SVR and Group Method of Data 
Handling (GMDH) with HGSO and EO. Using 160 datasets 
from Janssen’s experimental study, the models were trained 
with input parameters including reservoir water level, bed 
level, inflow, outflow, and flushing time. Performance evalu-
ation based on RMSE, MAE, R2, and MARE showed that 
HGSO and EO improved GMDH accuracy by up to 26 and 
22%, respectively. Among all models, SVR-EO and SVR-
HGSO achieved the highest accuracy (R2 = 0.98 training, 
R2 = 0.96 validation), while GMDH-HGSO demonstrated 
the best overall performance (R2 = 0.96, RMSE = 22.37), 
making it the most recommended model for sediment trans-
port prediction.

Two hybrid models, SVR-HGSO and SVR-PSO, were 
proposed in the work of Kumar and Robinson [199] to pre-
dict pile settlement (PS) accurately. The SVR-HGSO model 
is based on SVR coupled HGSO, while the SVR-PSO model 
integrates SVR with PSO to fine-tune model parameters. 
Performance evaluation using five metrics demonstrated the 
superiority of SVR-HGSO, achieving an RMSE of 0.29 mm 
(compared to 0.46 mm for SVR-PSO), and an MAE of 0.278 
mm–57.10% lower than SVR-PSO. The OBJ value further 
validated the accuracy of SVR-HGSO at 0.283 mm, confirm-
ing its effectiveness for precise pile settlement estimation.

Wu and Yang [198] proposed two hybrid models, HGSO-
SVR and CSO-SVR, for predicting the compressive strength 
(CS) of high-performance concrete (HPC) incorporat-
ing blast furnace slag (BFS) and fly ash (FA). SVR was 
employed for regression, while HGSO and CSO optimize 
its parameters to enhance predictive accuracy. Both models 
were trained on 1030 experiments and eight input variables, 
including admixtures, aggregates, and curing age. The find-
ings confirm the best performance of the HGSO-SVR model 
by achieving superior accuracy and a significantly lower 
RMSE compared to the CSO-SVR model.

3.3.24 � Hybridization with Long Short‑Term Memory

A hybrid model (SHGSO-LSTM) based on the combina-
tion of HGSO, Long Short-Term Memory (LSTM), and 
Gated Recurrent Unit (GRU) was proposed in the work of 
Kathavate et al. [197] for lipoprotein detection, addressing 
sequence prediction challenges in spirochaetes. The model 
extracts correlation features, enhanced log energy entropy, 
raw features, and semantic similarity features. The proposed 
approach improves prediction accuracy, overcoming limi-
tations in existing bacterial lipoprotein detection methods.
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3.3.25 � Hybridization with Random Forest

Islam et  al. [196] developed a novel optimized classi-
fier (HGSORF) based on the hybridization of the HGSO 
algorithm with Random Forest (RF) model for C-Section 
(CS) and non-CS classes classification. The efficiency of 
the proposed HGSORF classifier was assessed using noisy 
Real-world CS datasets such as the Pakistan Demographic 
and Health Survey (PDHS) datasets. Experiments revealed 
that the HGSORF method provides the highest accuracy of 
98.33% compared with other frequently used optimization 
algorithms.

In the work of Jeyalakshmi et al. [195], a hybrid model 
(MKELMRF-OHGSA) was proposed for detecting and iso-
lating Denial-of-Service (DoS) attacks in WSNs. This model 
integrates Oppositional HGSO (OHGSO), Random Forest, 
and Mixed Kernel Extreme Learning Machine (MKELM). 
The MKELMRF-OHGSA model was evaluated using six 
performance metrics including detection rate, network life-
time, packet delivery ratio, accuracy, false alarm rate, and 
throughput. Experimental results show that the proposed 
MKELMRF-OHGSA algorithm achieves an average detec-
tion rate of 98%, outperforming other existing methods.

3.3.26 � Hybridization with Artificial Neural Networks

Rabikumar and Kavitha [194] developed a hybrid approach 
(CNN-OHGS) that combined the HGSO algorithm with the 
CNN model for an autonomous vehicle control system. The 
CNN-OHGS approach was used to minimize the distance 
variations among the vehicles and ensure safety. Conducted 
simulations demonstrated the CNN-OHGS’s performance 
compared to other existing optimization approaches.

A hybrid model (HGSO-ANN), based on the combination 
of HGSO with ANN, was proposed in the work of Mishra 
et al. [193] for early detection of bearing faults in rotating 
machines. The performance of the proposed HGSO-ANN 
approach was evaluated under constant and varying speed 
conditions. Experimental validations confirm the hybrid 
model’s effectiveness in preventing unplanned bearing fail-
ures, showcasing its reliability and potential.

Sadiq et al. [192] proposed a combined approach (HGSO-
FFNN) based on the integration of the HGSO algorithm 
with the feed-forward neural network (FFNN) for solving 
the alcoholic EEG signals recognition problem. The hybrid 
approach was validated in comparison with 11 well-known 
classifiers such as FFNN, SVM, RF, Recurrent Neural Net-
work (RNN), Linear Discriminate Analysis (LDA), and 
K-nearest Neighbor (KNN) with Euclidean distance, KNN 
with city block distance, Generalized Regression Neural 
Network (GRNN), Neural Network (NN) and Multilayer 
NN (MNN). Simulation results demonstrated the efficiency 

of the hybrid algorithm compared to existing approaches 
in the literature in terms of evaluation metrics used in 
classification.

Elwin et al. [191] proposed a hybrid Autoregressive-
Henry Gas Sailfish Optimization algorithm with a deep 
learning approach, called Ar-HGSO, for solving the diabetic 
retinopathy detection problem. The performance of the Ar-
HGSO algorithm was tested using both IDRID and DDR 
datasets. Compared to CNN, Synergic Deep learning, Deep-
CNN, DNN, and EWKPC + HGSO-based DCNN methods, 
the Ar-HGSO achieves the best results in terms of accuracy, 
specificity, and sensitivity metrics.

Li et al. [190] developed a hybrid model (HGSO-ADBN) 
combining HGSO with an adaptive deep belief network 
(ADBN) for enhancing aero-engine sensor fault diagnosis. 
The HGSO-ADBN model was assessed using measured and 
simulated aero-engine data considering convergence speed 
and accuracy metrics. Experimental validations confirm the 
superiority of the proposed approach, achieving a diagnostic 
accuracy of 98.1% and reducing computation time to 98 s.

A hybrid model (HGWWO) based on the combination of 
HGSO, CNN, Deep Generative Adversarial Network (Deep 
GAN), U-Net, and Water Wave Optimization (WWO), was 
developed in the work of Kalpana et al. [189] for COVID-19 
detection. The HGWWO approach integrates image pre-pro-
cessing using the Region of Interest (RoI) and median filter-
ing, lung lobe segmentation with U-Net, and feature extrac-
tion via CNN. Experimental results showed the HGWWO 
model’s effectiveness, achieving a testing accuracy of 
91.69%, sensitivity of 93.28%, and specificity of 90.32%.

Patra et al. [188] introduced a hybrid approach (HSLnO-
SSWOA-DQN) based on the combination of HGSO with 
Deep Q Network (DQN) and two optimization algorithms 
for medical data classification. The proposed HSLnO-
SSWOA-DQN approach integrates data normalization for 
pre-processing and classification with a DQN optimized 
by SSWOA. Experimental results demonstrated the effec-
tiveness of the proposed approach, providing a maximum 
accuracy of 95.41%, specificity of 95.36%, and sensitivity 
of 95.65%.

A hybrid model (HGSO-FHDF) was developed by Ragab 
et al. [187] for automated brain cancer classification by 
integrating handcrafted and deep features. The proposed 
HGSO-FHDF model employs Gabor filtering (GF) for 
noise reduction and Tsallis entropy-based segmentation to 
identify tumor regions in MRI images. Feature extraction 
was performed using a fusion of handcrafted features and 
deep features from a Residual Network (ResNet). The per-
formance of the hybrid model was evaluated on the BRATS 
2015 dataset, demonstrating its effectiveness in brain tumor 
detection and classification.

Fayaz et al. [186] introduced a new hybrid approach 
(HHGSO-DL), based on the hybridization of the HGSO 
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algorithm with Deep Learning model, for LED driver sys-
tem design. The performance of the proposed HHGSO-DL 
approach was investigated on ED luminaire and LED chip 
packaging with thermal aging loading. Conducted experi-
mental results showed the promising performance of the pro-
posed HHGSO-DL compared to state-of-the-art approaches.

Arivalahan et  al. [185] proposed a hybrid approach, 
called CHGSO-FAT, based on the hybridization of the Cha-
otic HGSO and FeedBack Artificial Network for optimiz-
ing the Fractional Order Proportional Integral Derivative 
(FOPID) controller system. The robustness of the CHGSO-
FAT approach was evaluated using 100, 150, 200, 250, and 
500 trails. Results revealed that the CHGSO-FAT algorithm 
outperforms both PSO and GA algorithms in terms of com-
putation time and fitness value metrics.

The authors in [184] proposed a hybrid model (HGSO-
DLFER) integrating HGSO with deep learning for facial 
emotion recognition (FER) in human-computer interaction 
(HCI). The HGSO algorithm performs hyperparameter 
optimization, while adaptive fuzzy filtering (AFF) removes 
noise and MobileNet extracts features. Experimental valida-
tions confirm the superiority of the HGSO-DLFER model, 
achieving a maximum accuracy of 98.65%, outperforming 
conventional FER techniques.

Roy and Dutta [183] developed a hybrid method (HGSO-
ADBN), based on the combination of the Adaptive Deep 
Belief Network (ADBN) and HGSO algorithm, for enhanc-
ing the Group Recommender System. The HGSO-ADBN 
method was evaluated using four different datasets and com-
pared to the SVM, DNN, NN, and DBN models. Simulation 
results proved the superiority of the proposed model in terms 
of MAP metric.

Arumugasamy and Arokiasamy [182] proposed a hybrid 
model (THGSO-DRN), based on the hybridization of HGSO 
and Deep Residual Network (DRN), for fruit ripeness clas-
sification. The effectiveness of the THGSO-DRN model was 
validated based on fruit images which are preprocessed with 
Gaussian filtering. The proposed THGSO-DRN provided 
maximum accuracy of 92.5%, specificity of 90.5%, and sen-
sitivity of 93.5% demonstrating enhanced fruit ripening clas-
sification performance and prediction capabilities.

Karthika et al. [181] introduced a novel hybrid control 
technique (CHGSO-RENNN) for small signal stability 
analysis for microgrids under uncertainty. The proposed 
CHGSO-RENNN technique is based on the combination 
of chaotic HGSO and recalling-enhanced recurrent neu-
ral network (RENNN), which is used to optimally predict 
the internal and external current loop control parameters. 
Experimental results revealed the efficiency of the proposed 
CHGSO-RENNN for optimal tuning of PI controller gain 
parameters.

Tripathi and Sharma [180] proposed an optimal trust 
and secure (MDML-CHGSO) approach for fog-based 

Vehicular ad hoc network (VANET). The proposed MDML-
CHGSO approach is based on the combination of chaotic 
HGSO algorithm and modified deep metric learning model. 
Experiments showed the MDML-CHGSO’s effectiveness to 
provide a trust-based security design in terms of average 
latency, throughput, and packet delivery ratio metrics.

Escorcia-Gutierrez et al. [179] developed a new traf-
fic flow forecasting model (HGSODL-TFF), based on the 
hybridization of HGSO with Deep Belief Network (DBN), 
for 6G enabled vehicular networks. The performance of the 
proposed HGSODL-TFF model was validated on test data 
under several aspects and results reported the superiority of 
the HGSODL-TFF model when compared to other recent 
optimization approaches.

A hybrid control system (RERNN-CHGSO) based on 
the combination of Recalling Enhanced Recurrent Neural 
Network (RERNN) with Chaotic HGSO algorithm was 
developed in the work of Meenalochini et al. [178] for an 
extended switched coupled inductor quasi-z-source inverter 
in grid-connected photovoltaic (PV) systems. The proposed 
RERNN-CHGSO system was evaluated under various con-
ditions taking into account the parameters of power, voltage, 
current, and total harmonic distortion (THD). Simulation 
results demonstrated the efficiency of the hybrid RERNN-
CHGSO system compared to other existing control models.

Two hybrid models, RBF-HGSO and RBF-PSO, were 
proposed in the work of Li [177] to predict the compressive 
strength of high-performance concrete. The RBF-HGSO 
model combines the Radial Basis Function (RBF) neural 
network with HGSO, while the RBF-PSO model integrates 
the RBF neural network with PSO. The RBF-HGSO model 
outperformed RBF-PSO, achieving a RMSE of 2.5629 
compared to 2.6583, demonstrating its superior accuracy 
in predicting the compressive strength of high-performance 
concrete.

Ninu [176] proposed an intrusion detection system 
(EHGSO-DNFN) for Mobile Ad hoc Networks (MANETs) 
based on Exponential-HGSO algorithm (EHGSO) and Deep 
Neuro Fuzzy Network. The Exponential Weighted Moving 
Average strategy was integrated into The HGSO algorithm 
for optimal route selection. Simulation results demonstrated 
the high performance of the proposed EHGSO-DNFN sys-
tem compared to other existing optimization methods con-
sidering the metrics of packet drop, energy, throughput, jit-
ter, recall, and precision.

