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Growth optimizer is a novel metaheuristic algorithm that has powerful numerical optimization capabilities.
However, its parameters and search operators become crucial factors that significantly impact its optimization
capability for engineering problems and benchmarks. Therefore, this paper proposes a quadruple parameter
adaptation growth optimizer (QAGO) integrated with distribution, confrontation, and balance features. In
QAGO, the quadruple parameter adaptation mechanism aims to reduce the algorithmic sensitivity for parameter
setting and enhance the algorithmic adaptability. By employing parameter sampling that adheres to specific
probability distributions, the parameter adaptation mechanism achieves dynamic tuning of the algorithm
hyperparameters. Moreover, one-dimensional mapping and fitness difference methods are designed in the triple
parameter self-adaptation mechanism based on the contradictory relationship to adjust the operator’s param-
eters. After that, "spear" and "shield" are balanced based on the Jensen-Shannon divergence in information
theory. Furthermore, the topological structure of the operators is redesigned, and by combining the parameter
adaptation mechanism, operator refinement is achieved. Refined operators can effectively utilize different
evolutionary information to improve the quality of the solution. The experiment evaluates the performance
of QAGO on distinct optimization problems on the CEC 2017 and CEC 2022 test suites. To demonstrate the
capability of QAGO in solving real-world applications, it was applied to tackle two specific problems: multilevel
threshold image segmentation and wireless sensor network node deployment. The results demonstrated that
QAGO delivers highly promising optimization results compared to seventy-one high-performance competing
algorithms, including the five IEEE CEC competition winners. The source code of the QAGO algorithm is
publicly available at https://github.com/tsingke/QAGO.

1. Introduction 1981), and ant colony optimization (ACO) (Dorigo, Birattari, & Stutzle,

2006), and novel metaheuristics such as fans optimizer (FO) (Wang,

As real-world application problems become increasingly complex,
exact algorithms may encounter bottlenecks when solving optimization
problems with multimodal, discontinuous, noisy, and other complex
features (Eiben & Smith, 2015; Wu, Mallipeddi, & Suganthan, 2019).
However, metaheuristic algorithms provide an effective paradigm for
solving these problems (Dokeroglu, Sevinc, Kucukyilmaz, & Cosar,
2019; Ma, Wu, Suganthan, Song, & Luo, 2023). These problem-
independent advanced techniques can be applied to a wide range of
problems, showcasing their versatility and effectiveness (Ezugwu et al.,
2021). They have been extensively studied up to the present time.

The classical metaheuristics such as differential evolution (DE)
(Storn & Price, 1997), particle swarm optimization (PSO) (Kennedy
& Eberhart, 1995), genetic algorithm (GA) (Holland, 1992; Zames,

Xu, & Huang, 2023), poplar optimization algorithm (POA) (Chen
et al., 2022), meerkat optimization algorithm (MOA) (Xian & Feng,
2023), human felicity algorithm (HFA) (Veysari et al., 2022), reptile
search algorithm (RSA) (Abualigah, Abd Elaziz, Sumari, Geem, & Gan-
domi, 2022), search and rescue optimization algorithm (SAR) (Shabani,
Asgarian, Salido, & Gharebaghi, 2020), weighted mean of vectors
(INFO) (Ahmadianfar, Heidari, Noshadian, Chen, & Gandomi, 2022),
remora optimization algorithm (ROA) (Jia, Peng, & Lang, 2021), equi-
librium optimizer (EO) (Faramarzi, Heidarinejad, Stephens, & Mirjalili,
2020), kepler optimization algorithm (KOA) (Abdel-Basset, Mohamed,
Azeem, Jameel, & Abouhawwash, 2023), nutcracker optimization al-
gorithm (NOA) (Abdel-Basset, Mohamed, Jameel, & Abouhawwash,
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2023), and growth optimizer (GO) (Zhang, Gao, Zhan, Li, & Zhang,
2023). They do not rely on gradient information about the problem.
Instead, they use an intelligent stochastic search process and an it-
erative evolutionary pattern of the population, which is a key factor
in their success at solving black-box optimization problems (Das &
Suganthan, 2011; Eiben & Smith, 2015). Currently, they involve many
fields, such as engineering design problems (Balochian & Baloochian,
2019), feature selection problems (Houssein, Oliva, Celik, Emam, &
Ghoniem, 2023), flow shop scheduling problems (Du, Zhou, Wu, &
Fei, 2023), image segmentation problems (Chen et al., 2022), power
flow study problem (Dash, Subhashini, & Chinta, 2022), environmental
economic dispatch (Xin-gang, Ji, Jin, & Ying, 2020), and prediction
problems (Ding et al., 2023; Zhong, You, & Cheng, 2023).

Variants are improved versions of basic algorithms aimed at enhanc-
ing their search performance in different optimization environments.
Some variants such as improved arithmetic optimization algorithm
(IAOA) (Liu, Zhang, Zhang, Li, & Chen, 2023), heuristic crossing search
and rescue optimization algorithm (HC-SAR) (Zhang, Zhou, Qin, &
Tang, 2023), multi-strategy snake optimizer (MSO) (Wang, Jiao, Li,
& Zhang, 2023), improved seagull optimization algorithm (ISOA) (Ab-
delhamid, Houssein, Mahdy, Selim, & Kamel, 2022), co-evolutionary
migrating birds optimization algorithm based on online learning policy
gradient (CMBO-PG) (Zhao, Jiang, Xu, Zhu, et al., 2023), modified
adaptive ant colony optimization algorithm (MAACO) (Wu, Huang,
Cui, Liu, & Xiao, 2023), hybrid optimization algorithm based on DE
and harris hawks optimization (DEHHO) (Zhong et al., 2023), and
improved corona-virus herd immunity optimizer algorithm (ICHIOA)
(Naderipour, Abdullah, Marzbali, & Nowdeh, 2022). Whether they are
metaheuristic algorithms or variants, their primary objective is to find
the global solution to an optimization problem. However, effectively
exploring the global solution to highly complex optimization prob-
lems is often a challenging or even impossible task. In this situation,
the criterion for success is to find a solution that is closest to the
global optimum (Aras, Gedikli, & Kahraman, 2021). To achieve this
task, algorithms need to strike a balance between exploration and
exploitation. However, this is no easy task, as these two aspects are
inherently contradictory. If there is excessive exploration, it may result
in an inability to obtain higher-quality solutions. In contrast, if there
is excessive exploitation, there is a higher chance of overlooking the
region where the optimal solution lies (Del Ser et al., 2019). Hence, it
is crucial to employ effective and stable methods to strike a balance
between exploration and exploitation. Growth optimizer (GO) is a
powerful and effective approach that has demonstrated its efficacy in
achieving this objective through numerical optimization and real-world
application optimizations (Zhang, Gao, et al., 2023).

However, this capability is affected by critical factors such as param-
eters and search operators. The fixed hyperparameter settings of GO can
only be adapted to one class of problems, and when GO is applied to
another, its performance may be offset by improper parameter settings.
Moreover, GO’s operator structure can limit the diversity of its search
patterns, which in turn limits its performance on different problems.
Therefore, this research will analyze and address the GO’s challenge
from two perspectives: parameter tuning and operator refinement.

To alleviate the parameter sensitivity problem, there are numerous
advanced techniques for parameter dynamic tuning. A new adaptive
parameter control method is proposed in Sun, Liu, Béck, and Xu (2021).
In this method, parameter control is modeled as a finite time-domain
Markov decision process. Apply a reinforcement learning algorithm
called strategy gradient to learn agents, which can adaptively provide
control parameters during the search process. The literature (Awad, Ali,
& Suganthan, 2017) proposes non-adaptive sine decreasing adjustment
and adaptive sine increasing adjustment methods to tune the parame-
ters in the algorithm. The literature (Tanabe & Fukunaga, 2013) uses
the historical memory of successful control parameter settings to guide
the selection of future control parameter values. In the literature (Wang
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et al., 2022), the parameter tuning process is achieved by sampling pa-
rameters from a predefined Gaussian distribution. The literature (Zhou,
Ma, Gu, Chen, & Deng, 2022) designed a dynamic parameter adjust-
ment mechanism using particle swarm optimization and fuzzy systems
to adaptively adjust relevant parameters. In the literature (Liu et al.,
2018), adaptation parameters are derived based on previous successful
experiences of population transformation and heuristic information re-
lated to the individual’s current state. Additionally, parameter dynamic
tuning in the covariance matrix adaptation evolution strategy (CMA-ES)
is widely regarded as the most advanced technique for parameter self-
adaptation (Hansen, 2006). More extensive information on parameter
adaptation is described in detail in the literature (de Lacerda, de Araujo
Pessoa, de Lima Neto, Ludermir, & Kuchen, 2021; Huang, Li, & Yao,
2020). However, it is an undeniable fact that appropriate parameter
dynamic tuning methods can maximize the performance of the algo-
rithm. Although many adaptive methods can alleviate the algorithm’s
sensitivity to parameters, this may sacrifice computational complexity,
such as using a covariance matrix to record historical evolution path in-
formation to achieve parameter self-adaptation (Hansen, 2016). Given
the limitations of fixed parameter settings and the lack of flexibility
in random sampling methods, the development of efficient parameter
adaptation methods remains a highly active research topic.

In addition to parameter adjustments, the operator serves as the
core search component of the algorithm. Well-known search operators
have shown excellent optimization results in numerous optimization
problems (Ahmad, Isa, Lim, & Ang, 2022; Opara & Arabas, 2019).
However, how to use different population evolution information to
construct efficient search operators is still a problem worth studying.