A hybrid model (MAFCNN-SCD) was proposed in the 
work of Obayya et al. [175] for the detection and classifica-
tion of skin cancer. The model integrates three advanced 
methods: Multi-Attention Fusion Convolutional Neural Net-
works (MAFNet), HGSO, and Deep Belief Networks (DBN). 
The effectiveness of the MAFCNN-SCD model was vali-
dated on two benchmark datasets including the ISIC 2017 
database and the HAM10000 database. Simulation results 
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demonstrated the superior performance of the MAFCNN-
SCD model compared to other state-of-the-art techniques.

A novel approach, LHGSO-DFC, was introduced by 
Kumar et al. [174] to enhance image retrieval efficiency. 
LHGSO-DFC integrates the Lion HGSO algorithm with the 
Deep Fuzzy Clustering (DFC) model. Experimental results 
showed significant improvements in retrieval performance, 
achieving F-measure, precision, and recall values of 0.887, 
0.891, and 0.882, respectively.

A novel hybrid model, HGSO-WIB-ReLU, integrat-
ing HGSO algorithm with CNN architecture featuring 
the Weight Initialization-Based Rectified Linear Unit 
(WIB-ReLU), was proposed by Lakshmanan et al. [173] 
to detect various types of DoS attacks, including HTTP, 
DNS, and ICMP flood attacks. Experimental evaluations 
on benchmark datasets (BUET-DDoS2020, CIC-DoS 
Attacks, and Low Rate DDoS) showcased exceptional 
performance, achieving accuracy rates of 97, 96.67, and 
96%, respectively. These results highlight the model’s 
effectiveness and superiority over state-of-the-art meth-
ods in accurately identifying low-rate DoS attacks.

The authors in [172] developed two hybrid models, 
RBHG and RBMV, to enhance the prediction of High-
Performance Concrete (HPC) properties. RBHG integrates 
the Radial Basis Function Neural Network (RBFNN) 
with HGSO, while RBMV combines RBFNN with MVO. 
Experimental validations on 181 HPC mixtures confirm 
the superiority of RBMV, achieving an RMSE of 3.7 mm 
for slump (43.2% lower than RBHG) and 3.66 MPa for 
compressive strength (compared to 5 MPa for RBHG). 
With an R2 of 98.25%, RBMV surpasses RBHG (96.86%), 
demonstrating a more efficient and accurate approach for 
modeling HPC hardness properties.

Ponnupila Omana et  al. [171] proposed a hybrid 
approach (HGBSO-DCNN) that integrates HGSO algo-
rithm with Deep Convolutional Neural Network (DCNN) 
to address the brain tumor classification. Data augmenta-
tion was used for enhanced classification accuracy. The 
proposed HGBSO-DCNN approach demonstrated superior 
performance, achieving 92.21% accuracy, 93.24% sensitiv-
ity, and 92.95% specificity, showcasing its effectiveness 
and reliability in accurately classifying brain tumors.

A hybrid model (SHGSO-DMN), combining the Squir-
rel HGSO algorithm with the Deep Maxout Network 
(DMN), was proposed by Nirmala Priya [170] for detect-
ing image forgeries. The SHGSO-DMN model demon-
strated outstanding performance, achieving an accuracy 
of 95.07%, a True Negative Rate (TNR) of 95.68%, and a 
True Positive Rate (TPR) of 95.17%, surpassing existing 
forgery detection techniques.

A hybrid approach (FHGO-CNN), which integrates 
fractional HGSO with CNN, was proposed in the work 
of Ramya et  al. [169] for E-waste management in IoT 

applications. When compared to existing methods such as 
traditional deep learning, TensorFlow-based deep learn-
ing, Cuckoo Search-based neural networks, and machine 
learning, the proposed FHGO-CNN approach demon-
strates superior accuracy, achieving improvements of 
19.49, 18.05, 12.77, and 7.89%, respectively.

3.3.27 � Hybridization with Other Methods

A hybrid model named HGSO-RVFL, combining the HGSO 
algorithm with the Random Vector Functional Link (RVFL) 
network, was proposed in the work of Shehabeldeen et al. 
[145]. The HGSO-RVFL model was used to predict the ulti-
mate tensile strength (UTS) of AA6061-T6 aluminum alloy 
joints. The validity of the HGSO-RVFL model was tested, 
demonstrating its effectiveness in accurately predicting the 
UTS of friction stir welded (FSW) joints.

Ahmed et al. [144] presented an innovative approach 
for streamflow time series forecasting problem by integrat-
ing physics-inspired metaheuristic algorithms: Henry Gas 
Solubility Optimization-Multi-Layer Perceptron (HGSO-
MLP), Equilibrium Optimization-Multi-Layer Perceptron 
(EO-MLP), and Nuclear Reaction Optimization-Multi-Layer 
Perceptron (NRO-MLP). A 130-year dataset from the High 
Aswan Dam (HAD) was employed to assess model perfor-
mance against conventional neural networks (MLP, RNN) 
and nine hybrid MLP-based metaheuristic models. The 
findings reveal that Physics-MLP models outperform both 
Swarm-MLP and evolutionary-MLP models in accurately 
capturing streamflow patterns.

Zamli et al. [143] proposed a hybrid approach, called 
HHGSO, based on the hybridization of the HGSO algo-
rithm with dynamic cluster-to-algorithm mapping for solv-
ing the Search-based Software Engineering Problems. The 
performance of the HHGSO algorithm was evaluated using 
IMDB and DBLB datasets using various number of required 
skills. Compared to Jaya Algorithm (JA), Sooty Tern Opti-
mization Algorithm (STOA), Butterfly Optimization Algo-
rithm (BOA), Owl Search Algorithm (OSA), and traditional 
HGSO algorithm, the HHGSO approach obtained the best 
cost, number of team members, average cost, and average 
time.

A hybrid model (HGSO-based UKF) was developed in 
the work of Aganathan et al. [142] for multi-object track-
ing. The HGSO-based UKF was utilized to improve tracking 
precision by modifying the Unscented Kalman Filter (UKF) 
with Henry Gas Solubility Optimization (HGSO). Experi-
mental results demonstrated the effectiveness of the HGSO-
based UKF model, achieving an accuracy of 92%, multiple 
object tracking precision (MOTP) of 87.6%, sensitivity of 
91.7%, and specificity of 92%, outperforming conventional 
methods.
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4 � Applications of the Henry Gas Solubility 
Optimization Algorithm

4.1 � Engineering

This section investigates the applications of the HGSO algo-
rithm as summarized in Table 7. Yildiz et al. [112] applied 
the HGSO algorithm for the optimum shape and design of 
vehicle components in the automotive industry. The HGSO 
algorithm was assessed based on a finite element analysis 
taking into account the mass objective function under a 
stress constraint. Experimental results showed the ability of 
the HGSO algorithm to design better optimal vehicle com-
ponents compared to other optimizers in the literature.

The HGSO algorithm was utilized in the work of Ekinci 
et al. [208] for optimizing the parameters of a FOPID con-
troller. Its efficiency was demonstrated through box plots 
and convergence analyses. Performance comparisons with 
other methods, including SSA, Stochastic Fractal Search 
(SFS), and Improved Kidney Algorithm (IKA), based on 
transient and frequency response analyses, revealed that 
the HGSO algorithm outperformed the alternatives in 
simulation results.

In [140], the authors applied the HGSO algorithm to opti-
mize the Combined Heat and Power Plant (CHPP) system. 
The HGSO algorithm’s performance was validated in four 
scenarios using different external exchangers. Simulation 
results showed that the HGSO algorithm achieved good 
results considering the metrics of energy, exergy, and cost.

Ekinci et  al. [209] applied the HGSO algorithm to 
obtain optimal parameters for a power system stabilizer 
(PSS) and enhance its dynamic performance. The HGSO 
algorithm was validated using a single-machine infinite-
bus system and compared with ASO and conventional PSS 
controllers. Experimental results showed that HGSO gives 
better statistical performance and convergence ratio in tun-
ing the PSS parameters.

Nguyen et al. [210] used the HGSO algorithm to search 
for optimum parameters of a landslide susceptibility applica-
tion in Vietnam’s mountainous regions. The performance of 
the HGSO algorithm was assessed using 13 features taken 
from Ha Giang mountain with RMSE as the objective func-
tion. Simulation results showed that the HGSO algorithm 
can be considered as a promising and alternative solution 
for adaptive weights of the deep neural network.

Ebrahim et al. [211] used the HGSO algorithm to opti-
mize the Microgrid Droop Controller parameters. The 
HGSO algorithm was tested in two different cases, such 
as Fixed Cyclic Load in Islanding Mode, and Continuous 
Cyclic Load in Islanding Mode. Compared to both PSO 
and ALO algorithms, the HGSO algorithm obtained the 
best results regarding the fitness value.

Idir et al. [212] suggested a high-performance FOPID 
controller based on the HGSO algorithm for the direct cur-
rent (DC) motor control. The performance of the HGSO-
FOPID controller was assessed considering disturbance 
rejection analyses, transient and frequency responses, and 
index of performance and compared with various well-
known controller approaches such as PSO-PID, ASOA-
PID, SCA-PID, GWO-PID, IWO-PID, SFS-PID. Results 
revealed that the proposed HGSO-FOPID controller gives 
better performance with lower settling time.

Mousakazemi [213] applied the HGSO algorithm to 
control and optimize PID gains for the load-following 
operation of a nuclear power plant reactor. The HGSO’s 
performance was validated using the integral of the time-
weighted square error (ITSE) index as the fitness (cost) 
function, which was constrained by a stability condition 
based on a Lyapunov synthesis. Simulation results showed 
that the HGSO algorithm provides good accuracy with the 
least error compared to GA.

The HGSO algorithm was applied in the study of Qi 
et al. [214] to optimize a multi-cell Linear Parameter Vary-
ing (LPV) model. The main principle is based on select-
ing the best steady-state points, thereby enhancing model 
accuracy and reducing redundancy. Simulation results 
validate the effectiveness of the HGSO algorithm, dem-
onstrating a strong correlation between the LPV and non-
linear models, ensuring robust and efficient aero-engine 
control.

The HGSO algorithm was used in the work of Liu et al. 
[215] to optimize the PI controller parameters for the trajec-
tory planning of a 9-DOF redundant manipulator. Experi-
mental validation on the 9-DOF redundant manipulator dem-
onstrates superior trajectory tracking accuracy, confirming 
the efficiency and effectiveness of the proposed approach.

The authors in [120] applied the HGSO algorithm to 
enhance flyrock distance (FD) prediction in mine blast-
ing. Evaluated on 222 blast records, the HGSO model out-
performed baseline and hybrid ANFIS models, achieving 
a determination coefficient of 0.924 and a system error of 
18.112. Sensitivity analysis identified blast hole diameter 
(0.97%) as the most influential parameter. The results con-
firm the superior efficiency of the HGSO model, making it a 
reliable tool for predictive modeling in blasting operations.

Kumar and Kumar [216] applied the HGSO algorithm for 
optimal routing in heterogeneous wireless sensor networks. 
The main objective is to ensure performance regarding 
energy efficiency, scalability, self-healing, and self-recon-
figurability. Experimental results showcased the effective-
ness of the HGSO algorithm over other methods in terms of 
throughput and energy consumption.
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4.2 � Power and Energy

The HGSO algorithm was used in the work of [113] to 
address Maximum Power Point Tracking (MPPT) in Pho-
tovoltaic (PV) systems. The HGSO technique was validated 
in five different weather and operating conditions and com-
pared with several state-of-the-art methods, including Per-
turb and Observe (P&O), PSO, DOA, CSA, and GOA. The 
results showed that the HGSO technique improves power 
efficiency by 1-4%, reduces tracking time by 15-30%, set-
tling time by 20%, and oscillation by 80% compared to other 
methods, with strong performance across seasons.

In [118], authors presented the HGSO algorithm to opti-
mize the fuel consumption for the Vehicle Routing Problem. 
Simulation results proved the superiority of the HHGSO 
algorithm compared to SA, TS, and hybrid PS in terms of 
fuel consumption, computational time under various num-
bers of gas, iteration, and KPL on fuel consumption and 
computation time.

Singh and Sandhu [217] applied the HGSO algorithm for 
estimating Proton Exchange Membrane Fuel Cell (PEMFC) 
parameters. The algorithm’s performance was evaluated 
using ten benchmark functions and compared with five other 
methods. Additionally, validation was carried out on three 
PEMFC models (SR-12, BCS-500 W, and NedStack PS-6), 
with results compared to real data. The findings show that 
the HGSO algorithm provides superior performance, with 
faster convergence, reduced errors, and shorter processing 
times compared to other algorithms.

The authors in [218] applied the HGSO algorithm for 
optimal Phasor Measurement Unit (PMU) placement in 
power systems. The HGSO algorithm minimizes the number 
of PMUs while ensuring full observability by considering 
system topology and Zero Injection Buses (ZIBs). Experi-
mental validation on IEEE 14-bus and 30-bus systems dem-
onstrates that incorporating ZIBs reduces the required PMUs 
while maintaining full network observability. Additionally, 
a state estimation analysis confirms the effectiveness of the 
HGSO algorithm in reducing estimation errors, outperform-
ing conventional placement strategies.

Haider et al. [219] applied the HGSO algorithm for opti-
mal load scheduling in smart grids. The HGSO’s perfor-
mance was evaluated under various pricing schemes taking 
into account adaptive consumption level pricing and time-
of-use, compared with other works existing in the litera-
ture. Experiments demonstrated the efficiency of the HGSO 
algorithm in terms of peak power demand reduction and 
substantial energy cost savings.

Hemeida et al. [220] applied the HGSO algorithm to opti-
mally tune PI controller parameters for a Static VAR Com-
pensator (SVC), enhancing voltage and angle stability in 
power systems. Experimental validation under three-phase 

short circuit faults and mechanical disturbances demon-
strates the superiority of the HGSO-optimized SVC over 
conventional PI controllers.