As previously discussed, GO is encountering challenges with pa-
rameter adjustment and operator structure. To showcase the motive
driving this work, we have distilled it into the following bullet points
for enhanced clarity:

(1) According to the no free lunch (NFL) theorem
(Wolpert & Macready, 1997), there is no universal algorithm that
can effectively solve all problems, which has prompted the design
of problem-driven optimization algorithms like QAGO to solve
specific problems.

The related flaws of GO have been discussed. The sensitivity of

parameters and limitations of operator structure are not exclusive

to GO but rather common flaws found in most metaheuristic algo-
rithms. Addressing such similar deficiencies can provide universal
design inspiration for algorithmic improvements.

(3) Owing to the fact that GO has just been proposed, there are
no other GO-based improvement methods to draw inspiration
from. Therefore, this becomes a challenge and has inspired our
motivation for improvement.

(4) Considering the challenges posed by engineering problems, adap-
tive methods have the ability to adapt to the diverse characteris-
tics of the problems. Therefore, designing an adaptive approach
ensures the effectiveness and practicality of the algorithm in
addressing real-world problems.

2

—

As mentioned above, this work proposes a quadruple parameter
adaptation growth optimizer integrated with distribution, confronta-
tion, and balance features (QAGO) to solve numerical optimization
and real-world applications. The main contributions are summarized
as follows:

(1) A novel optimization algorithm, named QAGO, has been pro-
posed that primarily focuses on parameter tuning and operator
refinement.

(2) A parameter adaptation mechanism based on distribution has
been developed to dynamically adjust the algorithmic hyperpa-
rameters.
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(3) Triple parameter self-adaptation mechanisms have been designed
to achieve high adaptability in the operator search process. They
are one-dimensional mapping of vectors, fitness difference, and
Jensen-Shannon divergence methods. The first two methods con-
front each other and achieve a stable and effective parameter
self-adaptation process by balancing through the third method.

(4) The operators’ topological structure has been redesigned, and the
parameter adaptation tuning mechanism has been employed to
refine the operators.

(5) The numerical optimization performance of QAGO was evaluated
under different problem dimensions using the challenging CEC
2017 and CEC 2022 test suites. Ten novel metaheuristic algo-
rithms, fifty classical metaheuristic algorithms, six self-adaptive
algorithms, and five winners from the CEC competitions partici-
pated in the evaluation process. Various statistical methods were
used to validate the experimental results.

(6) In two challenging real-world problems, namely multilevel
threshold image segmentation problem and node deployment
problem on wireless sensor networks, QAGO has exhibited com-
petitiveness when compared to GO and CEC competition winners.

The rest of this paper is organized as follows. Section 2 introduces
the standard GO. Section 3 presents the QAGO algorithm proposed in
this paper. The results of the numerical optimization experiment are
given and discussed in Section 4. Sections 5 and 6 show the applications
of QAGO. The discussion in this work was presented in Section 7.
Section 8 gives the conclusion of this paper.

2. Growth optimizer

This section provides a detailed introduction to the standard GO
algorithm. Its inspiration is derived from human learning and reflection
behaviors.

2.1. Initialization

GO is a population-based metaheuristic algorithm that uses a uni-
form distribution to randomly generate individuals in the search space.
Eq. (1) gives a description in detail:

X;; =1b+ (ub— Ib) X rand(0, 1) (€D)

where i is the individual index, j is the dimension index of individual
X;, and ub and /b are the upper and lower bounds of the search space,
respectively. Additionally, rand(0, 1) generates a random number that
obeys a uniform distribution within the range of [0, 1].

2.2. Population division

The standard GO divides the population into three levels by using
hyperparameter P;: the top level, the middle level, and the bottom
level. The top level contains the best individual X,,,, and the better
individuals X,,,. The bottom level contains the worse individuals
X The remaining normal individuals X,,,,, are included in the
middle level. All individuals are sorted from best to worst according to
their fitness. The best individual is given a ranking of 1, while the other
better individuals are ranked from 2 to P,. The worse individuals are
ranked from N — P, +1 to N, while the normal individuals are ranked
from P, + 1 to N — P;. The algorithm will sample individuals from a
specific level to complete subsequent calculations. Note that the integer
P, is set to 5 in standard GO.

worse*
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2.3. Learning phase

The learning phase of GO simulates the process by which an indi-
vidual learns and grows from the gaps between different individuals.
In this phase, individual X; will learn from the gaps and benefit from
them to grow. These gaps include four groups: Gap, represents the gap
between the best individual and the better individual, Gap, represents
the gap between the best individual and the worse individual, Gaps
represents the gap between the better individual and the worse indi-
vidual, and Gap, represents the gap between two random individuals
that are different from individual X;. Eq. (2) describes these gaps in the
following manner:

Gapl = Xbext - Xbetter
GapZ = Xhest - pr)rse
Gap3 = Xbetrer - Xworse
Gapy =X, - X

)

@

where X,.i, Xperrers Xworse» Xy,» and X, are the best individual, the
better individual, the worse individual, and two random individuals,
selected by individual X;, respectively.

For the kth gap (Gap,), individual X, transforms it into the kth
group of knowledge acquisition (K A;) and undergoes an accumulation
and evolutionary process. For this process, GO uses the concepts of self-
perception factor (S F) and learning factor (LF) to control K A, and this
process will be described by Eq. (3) as follows:

KA, = SF,- LF, - Gap,.(k = 1,2,3,4) 3

where SF; represents the ith individual’s assessment of its own state
and LF, represents the individual’s assessment of the external state.
During population evolution, these two control parameters are adjusted
adaptively by Egs. (4) and (5):
spo XD

f(XM)OI‘Sf)
where f(X;) is the objective function value of the ith individual and

S (X ,0rs) 18 the objective function value of the worst individual in the
population.

4

__ liGap|
i IGap, |l

where ||Gap, || is the Euclidean distance of the kth group of gaps, and
LF, is a normalized result.

By absorbing the gaps between different individuals, the ith individ-
ual completes the learning process, which will be described by Eq. (6)
as follows:

X , (k=1,2,3,4) 5)

4
X=X+ Y KA, (6)
k=1

2.4. Reflection phase

The reflection phase of GO simulates the individual’s reflection pro-
cess. In this phase, individual X; further grows through three different
reflection operations. Its detailed process is described through Eq. (7)
as follows:

16+ rand(0, 1) X (ub — Ib), if rand(0,1) < AF
.l . . if rand(0,1) < Py
X5t =4 | X1, + rand0. )x (R, = X1, ). else
Xl’_ " else
)
where R is one of the better P, random individuals in the population.

Hyperparameter P; controls the probability of performing different
operations. Note that P; is set to 0.3 in standard GO. The attenuation
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Fig. 1. Sampling parameters P;, P,, and P; in the QAGO algorithm.

factor (AF) controls the restart operation, and its mathematical model

is described by Eq. (8):
FEs
AF =0.014+0.09x (1 - m) 8)

where F Es refers to the current number of evaluations, while MaxFEs
presents the maximum number of evaluations.

2.5. Boundary constraint

In both the learning and reflection phases, the following bound-
ary constraint methods will be used to constrain certain variables of
individual X; that are out of bounds. Eq. (9) provides its specific
mathematical model:

ub, if ub<X-9-
XiJ:{[b’ LJ

if 1b> X,
where X; ; denotes the jth dimensional variable of individual X;, and
if it crosses a boundary, it is limited to the nearby boundary.

©)]

2.6. Update rule

The selection mechanism of GO is similar to simulated annealing
(SA) (Kirkpatrick, Gelatt, & Vecchi, 1983). They both use Monte Carlo
sampling to preserve the solution to the evolutionary failure with a
certain probability. However, GO uses a fixed probability P, to preserve
the inferior solution, while SA uses an adaptive approach. Note that
hyperparameter P, is set to 0.001 in standard GO. Eq. (10) is the
description of the update rule for GO:

X+ if £ (X) <7 (X))
Xir+1 — X" if rand(0,1) < Py (o
i else
XI! else

where f(X) is the objective function, it returns the objective function
value.

3. A quadruple parameter adaptation growth optimizer (QAGO)
integrated with distribution, confrontation, and balance features

This section mainly explains the proposed QAGO. Additionally,
Algorithm 1 gives the pseudocode of the QAGO algorithm, and Fig. 2
provides a flowchart of QAGO.

3.1. Parameter adaptation based on distribution

In this work, a parameter adaptation mechanism is designed to
achieve dynamic tuning of the algorithmic hyperparameters by using
parameter sampling that matches certain distributions. Similar methods
have been proven to be effective in improving parameter diversity (Tan-
abe & Fukunaga, 2013; Zhang & Sanderson, 2009). This mechanism

preserves the simplicity and diversity of randomly sampled parame-
ters and also has the dynamic tuning characteristics of the parameter
adaptation mechanism (Mohamed, Hadi, Fattouh, & Jambi, 2017).

The hyperparameter P, plays a pivotal role in population partition-
ing, and selecting appropriate values for this parameter can signifi-
cantly improve the algorithm’s capability to differentiate between high-
quality and low-quality information in the population. This, in turn,
facilitates effective population evolution, leading to better outcomes.
In standard GO, P, is fixed, and specific convergence information is
always contributed by individuals in a specific range, which leads
to a tendency for the algorithm to get stuck in the local optimum.
Therefore, partitioning the population based on dynamic parameter
tuning is more effective in alleviating this problem. According to the
description in Zhang and Sanderson (2009), the optimal proportion of
elite individuals is in the range of [0.05,0.2]. Therefore, this paper has
designed the dynamic parameter P, in accordance with this idea, as
shown in Eq. (11):

P, = [rand(0.05,0.2) X N | an

where N is the population size and rand(0.05,0.2) is a random number
obeying a uniform distribution in the range of [0.05,0.2]. Fig. 1 shows
the sampling process of P;.