In the work of Mousakazemi [221], the HGSO algorithm 
was applied to enhance the pressurized light-water nuclear 
reactor (PWR) parameters model. The HGSO algorithm was 
evaluated in short and long-term operations and compared 
to the standard PSO algorithm. Simulation results demon-
strated that the HGSO algorithm enhanced significantly 
PWR usage by obtaining the best least overshoot/undershoot 
and steady-state error.

In [222], authors adapted the HGSO algorithm to optimize 
the water transportation delay and penstock head loss in the 
short-term hydrothermal scheduling problem. The perfor-
mance of the HGSO algorithm was validated using seven 
hydro units and eight thermal units. Results showed that the 
HGSO algorithm outperforms the SOS, IMO, SCA, and CSA 
approaches in terms of cost and computational time.

In the work of Rishehri and Ansarifar [223], the HGSO 
algorithm was used for optimizing the small modular reac-
tor core loading with dual-cooled fuel. The performance of 
the HGSO algorithm was validated considering safety and 
dynamic parameters such as convective heat transfer coef-
ficients and temperature reactivity feedback coefficients. 
Experiments showcased the efficiency of the HGSO algo-
rithm when compared with PSO, GA, and GWO algorithms.

4.3 � Classification

In [105], the HGSO algorithm was applied to tackle the 
feature selection problem. The efficiency of the HGSO 
approach was validated using over eighteen datasets with a 
wide range of feature sizes (small, medium, and high) and 
five evaluation criteria. Experimental results showed that 
the proposed HGSO algorithm obtained superior results 
versus five competitor meta-heuristics methods such as 
GWO, GOA, DA, SSA, and WOA.

Cao et al. [224] applied the HGSO algorithm for opti-
mizing SVR parameters and obtaining good prediction 
stability. The HGSO algorithm was validated using ten 
low- and high-dimensional benchmark datasets in terms 
of prediction accuracy, convergence performance, and 
computational complexity. Experimental results revealed 
that the HGSO algorithm gives optimal comprehensive 
performance compared with six well-known algorithms 
such as HHO, SSA, DA, ALO, PSO, and FA.

The HGSO algorithm was applied in the work of Elwin 
et al. [191] for Diabetic Retinopathy (DR) detection and 
severity classification based on color fundus images. 
Evaluated on the IDRID and DDR datasets, the HGSO 
approach outperforms existing methods, achieving testing 
accuracy of 0.9142, sensitivity of 0.9254, and specificity 
of 0.9142 on the IDRID dataset.
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In [225], authors applied HGSO to solve the feature 
selection problem. The efficiency of the HGSO algorithm 
was assessed using ten datasets considering two main 
objectives such as Error Rate (ER) and feature Reduction 
Rates (RR). Results showed that the HGSO algorithm pro-
vides higher performance compared to EO, FA, and PSO 
algorithms in terms of accuracy and number of features

Elden et  al. [226] adapted the HGSO algorithm to 
enhance the feature selection process in the pediatric 
sepsis detection problem. The effectiveness of the HGSO 
algorithm was evaluated using the GSE66099 microarray 
dataset and compared to various meta-heuristics such as 
SCA, Tree Growth Optimization (TGO), EO, Atom Search 
Optimization (ASO), SSO, PSO, GWO, Poor and Rich 
Algorithm (PRA), and GA. Results showed that, using 
the HGSO, the SVM classifier achieved the best results 
in terms of accuracy, specificity, sensitivity, and AUC 
metrics.

Authors in [227], used the HGSO algorithm for solving 
the feature selection problem in the maintenance predic-
tion system. The robustness of the HGSO algorithm was 
evaluated using five different datasets. Simulation results 
demonstrated the efficiency of the HGSO algorithm based 
Serial Cascaded deep learning model obtained the best 
performance compared to state-of-the-art classifiers.

Devi and Sriramya [228] applied the HGSO algorithm 
for designing a blockchain to perform traceability of 
drugs. The main principle is the registration of drugs in 
the blockchain, which then generates a secret key obtained 
using the HGSO algorithm. Simulation results demon-
strated the superiority of the HGSO algorithm achieving 
the memory, response time, privacy, and normalized vari-
ance of 84 MB, 32.678 sec, 0.958, and 0.958, respectively.

4.4 � Image Processing

The HGSO algorithm was applied in the work of Kurban 
et al. [229] for multilevel color image thresholding. The 
study compared six nature-inspired algorithms, includ-
ing HGSO, EO, PO, TFWO, MPA, and SMA, using aerial 
images obtained by drones. The segmentation results were 
evaluated using Structural Similarity Index Measure (SSIM), 
Peak Signal-to-Noise Ratio (PSNR), Blind/Referenceless 
Image Spatial Quality Evaluator (BRISQUE), Perception-
Based Image Quality Evaluator (PIQE), Natural Image Qual-
ity Evaluator (NIQE), and CPU time consumption. Experi-
mental analysis showed that MPA and TFWO outperformed 
other algorithms in terms of image quality metrics and com-
putational efficiency.

Mishra and Pal [230] used the HGSO algorithm for 
bi-level thresholding-based image segmentation to detect 
COVID-19 infections in CT images. The HGSO method’s 
efficiency was validated on publicly available COVID-19 

CT images using Peak Signal-to-Noise Ratio (PSNR), Mean 
Squared Error (MSE), Structural Similarity Index Measure 
(SSIM), and Feature Similarity Index Measure (FSIM). 
Comparative analysis with SCA, SSA, GWO, CPSOGSA, 
and MFO-based segmentation methods demonstrated 
the superiority of the HGSO algorithm in medical image 
segmentation.

Authors in [231] utilized the HGSO to optimize the 
extraction of phenolic compounds from Haloxylon scopar-
ium using ultrasound-assisted extraction (UAE). The HGSO-
optimized UAE achieved a maximum phenolic compound 
yield of 191.88 mg GAE/g DM, significantly exceeding the 
105.87 mg GAE/g DM obtained through maceration. This 
optimized extraction method demonstrates strong potential 
for pharmaceutical and food applications.

5 � Results and Comparison

In this section, we assess the efficiency of HGSO by com-
paring it with fourteen well-known optimization algorithms 
including FA, BA, GWO, MFO, MVO, SCA, SAO, LCA, 
ALO, BBO, CSO, FPA, PSO, AOA algorithms. The experi-
ments are conducted using 30 search agents over 500 itera-
tions. The parameter settings for each algorithm are provided 
in Table 8.

The performance of HGSO is assessed using 23 IEEE 
CEC benchmark functions, which are categorized into three 
groups: unimodal, multimodal, and fixed-dimension numeri-
cal optimization problems. The details of these functions, 
including their search range, dimension (Dim), and theo-
retical optimum ( fmin ), are summarized in Tables 9, 10, and 
11. Additionally, a 2D visualization of these 23 benchmark 
functions is provided in Fig. 13.

Six performance metrics are used to comprehensively 
evaluate the optimization results, assessing the effectiveness 
and reliability of the algorithms:

–	 Mean: The average objective function value over multi-
ple runs, indicating the algorithm’s central tendency and 
overall performance.

–	 Standard Deviation (SD): Measures the dispersion of 
results. A lower SD signifies greater consistency and sta-
bility, while a higher SD suggests increased variability.

–	 Minimum (Min): The best (lowest) objective function 
value obtained across all runs, reflects the algorithm’s 
optimal performance.

–	 Maximum (Max): The worst (highest) objective function 
value obtained across all runs, representing the upper 
bound of performance variability.

–	 Rank: The relative ranking of each algorithm based 
on performance, with lower ranks indicating superior 
results.
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–	 P-value: Assesses statistical significance; lower values 
suggest stronger evidence of a meaningful difference in 
performance.

–	 Convergence Speed: The rate at which an algorithm 
approaches the optimal solution. Faster convergence 
demonstrates an algorithm’s efficiency in achieving high-
quality solutions with fewer iterations, reducing compu-
tational cost.

The simulation results are detailed in Tables 11, 12, 13, and 
14. For each function, the HGSO algorithm achieves the 
best or among the best values in terms of minimum (Best), 
maximum (Worst), mean, and standard deviation (Std), indi-
cating both accuracy and robustness. Notably, for unimodal 
functions such as F1 to F7 , the HGSO algorithm effectively 
converges to the global optimum with minimal variance, 
showcasing its strong exploitation capabilities. For multi-
modal functions ( F8 to F13 ), the algorithm maintains a high 
level of performance despite the increased complexity and 
number of local optima, reflecting a well-balanced explora-
tion-exploitation strategy. Although HGSO does not achieve 
the best performance on all composite and hybrid functions 
( F14 to F23 ), it remains competitive, often ranking among the 
top-performing algorithms. In many cases, it outperforms or 
matches the performance of well-established metaheuristics 
such as BA, FA, GWO, MFO, and MVO based on statisti-
cal indicators. The relatively consistent top rankings of the 
HGSO algorithm across most functions, supported by low 
p-values (typically < 0.05 ), confirm the statistical signifi-
cance of its performance. Overall, these results validate the 
effectiveness, stability, and generalization ability of HGSO 
across a diverse set of optimization problems.

The box plots in Fig. 14 depict the performance distribu-
tion of the optimization algorithms across the 23 benchmark 
functions F1 − F23 . For unimodal functions (F1–F7), the 
HGSO algorithm consistently achieves superior performance 
with minimal variance, particularly evident in F1, F3, F5, 
and F6 where it reaches near-zero optimal values while other 
algorithms show considerably higher scores and greater vari-
ability. For multimodal functions (F8–F23), the performance 
landscape becomes more complex, with HGSO maintaining 
competitive performance but showing occasional challenges 
in functions like F9, F16, and F19 where other algorithms 
like GWO or MVO demonstrate better convergence. Overall, 
the HGSO algorithm exhibits the most consistent perfor-
mance across the majority of benchmark functions, demon-
strating its robustness and effectiveness as an optimization 
algorithm for diverse problem landscapes.

As illustrated in Fig. 15, for unimodal functions (F1–F12), 
the HGSO algorithm demonstrates exceptional convergence 
behavior, consistently achieving rapid descent to near-opti-
mal values within the first 50-100 iterations and maintaining 
stable solutions thereafter. Most competing algorithms show 

significantly slower convergence rates and often stagnate at 
suboptimal fitness levels, with several algorithms failing to 
achieve meaningful improvement beyond the initial itera-
tions. The convergence gap between the HGSO algorithm 
and other algorithms is particularly pronounced in functions 
F1, F2, F3, and F6, where HGSO reaches fitness values sev-
eral orders of magnitude better than its competitors. For 
multimodal functions (F13–F23), the performance landscape 
becomes more competitive, with several algorithms showing 
comparable convergence trajectories. While the HGSO algo-
rithm maintains strong performance across most functions, 
algorithms like MFO, FA, and BBO demonstrate competi-
tive convergence in certain cases, particularly in F15, F17, 
and F21. The convergence curves reveal that multimodal 
functions present greater challenges for all algorithms, with 
more gradual descent patterns and occasional premature 
convergence. Overall, the HGSO algorithm exhibits superior 
consistency and convergence speed across the majority of 
benchmark functions, establishing its effectiveness for both 
unimodal and multimodal optimization problems.

Figure 16 illustrates the Friedman test results performed 
on the mean fitness value for each compared algorithm 
across the 23 benchmark functions. Based on the mean rank, 
we can notice that the HGSO offers a mean rank of 6.65 
against the highest rank of 14.83 provided by BA and the 
lowest one given by GWO. Thus, we can conclude that, the 
HGSO algorithm provides an average score. Results showed 
that, the p-value is less than 0.05, which means that their is 
at least, one significant difference between the HGSO and 
the other algorithms.

To further validate the efficiency of the HGSO algorithm, 
several HGSO variants were developed and evaluated as 
follows:

–	 CHGSO: HGSO enhanced using chaotic maps to 
improve population diversity and search ergodicity.

–	 LHGSO: HGSO integrated with Lévy flight to enable 
large exploratory jumps for better global search.

–	 OHGSO: HGSO improved by incorporating opposition-
based learning to guide the search toward better regions.

–	 MHGSO: HGSO modified with mutation operators to 
enhance exploitation and local refinement.

–	 CLHGSO: Combines chaotic maps and Lévy flight in 
HGSO to balance exploration and randomness.

–	 COHGSO: Combines chaotic maps and opposition-
based learning to boost population initialization and 
search direction.

–	 CMHGSO: Uses chaotic maps and mutation operators 
in HGSO to reinforce both diversity and refinement.