The hyperparameter P, represents the probability of retaining in-
dividuals that fail to evolve. In GO, the fixed parameter P, is used
to probabilistically retain these individuals, which not only avoids
wasting computing resources but also endows the algorithm with the
ability to escape from the local optimum. However, if the value of
P, is excessively large, it may impede the algorithm’s convergence,
whereas if it is minuscule, it may not offer sufficient escape capability.
Therefore, this research adjusts P, using a Gaussian distribution, with
its mean and standard deviation based on the setting of P, in GO, both
of which are 0.001. Fig. 1 shows the sampling process of P,. Eq. (12)
describes this setting:

P, = Gaussian (0.001,0.001) 12)

The hyperparameter P; controls the probability of using different
calculation methods. A fixed P; in GO may hamper the algorithm’s
ability to conduct local searches since it frequently changes more di-
mensions. In contrast, QAGO uses a smaller parameter value to improve
the algorithm’s local search capabilities. However, since the algorithm
is unable to determine the optimal parameter value, it makes use of a
Gaussian distribution to tune P;, and arrives at an approximate optimal
parameter configuration. The center of the Gaussian distribution can be
generated at any location within the range of [0, 0.3]. For the value 0.3,
it is determined based on the setting of parameter P; in the standard
GO. There may exist better parameters near any center; this paper
thereby sets the standard deviation to 0.01 to give the distribution a
smaller level of discreteness. Fig. 1 shows the sampling process of P;.
Eq. (13) describes its specific mathematical model:

Py = Gaussian (rand(0, 0.3),0.01) 13)
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Fig. 2. Flow chart of QAGO.

where rand(0, 0.3) is a random number obeying the uniform distribution
in the range of [0,0.3]. Note that there is a corresponding P; for each
dimension j of individual X;.

3.2. Triple parameter self-adaptation based on confrontation and balance

The learning operator in the learning phase of GO completes the
approximation process of the individual search direction by accumu-
lating gaps. However, the information of normal individuals is never
used in standard GO. As a result, certain information representing the
problem space can be lost. Therefore, the calculation method for gaps
has been improved in the QAGO algorithm. Each individual has the
potential to participate in the computational process to ensure that
certain information around the globally optimal region is not lost. In
each gap, individuals at neighboring hierarchical levels are always
involved in operations, contributing different evolutionary information
to the population. Especially, the latter two gaps do not follow this rule,
providing uncertain perturbations for the evolution. Specifically, the
learning operator of QAGO utilizes five gaps, aiming to approximate
the fitness landscape. Eq. (14) describes the gaps involved:

Gapl = Xbesr - Xbetter
GapZ = Xbetter - Xnormal
Gap3 = Xnormal - pr)rxe
Gapy = Xp) = Xpp
Gaps = Xp3—Xp4

(14)

where L1, L2, L3, and L4 are the individual indexes that differ from i.
For the explanation of other symbols, please refer to Table 1.

3.2.1. Parameter self-adaptation based on one-dimensional mapping of
vectors

One-dimensional mapping can simplify the representation and pro-
cessing of high-dimensional vectors by mapping them to a
one-dimensional space. This reduces computational complexity and
memory usage, ultimately improving algorithm efficiency
(Zhang, Gong, Zhang, Gu, & Zhang, 2016). Therefore, we apply this

Table 1
Type of individuals, number of individuals in the type, and rank range of the type after
ascending ranking based on objective function values.

Individual type Individual number Ranking range

KXpest 1 1

Xbcner Pl -1 [2, Pl]

Kormat N -2p, [P,+1,N-P]
X P, [N-P +1,N]

worse

idea to parameter self-adaptation. This method involves the one-
dimensional mapping of two vectors and utilizes it in the adaptive
process of LF,. Eq. (15) describes the mapping process of paired vectors
within Gap,:

DGapl = <Xbest’ Xbetter>
DGapZ = <Xbetter’ Xnormul>
DGap3 = <Xnormal’ Xworse)
DGapy = (Xp1. X 1)
DGaps = (X3, X14)

(15)

where DGap, is the one-dimensional mapping value of two vectors
within Gap,, and (X, X}.;..,) T€presents the inner product operation.

To prevent negative values generated during the mapping process
from generating complex numbers in subsequent calculations, we will
convert all mapping values into fields of non-negative real numbers. To
avoid extremely small positive values and zero, we will shift all values
by 2 |min (DGap)|. Therefore, LF, is calculated based on Eq. (16) using
the normalization step after processing the mapped data:

DGap;, + 2 |min (DGap)|

LF, = = .
Zn=1 (DGap,, + 2 |min (DGap)|)

(16

where min is the function for finding the minimum value, both » and &
denote the index of Gap, and k € [1,2,3,4,5].

Moreover, we will explore the following from a dimensional per-
spective: when the corresponding dimensions of two vectors within
Gap, point in opposite directions, this implies instability in those
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dimensions; thus, this instability should be weakened in the one-
dimensional mapping process. When this situation occurs, less evolu-
tionary information should be obtained from Gap, using LF,. Con-
versely, when the corresponding dimensions of two vectors within
Gap, point in the same direction, this implies stability in those di-
mensions, and therefore this stability should be maintained in the
one-dimensional mapping process. When this situation occurs, more
evolutionary information should be obtained from Gap, using LF.
This change is advantageous for local exploitation. Therefore, when
there is a significant difference between the two vectors within Gap,,
one-dimensional mapping of vectors seems to be a way to weaken the
difference.

3.2.2. Parameter self-adaptation based on fitness difference

In standard GO, only individual X; and worst individuals are con-
sidered for adapting SF;, and the same SF; is used for scaling any
Gap,, which seems to ignore the differences among different Gap,. To
solve this problem, we have designed a novel S F adaptive method that
considers the fitness differences between two vectors within Gap,. If
the fitness difference between two vectors in Gap, is large, they are
considered to provide global information to promote global exploration
of individuals. Conversely, if the fitness difference between two vectors
within Gap, is small, they are considered to provide local information
to promote the local exploitation of individuals. By considering the
differences among different Gap,, the algorithm can adaptively adjust
the contribution of each Gap,, to the evolution process, thus completing
the individual’s evolutionary process. The calculation process of FGap,
is described by Eq. (17):

FGapl = |f(Xbext) - f(Xben‘er)l

FGapZ |f(Xben‘er) - f(Xnormal)l

FGap3 If(Xnarmal) - f(Xworse)| a7
FGap, = |f(X1) = F(X o)

FGaps = |f(XL3) - f(XL4)|

where |f(Xpesr) = f (Xpeszer)| is the fitness difference absolute value
between two individuals. Furthermore, to better complete the adaptive
process of SF, we normalize all FGap values. Eq. (18) described the
process of how SF, was affected:

FGap,,
ZZ= | FGap,

where SF, is the adaptive scaling parameter of Gap,.

Furthermore, we will approach our discussion with a focus on
fitness. When the fitness gap between two vectors within Gap, is
large, it means that the similarity between the two vectors is low.
More evolutionary information should be obtained from Gap, using
SF,. Conversely, when the fitness gap between two vectors within
Gap, is small, it means that their similarity is high. Less evolutionary
information should be obtained from Gap, using SF,. This change is
advantageous for global exploration. Therefore, when there are signif-
icant differences between two vectors within Gap, the fitness-based
approach seems to be a way to enhance the difference.

SF, = ,(k=1,2,3,4,5) (18)

3.2.3. Parameter self-adaptation based on Jensen-Shannon divergence

In QAGO, the design of LF and SF seems to be a “spear and
shield” relationship. The contradictions are interdependent yet mutu-
ally restrictive. However, contradiction is also a driving force for the
development of things.

In information theory, the square root of Jensen—Shannon diver-
gence is a measure of the distance between two probability func-
tions (de Anda-Suarez, Calzada-Ledesma, & Ortiz-Aguilar, 2022; Lam-
berti, Majtey, Borras, Casas, & Plastino, 2008). Actually, the normalized
LF and SF seem to resemble two systems or probability distributions.
Therefore, we introduced the concept of Jensen—-Shannon divergence
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during the parameter self-adaptation mechanism to observe and esti-
mate the distance between the two systems and to better balance the
adaptive process of the learning operator in QAGO.

The distance between the LF and SF systems, the distance d;g, is
calculated using Eq. (19):

d;s(LF,SF)=1+/D;s(LF,SF) 19

where D;g(LF,SF) is the Jensen—Shannon divergence given by
Eq. (20):

Dyg(LF,SF)=

KL(LF,M)

2
LF+SF )
2
and KL(LF,SF) is the Kullback-Leibler divergence calculated by

Eq. (21):

1
2
1

(20)
+3KL (SF,

KL(LF,SF) iLF 1 <LF"> (21)
, = n| oo
k=1 ¢ SEy

and In denotes the natural logarithm function, and LF, and SF,
represent only the kth values in LF and SF, respectively.

3.3. Operator refinement

This section redesigns the structure of the learning and reflection
operators and implements operator refinement based on parameter
adaptation mechanisms.