–	 LOHGSO: Integrates Lévy flight and opposition-based 
learning to merge exploration strength with guided 
search.
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Table 7   Applications of HGSO algorithm

Class Problem Research works

Engineering Optimum shape and design of vehicle components Yildiz et al. [112]
FOPID controller optimization Ekinci et al. [208]
Welded beam design, tension/compression spring design, and speed reducer 

design problems
Hashim et al. [104]

Power system stabilizer parameters optimization Ekinci et al. [209]
Landslide susceptibility application in Vietnam’s mountainous regions Nguyen et al. [210]
Microgrid Droop Controller parameters optimization Ebrahim et al. [211]
Direct current motor control Idir et al. [212]
PID gains control and optimization Mousakazemi [213]
Detecting fake reviews in Social Media Purohit et al. [232]
Echo suppression in synthetic aperture radar Chukka and Battula [233]
Multi-cell linear parameter varying model optimization Qi et al. [214]
Fractional PID controllers in fuel cell choppers Güven and Mengi [234]
Trajectory planning of 9-DOF redundant manipulator Liu et al. [215]
Flyrock distance prediction in mine blasting Ye et al. [120]
Facial emotion recognition Aleisa et al. [184]
Forecasting Soil Friction Gradient Lone et al. [235]
Anomaly Detection in Rotary Equipments Sangeetha et al. [236]
Fractional Order PI-PD Controller for DC Motor Speed Yaseen Taha and Oglah [237]
Routing in heterogeneous wireless sensor networks GKumar and Kumar [216]
Mechanical design optimization Mehta et al. [238]
Optimal design of large-scale truss structures Bodalal [239]
Combined Heat and Power Plant system Sukpancharoen and Prasartkaew [140]

Power and Energy Maximum Power Point Tracking in Photovoltaic systems Mirza et al. [113]
Fuel consumption for the Vehicle Routing Problem Utama et al. [118]
Proton Exchange Membrane Fuel Cell (PEMFC) parameters estimation Singh and Sandhu [217]
Optimal Phasor Measurement Unit placement in power systems Selim et al. [218]
Optimal load scheduling in smart grids Haider et al. [219]
Voltage and angle stability in power systems Hemeida et al. [220]
Power conversion systems. Mohd Zawawi et al. [240]
Pressurized light-water nuclear reactor optimization Mousakazemi [221]
short-term hydrothermal scheduling problem Das et al. [222]
Optimal dual-cooled fuel configuration Rishehri and Ansarifar [223]
Wind and green hydrogen production optimization Idriss et al. [241]

Classification Feature Selection Neggaz et al. [105], Legoui et al. [225], 
Chinta et al. [227], Elgazzar et al. 
[242]

SVR parameters optimization Cao et al. [224]
Diabetic Retinopathy detection and severity classification Elwin et al. [191]
Pediatric sepsis detection and classification Elden et al. [226]
Optimal values of SVR key parameters Esmaeili-Falak et al. [243]
Disease detection and classification Gokiladevi et al. [244]
Multilevel thermoplastic waste segregation and classification Vignesh and Monica Subashini [245]
Brain tumour classification Jegan et al. [246]
Prostate cancer detection and classification Reddy and Kathirvelu [247]
COVID-19 detection Ali et al. [248]
Scalable bearing fault diagnosis Nayana et al. [249]
Blockchain with drug traceability Devi and Sriramya [228]
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–	 LMHGSO: Applies Lévy flight and mutation operators 
to jointly promote wide search and local adjustment.

–	 CLOHGSO: Combines chaotic maps, Lévy flight, and 
opposition-based learning to provide strong global explo-
ration with guided intensification.

–	 CLMHGSO: Incorporates chaotic maps, Lévy flight, and 
mutation operators to maintain diversity while support-
ing both exploration and exploitation.

Figure 17 illustrates the convergence of the HGSO and 
its variants. As shown, for the unimodal functions (F1–F12), 
the HGSO and its variants attain the near-optimal solution in 
the earlier iteration stage, which demonstrates the strength 
of the HGSO-based algorithms in the exploitation search. 
As for multimodal functions, the convergence gap between 
HGSO and its variants is clearly noticed. The OHGSO algo-
rithm consistently exhibits robust performance across the 
majority of benchmark functions from F13–F23, while the 
CHGSO variant provides the worst performance in terms of 
convergence speed and efficiency.

The box plots of HGSO and its variants are represented in 
Fig. 18. Based on the figure, the HGSO, CHGSO, OHGSO, 
MHGSO, COHGSO, and CMHGSO algorithms provide the 
lowest median score, indicating better overall performance 
in the case of unimodal functions. While the other variants 
exhibit several outliers and a wider interquartile range. For 
multimodal functions, the HGSO and its variants show an 
irregularity in their behaviour, where we can notice a simi-
larity of behaviour with the best performance in function 
F16.

Figure 19 shows the Friedman test results of HGSO and 
its variants. By analyzing the mean rank, we can notice that 
the best rank is given by MHGSO against the worst perfor-
mance provided by the CLOHGSO algorithm.

6 � Discussion and Future Works

The Henry Gas Solubility Optimization (HGSO) algo-
rithm is a metaheuristic algorithm inspired by Henry’s law, 
designed to effectively balance exploration and exploita-
tion. It simulates the huddling behavior of gas molecules, 

which helps mitigate premature convergence and prevents 
the algorithm from getting trapped in local optima. To fur-
ther enhance exploration, HGSO divides the population into 
clusters, each corresponding to an independent instance of 
the algorithm, thereby improving solution diversity. Addi-
tionally, it dynamically updates Henry’s constant 

(

Hj

)

 and 
gas solubility 

(

Sij
)

 using temperature-dependent equations 
derived from Van’t Hoff’s law, ensuring adaptability across 
iterations. As a result, experimental evaluations demonstrate 
that HGSO outperforms several well-established metaheuris-
tic algorithms, including PSO, GWO, and WOA, in solving 
benchmark functions and real-world optimization problems 
[104].

However, the HGSO algorithm has several limitations. 
Firstly, its static cluster mapping restricts dynamic adjust-
ments during iterations, which consequently reduces opti-
mization efficiency in evolving search spaces. Secondly, 
its reliance on fixed parameter settings limits adaptability, 
especially in dynamic environments where real-time adjust-
ments are crucial. Moreover, the computational overhead 
of the cluster-based approach poses scalability challenges, 
particularly for large-scale problems. In addition, like many 
metaheuristics, the HGSO’s performance is highly sensitive 
to initial conditions, such as the initial population distri-
bution. As a result, poor initialization can lead to prema-
ture convergence or an ineffective exploration of the search 
space.

The strengths and weaknesses of the HGSO algorithm are 
illustrated in Table 14. To address these issues, researchers 
have proposed various enhancements aimed at boosting its 
performance and adaptability across diverse optimization 
challenges, including chaotic, Levy flight, OBL, fuzzy, and 
hybridization with other approaches.

Introducing chaotic strategies into HGSO provides 
incredible convergence speed and efficiency. In addi-
tion, those strategies generate a uniformly distributed ini-
tial population, offering good population diversity. This 
approach seeks to overcome key limitations of the original 
HGSO algorithm, particularly its propensity for premature 
convergence and insufficient exploration, thereby enhanc-
ing overall optimization effectiveness. However, chaotic 
HGSO increases computation complexity by generating 
additional computations due to the chaotic map. Mainly, 

Table 7   (continued)

Class Problem Research works

Image Processing Multilevel color image thresholding Kurban et al. [229]
Bi-level thresholding-based image segmentations Mishra and Pal [230]
Automated brain cancer classification in MRI images Ragab et al. [187]

Extraction of phenolic compounds from Haloxylon scoparium Ragab et al., Hamdellou et al. [231]
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Table 8   Parameter setting of 
the evaluated optimization 
algorithms

Parameter(s) Value(s)

HGSO
Gases number N 30
Cluster number 5
Constants M1 and M2 0.1 and 0.2
Constants �, � and K 1, 1, and 1
Constants l1, l2, and l3 5E − 03, 100 , and 1E − 02

FA
Minimum frequency fMin 0
Maximum frequency fMax 2
Initial loudness A0 1
Initial pulse emission rate r0 1
Loudness constant � 0.5
Emission rate constant � 0.5
BA
Frequency min fmin 0
Frequency max fmax 2
Loudness constant 0.5
Emission rate constant 0.5
Initial Loudness A0 Random
GWO
Control parameter a1max 2
Control parameter a1min 0
MFO
Control parameter b 1
Convergence factor amin -2
Convergence factor amax -1
MVO
Minimum of Wormhole Existence Probability WEPMin 0.2
Maximum of Wormhole Existence Probability WEPMax 1
BBO
Keep rate 0.2
Migration influence � 0.9
Mutation Probability pmutation 0.1
Parameter c1 in updating velocity 2
Parameter c2 in updating velocity 2
FPA
Switch probability p 0.8
AOA
Local interaction constant C1 2
Global interaction constant C2 6
Transfer control constant C3 1
Direction switch constant C4 2
Upper bound of normalized acceleration u 0.9
Lower bound of normalized acceleration l 0.1
Transfer function TF Increasing from 0.36 to 1
Exploration-exploitation balance d decreasing from 2.71 to 0
LCA
Growth Power p 2

3
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the adaptive HGSO-based methods aim to achieve a bal-
ance between the exploration and exploitation phases, which 
is one of the HGSO limitations. The balance is attained 
when the control parameters are adjusted dynamically as 
proposed in [110, 130], etc. However, this adjustment may 
lead to over-adaptation, causing a convergence instability. 
Lévy flight is a random walk distribution in which the step 
lengths are drawn from a heavy-tailed probability distribu-
tion that follows a power-law. This characteristic allows 
the HGSO’s population to perform large jumps, discover-
ing far areas and escaping from local optima. Despite that, 
the Lévy flight exhibits an instability in convergence and 

is highly sensitive to initial parameters. In the opposition-
based learning HGSO algorithm, every candidate solution 
and its opposite are evaluated; only the best of the two is 
retained. The OBL guides the HGSO algorithm toward the 
promiscuous area where the probability of finding the global 
optimal solution is high. This strategy increases the accuracy 
and convergence efficiency. Despite that, the OBL-HGSO 
is not without limitations. One of the OBL-HGSO variant’s 
drawbacks is the increased computational time and com-
plexity due to the evaluation of both candidate and opposite 
solutions. Moreover, like other meta-heuristics, the OBL-
HGSO-based approaches are highly problem-dependent and 

Table 9   Unimodal benchmark 
functions

Function Description Dimension Range f
min

F1 f (x) =
∑n

i=1
x2
i

10 [−100, 100] 0
F2 f (x) =

∑n

i=0
�

�

xi
�

�

+
∏n

i=0
�

�

xi
�

�

10 [−10, 10] 0
F3

f (x) =
∑d

i=1

�

∑i

j=1
xj

�2 10 [−100, 100] 0

F4 f (x) = maxi
{

|

|

xi
|

|

, 1 ≤ i ≤ n
}

10 [−100, 100] 0
F5 f (x) =

∑n−1

i=1

�

100
�

x2
i
− xi+1

�2
+
�

1 − xi
�2
�

10 [−30, 30] 0

F6 f (x) =
∑n

i=1

�

∣ xi + 0.5
��2 10 [−100, 100] 0

F7 f (x) =
∑n

i=0
ix4

i
+ random [0, 1) 10 [−1.28, 1.28] 0

Table 10   Multimodal benchmark functions

Function Description Dimension Range f
min

F8 f (x) =
∑n

i=1

�

−xi sin
�

√

�xi�
��

10 [−500, 500] −418.9829 × n

F9 f (x) =
∑n

i=1

�

x2
i
− 10 cos

�

2�xi
�

+ 10
�

10 [−5.12, 5.12] 0
F10

f (x) = −20 exp

�

−0.2

�

1

n

∑n

i=1
x2
i

�

10 [−32, 32] 0

F11
f (x) = 1 +

1

4000

n
�

i=1

x2
i
−

n
�

i=1

cos

�

xi
√

i

�

+ exp

�

1

n

n
�

i=1

cos
�

2�xi
�

�

+ 20 + e

10 [−600, 600] 0

F12
f (x) =

n−1
∑

i=1

(

yi − 1
)2[

1 + 10 sin2(�y1)
]

+

n
∑

i=1

u
(

xi, 10, 100, 4
)

, where yi = 1 +
xi + 1

4

10 [−50, 50] 0

F13
f (x) = 0.1

�

sin2(3𝜋x1) +

n
�

i=1

(xi − 1)2(1 + sin2(3𝜋xi+1))

�

+ (xn − 1)2(1 + sin2(2𝜋xn)) +

n
�

i=1

u(xi, 5, 100, 4)

u(xi, a, k,m) =

⎧

⎪

⎨

⎪

⎩

k(xi − a)m xi > a

0 −a ≤ xi ≤ a

k(−xi − a)m xi < −a

10 [−50, 50] 0
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the choice of the opposite strategy is a challenging task. The 
mutated variant of the HGSO is inspired by the mutation 
operation employed and introduced in the evolutionary algo-
rithms, such as the GA and DE algorithms. The mutation-
based HGSO variants offer more robustness and diversity 
than the original HGSO, with local optimal avoidance and 
the risk of premature convergence. Compared to traditional 
HGSO, the Quantum-HGSO offers a good exploration abil-
ity due to the quantum principles, resulting in faster conver-
gence in the earlier stage of the process. Similar to OBL, the 
Q-HGSO algorithm explores larger regions than the HGSO, 
which enhances the population diversity. However, this var-
iant of the HGSO suffers from parameter sensitivity and 
computational complexity. Similar to adaptive HGSO, the 
Fuzzy-HGSO based algorithms enhances the performance of 
HGSO through dynamic control of the control parameters. 
The Fuzzy-HGSO variants achieve the exploration/exploita-
tion balance by the fuzzy logic control mechanisms such as 
Fuzzy Interference System. Nevertheless, this enhancement 
generates additional time and presents some sensitivity to 
parameters. The multi-objective HGSO (MO-HGSO) algo-
rithm is mainly applied for solving multi-objective optimi-
zation problems. The MO-HGSO calculates and evaluates 
solutions based Pareto dominance principles. The major 
strength of the MO-HGSO-based algorithm is the accu-
racy in solving complex and multi-criteria problems with 
or without many objectives and constraints. However, the 
performance of the MO-HGSO algorithms may decrease in 
large-scale problems, especially when the number of objec-
tives increases. According to the current research conducted 

in this paper, the HGSO algorithm demonstrated promis-
ing results in addressing complex optimization problems. 
However, the standards HSGO suffers from local optima 
stagnation and weak exploitation ability. Thus, several 
hybridizations with other meta-heuristics were proposed 
such as SA, FA, etc. This type of hybridization attempts to 
achieve a good balance between exploration and exploitation 
to attain the global optimal solution. Furthermore, hybrid 
meta-heuristics with HGSO algorithms prevent from pre-
mature convergence and local optimal escaping, which are 
one of the important HGSO limitations. However, hybrid 
HGSO-based approaches do not guarantee the optimality of 
the solution, which is one of the characteristic and limitation 
of the meta-heuristics. In machine learning [250], feature 
selection and both models’ parameter and hyperparameters 
tuning are fundamental tasks in the development of accurate 
AI models. These tasks can be classified as NP-hard opti-
mization problems, which can be solved by nature-inspired 
optimization algorithms. The HGSO algorithm is an efficient 
algorithm able de determine the optimal features of datasets, 
and the model’s parameter/hyperparemeter, that maximizes 
the model accuracy. Despite that, this architecture is a prob-
lem-dependent solution, which cannot be generalized.