3.3.1. Learning operator refinement

In standard GO, the learning operator does not utilize normal indi-
viduals, resulting in the loss of local information in the problem space
representation. Therefore, we have redefined the learning operator’s
structure for a more efficient evolution for the population. The novel
operator structure is described in Eq. (14), and we now use the triple
parameter self-adaptation method based on confrontation and balance
features to refine the learning operator.

After calculating the distance d;g between LF and SF, we use it
to balance the parameter self-adaptation processes of LF and SF. The
learning operator has been highly adaptive and fully refined through
the above process. Eq. (22) illustrates the process by which the adaptive
rules refine the learning operator:

5
X = X!+ Y (dygLF+ (1-dyg) SF) - Gap, (22)
k=1

3.3.2. Reflection operator refinement

This paper redesigned the reflection operator in the reflection phase
to refine the chance of premature convergence for the QAGO algorithm.
For the jth dimension of individual X;, Egs. (23) and (24) give the
relevant mathematical model:

M = rand(0, 1) x ((Rj - X! )+ (RM; — x;’j)) (23)

Xt =x,+M (29

where R; is the jth dimension of elite R (sampling at the top level), and
RM; is the jth dimension of a random individual, which is different
from individual X; and individual R.

Therefore, the complete reflection operator is reconstructed as
Eq. (25):

Ib+r1and(0, 1) X (ub— 1), if rand(0,1) < AF

if rand(0,1) < Py
X,’j] =X;J.+M, else

t+1
X:,/ -
X', else

i.j

(25)
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where M represents the evolution information of individual X; in the
jth dimension, while AF linearly decays from 0.01 to O.

3.4. Boundary constraint

During the search process, individuals may violate the predefined
boundaries, resulting in an invalid search outside the effective search
space of the algorithm. Common boundary constraint methods include
the restart strategy, the penalty strategy, etc (Kreischer, Magalhaes,
Barbosa, & Krempser, 2017). In QAGO, different boundary constraint
schemes will be applied to different phases to improve the adaptation
between components.

In the improved learning phase, due to the accumulation of gaps, it
is easy to cause some variables to violate the constraints and thus lose
the direction of convergence in this dimension. In this phase, Eq. (26)
will be used to correct for some variables:

_ {lb+ (ub—1b) xrand(0,1), if Ib> X, ;

b+ (ub —Ib) x rand(0, 1), if ub < X; ; (26)

ij
In the improved reflection phase, different dimensions of the indi-
vidual may be guided by different elites. Therefore, at this phase, using
Eq. (27) to preserve the tendency of variable changes is more conducive
to the convergence of the algorithm. The relevant mathematical model
is described as follows:

Xij={(ub+X,J)/2, z'f ub < X ; @7
ST\ Ub+ X, /2, if Ib> X,
Algorithm 1: QAGO
Input: N, D, ub, b, FEs=0
Output: Global optimal solution:X,,
1 Initialize the population using Eq. (1) and evaluate the individuals (i = 1,.., N)
2 while FEs <= MaxFEs do
3 Compute P; according to Eq. (11)
4 [~,ind]=sort(f (X))
5 Xpest = X(ind(1), 1)
6 %Improved reflection phase::
7 fori=1: N do
8 Xpetter = X(ind(randi([2, 1 + P ], 1)), 1)
9 X pormar = X (ind(randi([P, + 1, N = P1,1)), 1)
10 X worse = X(ind(randi([N — P + 1, N1, 1)), 1)
11 Find four random individuals that are different from X;: X, X;,,
X3, and Xpy4
12 Compute Gap;, by Eq. (14)
13 Compute LF; according to Eq. (15) and Eq. (16)
14 Compute SF; according to Eq. (17) and Eq. (18)
15 Compute d;g between the LF system and the SF system according to
Eq. (19), Eq. (20), and Eq. (21)
16 Complete the learning process for the ith individual once according to
Eq. (22)
17 Boundary constraints on variables using Eq. (26)
18 Compute P, according to Eq. (12)
19 Complete the update of the ith individual according to Eq. (10)
20 FEs=FEs+1
21 end
22 % Improved reflection phase::
23 fori=1: N do
24 Compute P; according to Eq. (13)
25 Complete the reflection process for the ith individual once according to
Eq. (25)
26 Boundary constraints on variables using Eq. (27)
27 Compute P, according to Eq. (12)
28 Complete the update of the ith individual according to Eq. (10)
29 FEs=FEs+1
30 end
31 end

32 Output X,

4. Experimental studies

The experiments are conducted using MATLAB and implemented
on a computer equipped with an Intel (R) Core (TM) i7-10700 CPU
@ 2.90 GHz, 16 GB of RAM, and an X64 processor. The experiment
involves a total of ten novel metaheuristic algorithms, fifty classical
metaheuristic algorithms, six advanced self-adaptive algorithms, and
five IEEE CEC competition winners.
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4.1. Benchmark suites