Figure 20 illustrates the classification of algorithmic 
modifications based on the type of enhancement applied. 
Notably, chaotic mechanisms (24.1%) form the largest cat-
egory, as they leverage chaotic maps to improve both explo-
ration and exploitation in optimization. Following closely, 
improved versions (17.2%) incorporate refined techniques to 
enhance algorithmic performance. Equally significant, the 

Table 11   Fixed-dimension multimodal benchmark functions

Function Description Dimension Range f
min

F14

f(x)=

�

1

500
+
∑25

j=1

1

j+
∑2

i=1
(xi−aij)

�−1 2 [−65, 65] 1

F15 f (x) =
∑11

i=1

�

ai −
x1(b

2
i
+bix2)

b2
1
+bix3+x4

�2 4 [−5, 5] 0.00030

F16 f(x)=4x2
1
− 2.1x4

1
+

1

3
x6
1
+ x1x2 − 4x2

2
+ 4x4

2
2 [−5, 5] -1.0316

F17
(

x2 −
5.1

4�2
x2
1
+

5

�
x1 − 6

)2

+ 10
(

1 −
1

8�

)

cos x1 + 10
2 [−5, 5] 0.398

F18 f (x) =
[

1 +
(

x1 + x2 + 1
)2(

19 − 14x1 + 3x2
1
− 14x2 + 6x1x2 + 3x2

2

)

]

×

[

30 +
(

2x1 − 3x2
)2(

18 − 32x1 + 12x2
1
+ 48x2 − 36x1x2 + 27x2

2

)

]

2 [−2, 2] 3

F19

f(x)=
−
∑4

i=1
ci exp

�

−
∑3

j=1
aij(xj − pij)

2
�

3 [1][3] −3.86

F20 f (x) = −
∑4

i=1
ci exp

�

−
∑6

j=1
aij(xj − pij)

2
�

6 [1] −3.32

F21 f(x)= −
∑5

i=1

�

(X − ai)(X − ai)
⊤ + ci

�−1 4 [10] −10.1532

F22 f(x)= −
∑7

i=1

�

(X − ai)(X − ai)
⊤ + ci

�−1 4 [10] −10.4028

F23 f(x)=−
∑10

i=1

�

(X − ai)(X − ai)
⊤ + ci

�−1 4 [10] −10.5363
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Fig. 13   2D representation of 23 IEEE CEC benchmark functions



115A Comprehensive Survey of Henry Gas Solubility Optimization Algorithm with its Theory, Variants,…

Ta
bl

e 
12

  
Fi

tn
es

s r
es

ul
ts

Fu
nc

-
tio

n
M

et
ric

H
G

SO
BA

FA
G

W
O

M
FO

M
V

O
SC

A
SA

O
LC

A
A

LO
B

BO
C

SO
FP

A
PS

O
A

O
A

F
1

B
es

t
8.

99
E−

23
5

4.
89

E+
03

3.
18

E−
09

2.
34

E−
61

7.
80

E−
16

6.
51

E−
03

1.
01

E−
16

3.
11

E−
30

7.
96

E−
04

1.
99

E−
09

4.
73

E−
05

4.
05

E−
66

1.
12

E+
01

7.
52

E−
54

2.
30

E−
13

3
W

or
st

5.
96

E−
20

6
1.

50
E+

04
7.

60
E−

09
6.

81
E−

54
1.

59
E−

12
3.

34
E−

02
5.

76
E−

12
1.

09
E−

24
4.

34
E−

01
8.

76
E−

08
8.

60
E−

04
1.

08
E−

55
3.

87
E+

01
3.

03
E−

43
2.

10
E−

96
M

ea
n

2.
98

E−
20

7
8.

85
E+

03
5.

44
E−

09
3.

42
E−

55
3.

55
E−

13
1.

34
E−

02
9.

28
E−

13
9.

96
E−

26
6.

43
E−

02
1.

30
E−

08
1.

88
E−

04
5.

98
E−

57
2.

17
E+

01
1.

52
E−

44
1.

05
E−

97
St

d
0.

00
E+

00
2.

45
E+

03
1.

17
E−

09
1.

52
E−

54
4.

89
E−

13
5.

85
E−

03
1.

87
E−

12
2.

75
E−

25
1.

16
E−

01
1.

82
E−

08
1.

89
E−

04
2.

40
E−

56
8.

58
E+

00
6.

77
E−

44
4.

70
E−

97
R

an
k

1
15

9
4

7
12

8
6

13
10

11
3

14
5

2
P−

va
lu

e
0.

00
E+

00
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E+

00
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08

F
2

B
es

t
1.

55
E−

11
7

1.
83

E+
01

1.
34

E−
05

9.
57

E−
35

4.
36

E−
10

2.
14

E−
02

7.
22

E−
12

9.
21

E−
17

7.
52

E−
03

2.
14

E−
05

6.
40

E−
04

6.
48

E−
41

2.
16

E+
00

2.
37

E−
28

1.
25

E−
70

W
or

st
1.

28
E−

10
4

2.
22

E+
01

2.
21

E−
05

2.
13

E−
32

3.
41

E−
08

7.
20

E−
02

2.
07

E−
09

2.
82

E−
14

1.
32

E−
01

2.
60

E+
00

3.
13

E−
03

1.
52

E−
36

7.
32

E+
00

7.
26

E−
14

4.
70

E−
51

M
ea

n
6.

40
E−

10
6

2.
08

E+
01

1.
76

E−
05

3.
92

E−
33

3.
63

E−
09

4.
16

E−
02

7.
28

E−
10

5.
10

E−
15

7.
06

E−
02

3.
21

E−
01

1.
94

E−
03

1.
69

E−
37

3.
79

E+
00

3.
63

E−
15

2.
37

E−
52

St
d

2.
86

E−
10

5
8.

94
E−

01
2.

74
E−

06
4.

91
E−

33
7.

38
E−

09
1.

46
E−

02
7.

82
E−

10
8.

15
E−

15
3.

64
E−

02
7.

92
E−

01
6.

31
E−

04
4.

46
E−

37
1.

31
E+

00
1.

62
E−

14
1.

05
E−

51
R

an
k

1
15

9
4

8
11

7
6

12
13

10
3

14
5

2
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08

F
3

B
es

t
1.

10
E−

22
0

2.
68

E+
03

4.
56

E−
09

5.
37

E−
31

8.
41

E−
04

3.
93

E−
02

9.
49

E−
08

9.
16

E−
13

3.
74

E−
02

4.
67

E−
05

2.
39

E−
02

2.
26

E−
25

4.
65

E+
00

1.
78

E−
08

1.
18

E−
11

6
W

or
st

3.
63

E−
16

5
6.

90
E+

03
1.

02
E−

08
1.

46
E−

22
1.

63
E−

01
3.

70
E−

01
1.

38
E+

01
2.

31
E−

08
1.

41
E+

01
1.

43
E−

02
5.

90
E−

01
3.

80
E−

05
3.

98
E+

01
6.

77
E−

05
1.

10
E−

82
M

ea
n

1.
82

E−
16

6
5.

45
E+

03
7.

06
E−

09
7.

64
E−

24
2.

86
E−

02
1.

44
E−

01
6.

94
E−

01
4.

27
E−

09
2.

95
E+

00
2.

17
E−

03
2.

41
E−

01
1.

90
E−

06
1.

64
E+

01
1.

44
E−

05
5.

66
E−

84
St

d
0.

00
E+

00
1.

35
E+

03
1.

21
E−

09
3.

27
E−

23
4.

20
E−

02
9.

10
E−

02
3.

08
E+

00
5.

94
E−

09
4.

54
E+

00
3.

18
E−

03
1.

71
E−

01
8.

49
E−

06
1.

06
E+

01
2.

07
E−

05
2.

46
E−

83
R

an
k

1
15

5
3

9
10

12
4

13
8

11
6

14
7

2
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08

F
4

B
es

t
5.

34
E−

11
2

3.
46

E+
01

2.
99

E−
05

9.
73

E−
21

3.
76

E−
03

4.
47

E−
02

1.
86

E−
06

1.
75

E−
11

9.
83

E−
03

1.
28

E−
04

2.
70

E−
02

2.
08

E−
21

3.
99

E+
00

1.
52

E−
07

1.
13

E−
68

W
or

st
6.

25
E−

10
0

5.
79

E+
01

4.
89

E−
05

2.
43

E−
17

4.
75

E+
01

1.
90

E−
01

1.
06

E−
02

1.
00

E−
09

2.
24

E−
01

1.
06

E−
02

7.
14

E−
02

3.
02

E−
15

1.
14

E+
01

1.
79

E−
04

2.
07

E−
44

M
ea

n
3.

12
E−

10
1

5.
40

E+
01

4.
07

E−
05

2.
62

E−
18

4.
77

E+
00

1.
06

E−
01

1.
73

E−
03

1.
50

E−
10

8.
08

E−
02

2.
62

E−
03

4.
00

E−
02

2.
86

E−
16

6.
73

E+
00

3.
23

E−
05

1.
93

E−
45

St
d

1.
40

E−
10

0
6.

24
E+

00
5.

02
E−

06
5.

41
E−

18
1.

09
E+

01
4.

94
E−

02
3.

05
E−

03
2.

18
E−

10
6.

03
E−

02
2.

60
E−

03
1.

09
E−

02
7.

68
E−

16
1.

65
E+

00
5.

68
E−

05
5.

96
E−

45
R

an
k

1
15

7
3

13
12

8
5

11
9

10
4

14
6

2
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08

F
5

B
es

t
6.

90
E+

00
3.

01
E+

06
8.

16
E−

03
5.

33
E+

00
6.

61
E−

01
3.

43
E+

00
6.

62
E+

00
9.

70
E−

01
3.

49
E−

03
6.

77
E−

02
1.

16
E−

01
6.

99
E+

00
2.

01
E+

02
1.

34
E−

01
8.

11
E+

00
W

or
st

8.
74

E+
00

2.
39

E+
07

7.
03

E+
00

8.
70

E+
00

9.
00

E+
04

2.
10

E+
03

8.
20

E+
00

9.
51

E+
00

2.
22

E+
00

9.
59

E+
00

2.
14

E+
02

8.
72

E+
00

1.
49

E+
03

7.
84

E+
00

8.
94

E+
00

M
ea

n
7.

58
E+

00
1.

25
E+

07
8.

99
E−

01
6.

71
E+

00
9.

05
E+

03
3.

36
E+

02
7.

32
E+

00
4.

47
E+

00
3.

97
E−

01
5.

82
E+

00
1.

57
E+

01
7.

49
E+

00
5.

97
E+

02
4.

56
E+

00
8.

73
E+

00
St

d
5.

10
E−

01
6.

13
E+

06
1.

54
E+

00
8.

00
E−

01
2.

77
E+

04
6.

56
E+

02
3.

37
E−

01
1.

74
E+

00
5.

86
E−

01
2.

83
E+

00
4.

68
E+

01
4.

88
E−

01
3.

50
E+

02
1.

94
E+

00
2.

04
E−

01
R

an
k

9
15

2
6

14
12

7
3

1
5

11
8

13
4

10
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
7.

90
E−

08
5.

90
E−

05
1.

00
E+

00
1.

23
E−

03
1.

81
E−

01
6.

67
E−

06
6.

80
E−

08
4.

11
E−

02
6.

04
E−

03
3.

37
E−

01
6.

80
E−

08
6.

01
E−

07
3.

42
E−

07

F
6

B
es

t
1.

14
E−

01
4.

32
E+

03
2.

46
E−

09
1.

28
E−

06
1.

78
E−

15
5.

94
E−

03
1.

56
E−

01
1.

66
E−

31
1.

87
E−

04
3.

41
E−

09
7.

07
E−

06
4.

57
E−

02
9.

55
E+

00
0.

00
E+

00
4.

78
E−

01
W

or
st

9.
62

E−
01

1.
15

E+
04

7.
71

E−
09

2.
50

E−
01

1.
42

E−
12

2.
24

E−
02

8.
60

E−
01

2.
48

E−
25

2.
78

E−
01

1.
75

E−
08

4.
76

E−
04

7.
72

E−
01

5.
64

E+
01

1.
54

E−
32

1.
43

E+
00

M
ea

n
4.

98
E−

01
8.

82
E+

03
5.

70
E−

09
1.

25
E−

02
2.

25
E−

13
1.

45
E−

02
4.

61
E−

01
1.

50
E−

26
5.

86
E−

02
8.

35
E−

09
1.

47
E−

04
3.

52
E−

01
2.

60
E+

01
4.

93
E−

33
1.

02
E+

00
St

d
2.

56
E−

01
2.

25
E+

03
1.

36
E−

09
5.

60
E−

02
3.

96
E−

13
5.

28
E−

03
1.

65
E−

01
5.

54
E−

26
6.

82
E−

02
3.

73
E−

09
1.

34
E−

04
1.

78
E−

01
1.

26
E+

01
5.

51
E−

33
2.

78
E−

01
R

an
k

12
15

4
7

3
8

11
2

9
5

6
10

14
1

13
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
6.

80
E−

08
1.

06
E−

07
6.

80
E−

08
6.

80
E−

08
9.

03
E−

01
6.

80
E−

08
1.

66
E−

07
6.

80
E−

08
6.

80
E−

08
9.

62
E−

02
6.

80
E−

08
5.

63
E−

08
9.

75
E−

06



116	 A. A. Saadi et al.

Ta
bl

e 
12

  (
co

nt
in

ue
d)

Fu
nc

-
tio

n
M

et
ric

H
G

SO
BA

FA
G

W
O

M
FO

M
V

O
SC

A
SA

O
LC

A
A

LO
B

BO
C

SO
FP

A
PS

O
A

O
A

F
7

B
es

t
2.

47
E−

05
2.

61
E−

01
5.

80
E−

05
2.

47
E−

04
2.

08
E−

03
7.

45
E−

04
1.

33
E−

04
1.

09
E−

03
1.

38
E−

05
4.

75
E−

03
1.

50
E−

03
2.

94
E−

04
1.

45
E−

02
5.

40
E−

04
2.

23
E−

05
W

or
st

6.
21

E−
04

2.
43

E+
00

5.
30

E−
04

2.
40

E−
03

1.
54

E−
02

9.
97

E−
03

7.
29

E−
03

9.
35

E−
03

1.
28

E−
03

4.
54

E−
02

9.
68

E−
03

3.
72

E−
03

5.
71

E−
02

6.
01

E−
03

1.
53

E−
03

M
ea

n
1.

76
E−

04
1.

95
E+

00
2.

07
E−

04
7.

83
E−

04
7.

99
E−

03
3.

02
E−

03
1.

85
E−

03
4.

24
E−

03
4.

21
E−

04
2.

48
E−

02
4.

36
E−

03
1.

50
E−

03
2.

89
E−

02
2.

57
E−

03
5.

05
E−

04
St

d
1.

50
E−

04
8.

22
E−

01
1.

23
E−

04
5.

17
E−

04
4.

08
E−

03
2.

12
E−

03
1.

93
E−

03
1.

92
E−

03
3.

41
E−

04
1.

27
E−

02
2.

37
E−

03
8.

73
E−

04
1.

15
E−

02
1.

30
E−

03
4.

32
E−

04
R

an
k

1
15

2
5

12
9

7
10

3
13

11
6

14
8

4
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
2.

08
E−

01
1.

05
E−

06
6.

80
E−

08
6.

80
E−

08
6.

67
E−

06
6.

80
E−

08
2.

23
E−

02
6.

80
E−

08
6.

80
E−

08
1.

23
E−

07
6.

80
E−

08
7.

90
E−

08
3.

34
E−

03

F
8

B
es

t
−

2.
49

E+
03

−
5.

16
E+

03
−

3.
83

E+
03

−
3.

22
E+

03
−

3.
83

E+
03

−
3.

40
E+

03
−

2.
50

E+
03

−
3.

71
E+

03
−

4.
19

E+
03

−
3.

54
E+

03
−

3.
72

E+
03

−
3.

57
E+

03
−

3.
83

E+
03

−
2.

75
E+

03
−

2.
55

E+
03

W
or

st
−

1.
66

E+
03

−
1.

04
E+

03
−

2.
53

E+
03

−
1.

99
E+

03
−

2.
40

E+
03

−
2.

25
E+

03
−

1.
87

E+
03

−
2.

88
E+

03
−

1.
02

E+
03

−
1.

93
E+

03
−

2.
95

E+
03

−
2.

44
E+

03
−

2.
78

E+
03

−
2.

02
E+

03
−

1.
69

E+
03

M
ea

n
−

2.
04

E+
03

−
2.

00
E+

03
−

3.
47

E+
03

−
2.

58
E+

03
−

3.
22

E+
03

−
2.

84
E+

03
−

2.
18

E+
03

−
3.

27
E+

03
−

2.
85

E+
03

−
2.

20
E+

03
−

3.
28

E+
03

−
3.

05
E+

03
−

3.
03

E+
03

−
2.

41
E+

03
−

2.
09

E+
03

St
d

2.
24

E+
02

1.
18

E+
03

3.
13

E+
02

2.
96

E+
02

3.
26

E+
02

3.
62

E+
02

1.
70

E+
02

2.
31

E+
02

1.
04

E+
03

3.
79

E+
02

2.
30

E+
02

3.
01

E+
02

2.
29

E+
02

1.
80

E+
02

2.
42

E+
02

R
an

k
14

15
1

9
4

8
12

3
7

11
2

5
6

10
13

P-
va

lu
e

0.
00

E+
00

4.
99

E−
02

6.
80

E−
08

2.
69

E−
06

9.
13

E−
08

3.
42

E−
07

2.
39

E−
02

6.
78

E−
08

1.
23

E−
03

1.
02

E−
01

6.
80

E−
08

9.
17

E−
08

6.
80

E−
08

1.
81

E−
05

3.
79

E−
01

F
9

B
es

t
0.

00
E+

00
7.

04
E+

01
2.

98
E+

00
0.

00
E+

00
1.

19
E+

01
4.

98
E+

00
0.

00
E+

00
2.

98
E+

00
1.

32
E−

04
1.

19
E+

01
2.

99
E+

00
0.

00
E+

00
1.

95
E+

01
2.

98
E+

00
0.

00
E+

00
W

or
st

0.
00

E+
00

8.
69

E+
01

2.
19

E+
01

5.
78

E+
00

3.
28

E+
01

2.
89

E+
01

1.
32

E+
01

1.
99

E+
01

6.
07

E+
01

3.
58

E+
01

2.
59

E+
01

1.
85

E+
01

3.
72

E+
01

1.
89

E+
01

2.
97

E+
01

M
ea

n
0.

00
E+

00
8.

45
E+

01
9.

25
E+

00
7.

14
E−

01
2.

14
E+

01
1.

43
E+

01
1.

10
E+

00
6.

17
E+

00
3.

06
E+

00
2.

30
E+

01
1.

32
E+

01
1.

24
E+

00
2.

91
E+

01
1.

06
E+

01
6.

14
E+

00
St

d
0.

00
E+

00
5.

84
E+

00
4.

14
E+

00
1.

77
E+

00
5.

53
E+

00
6.

10
E+

00
3.

44
E+

00
3.

69
E+

00
1.

36
E+

01
7.

61
E+

00
6.

44
E+

00
4.

30
E+

00
4.

96
E+

00
4.

27
E+

00
9.

83
E+

00
R

an
k

1
15

8
2

12
11

3
7

5
13

10
4

14
9

6
P-

va
lu

e
0.

00
E+

00
8.

01
E−

09
8.

01
E−

09
4.

02
E−

02
7.

98
E−

09
8.

01
E−

09
2.

99
E−

08
7.

55
E−

09
8.

01
E−

09
8.

01
E−

09
8.

01
E−

09
1.

63
E−

01
8.

01
E−

09
7.

95
E−

09
2.

09
E−

03

F
1
0

B
es

t
8.

88
E−

16
1.

49
E+

01
2.

25
E−

05
4.

44
E−

15
3.

38
E−

08
2.

48
E−

02
1.

10
E−

09
4.

44
E−

15
8.

88
E−

03
2.

06
E−

05
2.

31
E−

03
8.

88
E−

16
3.

56
E+

00
4.

44
E−

15
8.

88
E−

16
W

or
st

8.
88

E−
16

1.
99

E+
01

3.
27

E−
05

7.
99

E−
15

3.
96

E−
07

2.
33

E+
00

1.
81

E−
06

1.
04

E−
13

2.
75

E−
01

1.
65

E+
00

8.
41

E−
03

4.
44

E−
15

6.
97

E+
00

7.
99

E−
15

4.
44

E−
15

M
ea

n
8.

88
E−

16
1.

76
E+

01
2.

80
E−

05
7.

28
E−

15
1.

33
E−

07
2.

25
E−

01
3.

18
E−

07
1.

99
E−

14
9.

00
E−

02
8.

24
E−

02
4.

73
E−

03
4.

26
E−

15
5.

09
E+

00
6.

57
E−

15
1.

24
E−

15
St

d
0.

00
E+

00
1.

36
E+

00
2.

63
E−

06
1.

46
E−

15
1.

08
E−

07
5.

55
E−

01
4.

75
E−

07
2.

31
E−

14
7.

89
E−

02
3.

68
E−

01
1.

49
E−

03
7.

94
E−

16
1.

03
E+

00
1.

79
E−

15
1.

09
E−

15
R

an
k

1
15

9
5

7
13

8
6

12
11

10
3

14
4

2
P-

va
lu

e
0.

00
E+

00
8.

01
E−

09
8.

01
E−

09
2.

04
E−

09
8.

01
E−

09
8.

01
E−

09
8.

01
E−

09
7.

59
E−

09
8.

01
E−

09
8.

01
E−

09
8.

01
E−

09
3.

13
E−

09
8.

01
E−

09
3.

95
E−

09
1.

62
E−

01

F
1
1

B
es

t
0.

00
E+

00
4.

50
E+

01
2.

21
E−

02
0.

00
E+

00
2.

71
E−

02
1.

21
E−

01
1.

55
E−

13
7.

40
E−

03
1.

07
E−

02
7.

87
E−

02
1.

20
E−

02
0.

00
E+

00
9.

54
E−

01
7.

40
E−

03
0.

00
E+

00
W

or
st

0.
00

E+
00

1.
31

E+
02

1.
21

E−
01

8.
00

E−
02

2.
93

E−
01

7.
18

E−
01

6.
22

E−
01

5.
78

E−
01

6.
62

E−
01

4.
92

E−
01

1.
19

E−
01

2.
76

E−
01

1.
56

E+
00

1.
25

E−
01

6.
74

E−
02

M
ea

n
0.

00
E+

00
8.

96
E+

01
5.

65
E−

02
2.

44
E−

02
1.

34
E−

01
3.

34
E−

01
9.

52
E−

02
2.

04
E−

01
2.

07
E−

01
2.

30
E−

01
5.

78
E−

02
2.

65
E−

02
1.

22
E+

00
6.

96
E−

02
5.

97
E−

03
St

d
0.

00
E+

00
2.

57
E+

01
2.

83
E−

02
2.

22
E−

02
9.

19
E−

02
1.

50
E−

01
1.

94
E−

01
2.

11
E−

01
1.

86
E−

01
1.

10
E−

01
3.

15
E−

02
7.

10
E−

02
1.

60
E−

01
3.

62
E−

02
1.

85
E−

02
R

an
k

1
15

5
3

9
13

8
10

11
12

6
4

14
7

2
P-

va
lu

e
0.

00
E+

00
8.

01
E−

09
8.

01
E−

09
3.

31
E−

06
8.

01
E−

09
8.

01
E−

09
8.

01
E−

09
8.

01
E−

09
8.

01
E−

09
8.

01
E−

09
8.

01
E−

09
8.

06
E−

02
8.

01
E−

09
7.

99
E−

09
1.

63
E−

01

F
1
2

B
es

t
3.

14
E−

02
8.

75
E+

05
2.

74
E−

11
5.

51
E−

07
8.

63
E−

17
3.

40
E−

04
3.

91
E−

02
4.

81
E−

32
3.

53
E−

05
1.

18
E−

08
1.

41
E−

07
4.

75
E−

03
8.

90
E−

01
4.

71
E−

32
1.

09
E−

01
W

or
st

2.
66

E−
01

7.
30

E+
07

5.
94

E−
11

5.
83

E−
02

3.
11

E−
01

3.
14

E−
01

1.
82

E−
01

3.
11

E−
01

1.
49

E−
02

8.
74

E+
00

8.
16

E−
05

7.
16

E−
02

6.
42

E+
00

8.
20

E−
32

7.
38

E−
01

M
ea

n
8.

78
E−

02
2.

25
E+

07
4.

64
E−

11
9.

83
E−

03
7.

78
E−

02
4.

81
E−

02
9.

36
E−

02
1.

56
E−

02
2.

26
E−

03
2.

98
E+

00
9.

43
E−

06
3.

75
E−

02
2.

98
E+

00
4.

97
E−

32
3.

60
E−

01
St

d
5.

30
E−

02
2.

13
E+

07
9.

05
E−

12
1.

62
E−

02
1.

38
E−

01
1.

14
E−

01
3.

83
E−

02
6.

95
E−

02
3.

50
E−

03
2.

80
E+

00
2.

02
E−

05
1.

66
E−

02
1.

47
E+

00
7.

66
E−

33
1.

75
E−

01
R

an
k

10
15

2
5

9
8

11
6

4
14

3
7

13
1

12
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
6.

80
E−

08
1.

92
E−

07
7.

11
E−

03
1.

61
E−

04
2.

98
E−

01
1.

20
E−

06
6.

80
E−

08
1.

23
E−

03
6.

80
E−

08
1.

60
E−

05
6.

80
E−

08
5.

27
E−

08
3.

42
E−

07



117A Comprehensive Survey of Henry Gas Solubility Optimization Algorithm with its Theory, Variants,…

Ta
bl

e 
12

  (
co

nt
in

ue
d)

Fu
nc

-
tio

n
M

et
ric

H
G

SO
BA

FA
G

W
O

M
FO

M
V

O
SC

A
SA

O
LC

A
A

LO
B

BO
C

SO
FP

A
PS

O
A

O
A

F
1
3

B
es

t
1.

70
E−

01
8.

51
E+

06
1.

31
E−

10
3.

31
E−

06
5.

99
E−

16
9.

82
E−

04
1.

29
E−

01
1.

07
E−

31
9.

57
E−

06
2.

48
E−

08
2.

04
E−

06
5.

39
E−

02
8.

89
E−

01
1.

35
E−

32
2.

95
E−

01
W

or
st

6.
62

E−
01

3.
08

E+
08

4.
27

E−
10

9.
75

E−
02

1.
87

E−
01

2.
96

E−
02

4.
69

E−
01

1.
10

E−
02

2.
58

E−
02

1.
10

E−
02

2.
50

E−
05

4.
81

E−
01

4.
26

E+
00

1.
10

E−
02

9.
93

E−
01

M
ea

n
4.

38
E−

01
8.

61
E+

07
2.

61
E−

10
9.

60
E−

03
1.

26
E−

02
8.

56
E−

03
3.

22
E−

01
2.

75
E−

03
8.

51
E−

03
1.

10
E−

03
6.

70
E−

06
1.

85
E−

01
2.

97
E+

00
5.

49
E−

04
6.

53
E−

01
St

d
1.

57
E−

01
7.

95
E+

07
8.

08
E−

11
2.

95
E−

02
4.

13
E−

02
7.

23
E−

03
8.

20
E−

02
4.

88
E−

03
8.

56
E−

03
3.

38
E−

03
5.

45
E−

06
1.

06
E−

01
9.

34
E−

01
2.

46
E−

03
2.

02
E−

01
R

an
k

12
15

1
8

9
7

11
5

6
4

2
10

14
3

13
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
9.

17
E−

08
6.

80
E−

08
1.

67
E−

02
6.

61
E−

08
6.

80
E−

08
6.

80
E−

08
6.

80
E−

08
9.

75
E−

06
6.

80
E−

08
4.

36
E−

08
3.

34
E−

03

F
1
4

B
es

t
9.

98
E−

01
2.

01
E+

00
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
9.

98
E−

01
W

or
st

2.
99

E+
00

3.
98

E+
02

1.
99

E+
00

2.
98

E+
00

3.
97

E+
00

9.
98

E−
01

2.
98

E+
00

1.
08

E+
01

2.
94

E+
01

7.
87

E+
00

8.
84

E+
00

2.
98

E+
00

9.
98

E−
01

1.
27

E+
01

3.
97

E+
00

M
ea

n
1.

83
E+

00
1.

46
E+

02
1.

05
E+

00
2.

09
E+

00
1.

84
E+

00
9.

98
E−

01
1.

69
E+

00
3.

12
E+

00
5.

47
E+

00
2.

63
E+

00
6.

16
E+

00
1.

44
E+

00
9.

98
E−

01
5.

86
E+

00
1.

35
E+

00
St

d
6.

51
E−

01
1.

76
E+

02
2.

22
E−

01
9.

60
E−

01
1.

21
E+

00
4.

90
E−

11
9.

69
E−

01
2.

80
E+

00
7.

37
E+

00
2.

31
E+

00
2.

32
E+

00
8.

19
E−

01
3.

03
E−

05
3.

57
E+

00
7.

38
E−

01
R

an
k

7
15

3
9

8
1

6
11

12
10

14
5

2
13

4
P-

va
lu

e
0.

00
E+

00
3.

94
E−

07
1.

63
E−

07
9.

68
E−

01
6.

31
E−

02
6.

80
E−

08
1.

90
E−

01
3.

78
E−

01
9.

46
E−

01
2.

17
E−

01
5.

87
E−

05
1.

45
E−

03
7.

90
E−

08
1.

77
E−

03
5.

63
E−

04

F
1
5

B
es

t
3.

24
E−

04
2.

27
E−

03
3.

07
E−

04
3.

07
E−

04
3.

10
E−

04
4.

30
E−

04
4.

75
E−

04
3.

07
E−

04
9.

63
E−

04
6.

71
E−

04
4.

42
E−

04
3.

28
E−

04
4.

07
E−

04
3.

07
E−

04
4.

02
E−

04
W

or
st

4.
52

E−
04

2.
43

E−
03

4.
26

E−
04

2.
04

E−
02

1.
66

E−
03

1.
34

E−
03

1.
52

E−
03

6.
57

E−
04

2.
40

E−
03

1.
77

E−
03

9.
09

E−
04

8.
45

E−
04

1.
03

E−
03

4.
97

E−
04

3.
14

E−
03

M
ea

n
3.

69
E−

04
2.

42
E−

03
3.

18
E−

04
1.

43
E−

03
7.

95
E−

04
7.

27
E−

04
9.

87
E−

04
4.

50
E−

04
1.

55
E−

03
1.

01
E−

03
5.

73
E−

04
6.

06
E−

04
6.

72
E−

04
3.

40
E−

04
8.

81
E−

04
St

d
3.

44
E−

05
3.

55
E−

05
3.

02
E−

05
4.

46
E−

03
3.

17
E−

04
1.

78
E−

04
3.

46
E−

04
1.

36
E−

04
3.

29
E−

04
2.

75
E−

04
1.

29
E−

04
1.

46
E−

04
1.

33
E−

04
5.

10
E−

05
6.

27
E−

04
R

an
k

3
15

1
13

9
8

11
4

14
12

5
6

7
2

10
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
5.

17
E−

06
9.

89
E−

01
1.

20
E−

06
7.

90
E−

08
6.

80
E−

08
5.

08
E−

01
6.

80
E−

08
6.

80
E−

08
9.

17
E−

08
1.

58
E−

06
9.

17
E−

08
3.

34
E−

03
1.

06
E−

07

F
1
6

B
es

t
−

1.
03

E+
00

−
1.

02
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
02

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

W
or

st
−

1.
03

E+
00

2.
11

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
2.

26
E−

01
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
M

ea
n

−
1.

03
E+

00
−

3.
06

E−
01

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
6.

54
E−

01
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
−

1.
03

E+
00

−
1.

03
E+

00
St

d
1.

52
E−

04
6.

82
E−

01
2.

10
E−

14
2.

12
E−

08
2.

28
E−

16
4.

96
E−

07
5.

61
E−

05
2.

28
E−

16
2.

01
E−

01
3.

29
E−

14
3.

29
E−

14
2.

43
E−

05
6.

79
E−

08
2.

04
E−

16
8.

13
E−

05
R

an
k

13
15

4
7

1
9

11
1

14
6

5
10

8
1

12
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
6.

79
E−

08
6.

80
E−

08
8.

01
E−

09
6.

80
E−

08
1.

67
E−

02
8.

01
E−

09
6.

80
E−

08
6.

79
E−

08
6.

73
E−

08
3.

66
E−

07
6.

80
E−

08
2.

40
E−

08
8.

35
E−

03

F
1
7

B
es

t
3.

98
E−

01
4.

00
E−

01
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
1.

10
E+

00
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
W

or
st

4.
13

E−
01

1.
10

E+
00

3.
98

E−
01

3.
98

E−
01

3.
98

E−
01

3.
98

E−
01

4.
11

E−
01

3.
98

E−
01

1.
10

E+
00

3.
98

E−
01

3.
98

E−
01

3.
98

E−
01

3.
98

E−
01

3.
98

E−
01

5.
74

E−
01

M
ea

n
4.

01
E−

01
1.

06
E+

00
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
4.

00
E−

01
3.

98
E−

01
1.

10
E+

00
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
3.

98
E−

01
4.

27
E−

01
St

d
3.

98
E−

03
1.

56
E−

01
1.

01
E−

14
4.

74
E−

06
0.

00
E+

00
4.

48
E−

07
3.

13
E−

03
0.

00
E+

00
4.

56
E−

16
1.

13
E−

13
5.

23
E−

08
4.

19
E−

06
3.

96
E−

06
0.

00
E+

00
4.

53
E−

02
R

an
k

12
14

4
10

1
7

11
1

15
5

6
8

9
1

13
P-

va
lu

e
0.

00
E+

00
2.

56
E−

07
6.

66
E−

08
6.

80
E−

08
8.

01
E−

09
6.

80
E−

08
3.

10
E−

01
8.

01
E−

09
8.

01
E−

09
6.

80
E−

08
6.

80
E−

08
6.

28
E−

08
6.

80
E−

08
8.

01
E−

09
3.

85
E−

02

F
1
8

B
es

t
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

01
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
W

or
st

3.
00

E+
00

3.
01

E+
01

3.
00

E+
00

3.
00

E+
00

3.
00

E+
00

3.
00

E+
00

3.
00

E+
00

3.
00

E+
00

3.
07

E+
01

3.
00

E+
00

3.
00

E+
01

3.
00

E+
00

3.
00

E+
00

3.
00

E+
00

2.
84

E+
01

M
ea

n
3.

00
E+

00
2.

36
E+

01
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
3.

06
E+

01
3.

00
E+

00
1.

25
E+

01
3.

00
E+

00
3.

00
E+

00
3.

00
E+

00
5.

98
E+

00
St

d
1.

37
E−

04
1.

12
E+

01
1.

15
E−

13
8.

32
E−

05
2.

35
E−

15
3.

27
E−

06
1.

37
E−

04
1.

24
E−

15
1.

45
E−

01
3.

13
E−

13
1.

32
E+

01
1.

89
E−

04
3.

07
E−

08
7.

69
E−

16
6.

69
E+

00
R

an
k

11
14

4
8

3
7

10
2

15
5

13
9

6
1

12
P-

va
lu

e
0.

00
E+

00
6.

80
E−

08
6.

80
E−

08
1.

06
E−

02
6.

56
E−

08
7.

95
E−

07
2.

56
E−

02
2.

95
E−

08
1.

51
E−

08
6.

80
E−

08
1.

08
E−

01
4.

10
E−

05
6.

80
E−

08
3.

93
E−

08
7.

58
E−

06



118	 A. A. Saadi et al.

Ta
bl

e 
12

  (
co

nt
in

ue
d)

Fu
nc

-
tio

n
M

et
ric

H
G

SO
BA

FA
G

W
O

M
FO

M
V

O
SC

A
SA

O
LC

A
A

LO
B

BO
C

SO
FP

A
PS

O
A

O
A

F
1
9

B
es

t
−

3.
86

E+
00

−
3.

83
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
34

E+
00

−
3.

86
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
86

E+
00

W
or

st
−

3.
85

E+
00

−
3.

68
E+

00
−

3.
86

E+
00

−
3.

85
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
85

E+
00

−
3.

86
E+

00
−

3.
34

E+
00

−
3.

86
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
62

E+
00

M
ea

n
−

3.
86

E+
00

−
3.

69
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
85

E+
00

−
3.

86
E+

00
−

3.
34

E+
00

−
3.

86
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
86

E+
00

−
3.

86
E+

00
−

3.
84

E+
00

St
d

3.
90

E−
03

3.
37

E−
02

5.
20

E−
15

2.
24

E−
03

2.
28

E−
15

2.
29

E−
06

2.
61

E−
03

2.
28

E−
15

1.
37

E−
15

7.
03

E−
13

1.
78

E−
15

1.
06

E−
03

3.
03

E−
09

2.
24

E−
15

5.
84

E−
02

R
an

k
11

14
5

10
1

8
12

1
15

6
1

9
7

1
13

P-
va

lu
e

0.
00

E+
00

6.
80

E−
08

6.
63

E−
08

3.
07

E−
06

8.
01

E−
09

6.
80

E−
08

1.
48

E−
01

8.
01

E−
09

8.
01

E−
09

6.
80

E−
08

4.
67

E−
08

1.
66

E−
07

6.
80

E−
08

1.
51

E−
08

7.
35

E−
01

F
2
0

B
es

t
−

3.
16

E+
00

−
2.

44
E+

00
−

3.
20

E+
00

−
3.

32
E+

00
−

3.
20

E+
00

−
3.

20
E+

00
−

3.
11

E+
00

−
3.

32
E+

00
−

1.
36

E+
00

−
3.

20
E+

00
−

3.
32

E+
00

−
3.

32
E+

00
−

3.
31

E+
00

−
3.

32
E+

00
−

3.
16

E+
00

W
or

st
−

3.
00

E+
00

−
1.

51
E+

00
−

3.
20

E+
00

−
3.

08
E+

00
−

3.
20

E+
00

−
3.

19
E+

00
−

1.
45

E+
00

−
3.

20
E+

00
−

1.
08

E+
00

−
3.

20
E+

00
−

3.
20

E+
00

−
3.

12
E+

00
−

3.
23

E+
00

−
3.

20
E+

00
−

2.
53

E+
00

M
ea

n
−

3.
08

E+
00

−
1.

63
E+

00
−

3.
20

E+
00

−
3.

25
E+

00
−

3.
20

E+
00

−
3.

20
E+

00
−

2.
95

E+
00

−
3.

23
E+

00
−

1.
18

E+
00

−
3.

20
E+

00
−

3.
21

E+
00

−
3.

19
E+

00
−

3.
28

E+
00

−
3.

30
E+

00
−

2.
96

E+
00

St
d

5.
10

E−
02

2.
62

E−
01

1.
06

E−
13

8.
04

E−
02

0.
00

E+
00

2.
64

E−
03

3.
55

E−
01

4.
88

E−
02

8.
96

E−
02

9.
77

E−
04

2.
66

E−
02

6.
32

E−
02

2.
52

E−
02

4.
88

E−
02

2.
00

E−
01

R
an

k
11

14
7

3
6

9
13

4
15

8
5

10
2

1
12

P-
va

lu
e

0.
00

E+
00

6.
80

E−
08

6.
80

E−
08

6.
01

E−
07

8.
01

E−
09

6.
80

E−
08

6.
22

E−
04

2.
40

E−
08

6.
80

E−
08

6.
80

E−
08

6.
80

E−
08

7.
95

E−
07

6.
80

E−
08

2.
40

E−
08

2.
39

E−
02

F
2
1

B
es

t
−

5.
01

E+
00

−
1.

92
E+

00
−

1.
02

E+
01

−
1.

02
E+

01
−

1.
02

E+
01

−
1.

02
E+

01
−

6.
37

E+
00

−
1.

02
E+

01
−

8.
36

E+
00

−
1.

02
E+

01
−

1.
02

E+
01

−
1.

01
E+

01
−

1.
02

E+
01

−
2.

68
E+

00
−

9.
68

E+
00

W
or

st
−

4.
41

E+
00

−
9.

63
E−

01
−

2.
63

E+
00

−
3.

12
E+

00
−

2.
63

E+
00

−
5.

06
E+

00
−

8.
77

E−
01

−
2.

63
E+

00
−

5.
04

E+
00

−
2.

63
E+

00
−

2.
63

E+
00

−
2.

52
E+

00
−

1.
01

E+
01

−
2.

68
E+

00
−

4.
33

E+
00

M
ea

n
−

4.
70

E+
00

−
1.

10
E+

00
−

9.
40

E+
00

−
9.

55
E+

00
−

3.
91

E+
00

−
8.

63
E+

00
−

3.
17

E+
00

−
4.

24
E+

00
−

5.
55

E+
00

−
4.

74
E+

00
−

4.
66

E+
00

−
7.

96
E+

00
−

1.
01

E+
01

−
2.

68
E+

00
−

7.
75

E+
00

St
d

1.
79

E−
01

2.
66

E−
01

2.
31

E+
00

1.
89

E+
00

2.
74

E+
00

2.
38

E+
00

1.
39

E+
00

1.
83

E+
00

8.
78

E−
01

2.
17

E+
00

3.
30

E+
00

3.
02

E+
00

1.
38

E−
02

1.
02

E−
16

1.
40

E+
00

R
an

k
9

15
3

2
12

4
13

11
7

8
10

5
1

14
6

P-
va

lu
e

0.
00

E+
00

6.
80

E−
08

1.
60

E−
05

1.
20

E−
06

1.
04

E−
03

6.
80

E−
08

3.
29

E−
05

5.
94

E−
01

6.
80

E−
08

1.
08

E−
01

3.
14

E−
02

2.
56

E−
03

6.
80

E−
08

1.
13

E−
08

1.
20

E−
06

F
2
2

B
es

t
−

5.
01

E+
00

−
1.

55
E+

00
−

1.
04

E+
01

−
1.

04
E+

01
−

1.
04

E+
01

−
1.

04
E+

01
−

4.
96

E+
00

−
1.

04
E+

01
−

5.
09

E+
00

−
1.

04
E+

01
−

1.
04

E+
01

−
1.

04
E+

01
−

1.
04

E+
01

−
5.

09
E+

00
−

1.
04

E+
01

W
or

st
−

4.
10

E+
00

−
1.

20
E+

00
−

1.
04

E+
01

−
5.

09
E+

00
−

2.
77

E+
00

−
2.

77
E+

00
−

4.
25

E+
00

−
3.

72
E+

00
−

5.
07

E+
00

−
1.

84
E+

00
−

2.
77

E+
00

−
2.

73
E+

00
−

1.
00

E+
01

−
5.

09
E+

00
−

6.
39

E+
00

M
ea

n
−

4.
69

E+
00

−
1.

22
E+

00
−

1.
04

E+
01

−
9.

60
E+

00
−

6.
23

E+
00

−
7.

63
E+

00
−

4.
73

E+
00

−
5.

48
E+

00
−

5.
08

E+
00

−
5.

51
E+

00
−

5.
97

E+
00

−
8.

65
E+

00
−

1.
03

E+
01

−
5.

09
E+

00
−

8.
91

E+
00

St
d

2.
40

E−
01

7.
76

E−
02

2.
17

E−
11

1.
95

E+
00

2.
54

E+
00

2.
89

E+
00

2.
17

E−
01

1.
73

E+
00

4.
88

E−
03

2.
71

E+
00

2.
35

E+
00

2.
96

E+
00

1.
05

E−
01

2.
09

E−
15

1.
27

E+
00

R
an

k
14

15
1

3
7

6
13

10
12

9
8

5
2

11
4

P-
va

lu
e

0.
00

E+
00

6.
80

E−
08

6.
80

E−
08

6.
80

E−
08

1.
36

E−
05

1.
20

E−
06

3.
65

E−
01

1.
21

E−
05

6.
80

E−
08

3.
15

E−
02

1.
55

E−
05

2.
75

E−
04

6.
80

E−
08

2.
86

E−
08

6.
80

E−
08

F
2
3

B
es

t
−

5.
10

E+
00

−
2.

52
E+

00
−

1.
05

E+
01

−
1.

05
E+

01
−

1.
05

E+
01

−
1.

05
E+

01
−

5.
87

E+
00

−
1.

05
E+

01
−

6.
38

E+
00

−
1.

05
E+

01
−

1.
05

E+
01

−
1.

05
E+

01
−

1.
05

E+
01

−
1.

05
E+

01
−

1.
03

E+
01

W
or

st
−

4.
54

E+
00

−
9.

66
E−

01
−

3.
84

E+
00

−
2.

42
E+

00
−

2.
43

E+
00

−
1.

86
E+

00
−

9.
43

E−
01

−
2.

42
E+

00
−

5.
11

E+
00

−
1.

68
E+

00
−

2.
42

E+
00

−
2.

34
E+

00
−

9.
75

E+
00

−
2.

42
E+

00
−

3.
38

E+
00

M
ea

n
−

4.
81

E+
00

−
1.

08
E+

00
−

9.
93

E+
00

−
1.

01
E+

01
−

8.
74

E+
00

−
6.

67
E+

00
−

3.
85

E+
00

−
6.

91
E+

00
−

5.
19

E+
00

−
6.

53
E+

00
−

5.
58

E+
00

−
6.

55
E+

00
−

1.
04

E+
01

−
5.

18
E+

00
−

5.
83

E+
00

St
d

1.
63

E−
01

3.
51

E−
01

1.
87

E+
00

1.
81

E+
00

3.
24

E+
00

4.
02

E+
00

1.
49

E+
00

3.
16

E+
00

2.
81

E−
01

3.
48

E+
00

3.
78

E+
00

3.
35

E+
00

1.
79

E−
01

3.
65

E+
00

1.
78

E+
00

R
an

k
13

15
3

2
4

6
14

5
11

8
10

7
1

12
9

P-
va

lu
e

0.
00

E+
00

6.
80

E−
08

1.
20

E−
06

1.
20

E−
06

1.
09

E−
03

5.
98

E−
01

1.
23

E−
02

1.
42

E−
04

6.
80

E−
08

2.
85

E−
01

2.
85

E−
01

1.
20

E−
01

6.
80

E−
08

1.
07

E−
01

4.
39

E−
02



119A Comprehensive Survey of Henry Gas Solubility Optimization Algorithm with its Theory, Variants,…

Fig. 14   Box plots of all algorithms across 23 benchmark functions
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Fig. 15   Convergence of all algorithms across 23 benchmark functions
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fuzzy-based and Lévy Flight modifications (13.8% each) 
improve optimization performance by handling uncertainty 
through fuzzy logic while enhancing global search effi-
ciency via stochastic random walks. Additionally, adaptive 
techniques (10.3%) improve performance by dynamically 
adjusting parameters in response to changing environments. 

Meanwhile, binary optimization and opposition-based 
learning (6.9% each) focus on discrete search spaces and 
accelerating convergence through opposition-based strate-
gies. Finally, quantum-based and mutation-based approaches 
(3.4% each) represent the smallest categories, indicating that 

Fig. 16   The Friedman tests of the fitness value
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mutation operators and quantum-inspired optimization are 
less frequently employed in the analyzed dataset.

Figure 21 illustrates the categorization of studies on 
HGSO based on hybridization methods. The most prevalent 
approach is its integration with ANNs, which accounts for 
43.9% of the methods. The second-largest category, com-
prising 36.4%, includes meta-heuristics such as GA, SA, and 
PSO, all of which exploit their capabilities to explore vast 
search spaces and find near-optimal solutions for complex, 
non-convex problems. SVR and SVM contribute 6.1% and 
1.5%, respectively, underlining the significance of kernel-
based techniques in regression and classification tasks. Other 
techniques, including Random Forest (3.0%), Long Short-
Term Memory (1.5%), and Extreme Learning Machines 
(1.5%), hold minor portions, suggesting they are used in 
more specialized cases. Additionally, 6.1% is attributed to 
other methods, reflecting the diversity of approaches beyond 
those explicitly categorized.

Figure 22 illustrates the classification of related works 
based on their application domains. The largest category, 
Engineering, accounts for 41.3% of the applications, reflect-
ing a strong focus on leveraging optimization algorithms 
to address real-world engineering challenges. Power and 
Energy follows with 21.7%, emphasizing the critical role 
of optimization techniques in improving efficiency and 
sustainability within the energy sector. Meanwhile, Clas-
sification represents 28.3% of the applications, highlighting 
its importance in tasks such as feature selection and data 
categorization. Lastly, image processing constitutes 8.7% of 
the applications, demonstrating the role of optimization in 
enhancing image analysis and processing tasks.

Future research areas for the HGSO algorithm are prom-
ising in several directions:

–	 Multi-objective optimization: Extending the HGSO algo-
rithm using decomposition or Pareto-based methods to 
improve solution diversity and convergence in complex 
scenarios where multiple objectives need to be optimized 
simultaneously.

–	 Binary and discrete optimization: Adapting the HGSO 
algorithm for binary and discrete optimization, can tackle 
feature selection challenges effectively, especially in 
high-dimensional data like medical imaging.

–	 Hybridization with deep learning: Combining the HGSO 
algorithm with deep learning and reinforcement learning 
models for tasks such as hyperparameter tuning, neural 
architecture search, or model compression can improve 
feature extraction and classification accuracy.

–	 Parameter optimization: Investigating optimal parameter 
settings for the HGSO algorithm can improve its perfor-
mance in various applications.
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Fig. 17   Convergence of HGSO and its variants
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Fig. 18   Box plots of HGSO and its variants
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Fig. 19   The Friedman tests of HGSO and its variants’ the fitness value

Table 14   Strengths and weaknesses of HGSO

Strengths Weaknesses

Effectively balances exploration and exploitation Static cluster mapping hinders dynamic adjustments during iterations
Mitigates premature convergence and avoids local optima by simulat-

ing gas molecule huddling behavior
Sensitivity to fixed parameter settings reduces adaptability in dynamic 

environments
Enhances solution diversity by dividing the population into clusters, 

each running an independent HGSO instance
Computational overhead from the cluster-based approach introduces 

scalability challenges in large-scale problems
Dynamically updates Henry’s constant Hj and gas solubility Sij using 

temperature-dependent equations, improving adaptability
Its performance can be sensitive to initial conditions, such as the initial 

population distribution
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–	 Scalability and parallelism: Design parallel or distrib-
uted variants of the HGSO algorithm to efficiently handle 
large-scale and real-time optimization challenges.

–	 Dynamic optimization: Apply the HGSO algorithm to 
problems where objectives or constraints evolve over 
time.

–	 Adaptive strategies: Developing adaptive strategies to 
adjust the HGSO’s parameters dynamically during runt-
ime can enhance its performance in changing environ-
ments and improve its scalability for large-scale prob-
lems.

–	 Expansion to emerging domains: Applying the HGSO 
algorithm to emerging fields like quantum computing, 
antenna array optimization, cybersecurity, autonomous 
vehicles, wireless communications, and advanced manu-
facturing can unlock new potential applications.

7 � Conclusion

The Henry Gas Solubility Optimization (HGSO) algorithm 
is a recent and well-known physics-based optimization algo-
rithm inspired by the principles of Henry’s law in chemistry. 

In this research paper, we provide an extensive and in-depth 
survey of the HGSO algorithm and its improved variants 
(multi-objective, hybridized, and modified). Since the intro-
duction of the HGSO algorithm by Hashim et al. in 2019, 
over 180 HGSO papers have been published by researchers 
and academics. These related papers proved the emergence 
of the HGSO algorithm as a promising optimization meta-
heuristic in tackling various optimization issues. This is due 
to its unique structure, its ease of implementation, its sim-
plicity, its convergence speed, and especially its ability to 
easily hybridize with other optimization methods. Despite 
the success of the HGSO algorithm, there are still several 
suggestions for future research to further enhance its per-
formance and applicability. For instance, the modification 
of the original HGSO algorithm requires more research 
by introducing new operators and strategies. Additionally, 
the hybridization of the HGSO algorithm with other opti-
mization meta-heuristics and methods is recommended to 
enhance its exploration and exploitation. Finally, another 
interesting point is to expand the application of the HGSO 
algorithm across more dynamic, high-dimensional, and com-
plex optimization problems.

Fig. 20   The modified versions 
of HGSO algorithm

Fig. 21   The hybridized versions 
of HGSO algorithm
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