In classical test benchmarks such as the Sphere function, the fitness
landscape is centrosymmetric, and the global optimal solution is located
at the center of the search space, which gives a significant advantage
to certain algorithms with a bias towards search. Moreover, since the
optimal solution of such functions is a zero solution, this allows the
algorithms to quickly approach the global optimal solution even if
they perform an abnormal search. The shift operation will break the
symmetric nature of the problem by transferring the global optimal
solution to a non-zero solution, thus avoiding these problems. The rota-
tion operation is an algebraic linear transformation that occurs on the
candidate solution when performing a function call. It complicates the
exploitation of the problem’s symmetry, undermines prior knowledge,
and increases unpredictability and complexity, bringing the problem
closer to reality (Caraffini & Neri, 2019). Certainly, when the shift
property is fused with the rotation property, the problem becomes
significantly more challenging. Fig. 3 provides three groups of functions
to better illustrate the relevant discussion, each including the basic
function, the shifted function, the rotated function, and the shifted and
rotated function. It is worth mentioning that the test functions selected
in this work are all challenging shifted and rotated functions.

In this experiment, thirty test questions from the CEC 2017 test
suite were utilized to evaluate the performance of QAGO. The valid
search space for all problems is [—100,100]. According to the CEC
2017 problem definition and evaluation criteria (Wu, Mallipeddi, &
Suganthan, 2017), these problems are classified as unimodal functions
(F1-F3), simple multimodal functions (F4-F10), hybrid functions (F11-
F20), and composition functions (F21-F30). Furthermore, this research
employed the IEEE CEC competition winners as competitors for QAGO
and evaluated them using twelve test functions from the CEC 2022
test suite. These functions are categorized into unimodal function (CEC
2022 F1), basic functions (CEC 2022 F2-F5), hybrid functions (CEC
2022 F6-F8), and composition functions (CEC 2022 F9-F12). The valid
search space for all problems ranges from —100 to 100. All problems
exhibit shift and rotation properties, simulating real-world problem
scenarios.

4.2. Experimental settings

The experiment compared the performance of QAGO with standard
GO, novel high-performance algorithms, classical algorithms, and CEC
winners. Table 2 shows algorithm information and related parame-
ter settings involved in the experiment. Note that consistency was
maintained with regard to the remaining 50 classical algorithms and
relevant literature.

The algorithms were tested in dimensions D = 30, D = 50, and
D = 100 for each test function of the CEC 2017 test suite. Similarly, for
each test function of the CEC 2022 test suite, the algorithms were tested
in dimension D = 10. The population size N for general algorithms is
set to 40, while the population size settings for the winners are listed in
Table 2. Each algorithm was run 30 times independently, with each run
calling the function 10,000 x D times to obtain the mean and standard
deviation on this problem. Moreover, if the fitness error between the
currently found optimal solution and the theoretical optimal solution
is lower than the threshold value of 1E-8, it is considered as 0.

In general, the algorithm should be terminated if the obtained
results cannot be further improved or if FEs reaches a predefined
limit. To ensure fairness, all algorithms in this experiment utilize
the stopping criterion of FEs > MaxF Es. Additionally, the original
boundary constraint method of the algorithms remains unchanged in
this experiment.
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Fig. 3. Increase the complexity of the problem by using shift and rotation operations.

Table 2
Algorithm information and parameter settings.

Algorithm Parameter settings Proposed time
Growth optimizer (GO) (Zhang, Gao, et al., 2023) P =5, P,=0001, P;=03 2022
Equilibrium optimizer (EO) (Faramarzi, Heidarinejad, Stephens, & V=1a=2 a=1, GP=05 2019
Mirjalili, 2020)

ion (HMO) (Mahdavi-Meymand & p=2 2022
Zounemat-Kermani, 2022)
Aptenodytes forsteri optimization (AFO) (Yang, Deng, Wang, & Liu, w, =05, wy, =1, ws =1, pe=001l, gapmin=5, dec=2, L =10 2021
2021)
Nutcracker optimization algorithm (NOA) (Abdel-Basset, Mohamed, =005, Pa,=02, Prb=02 2023
Jameel, et al., 2023)
Kepler optimization algorithm (KOA) (Abdel-Basset, Mohamed, Azeem, Te=3, My=0.1, A=15 2023
et al,, 2023)
Fick’s law algorithm (FLA) (Hashim, Mostafa, Hussien, Mirjalili, & ¢ =05 ¢=2,¢=01,¢=02 cs=2 2023
Sallam, 2023)
Special relativity search (SRS) (Goodarzimehr, Shojaee, u=1, m=1 2022
Hamzehei-Javaran, & Talatahari, 2022)
Coati optimization algorithm (COA) (Dehghani, Montazeri, Trojovska, division ratio=0.5 2023
& Trojovsky, 2023)
Beluga whale optimization (BWO) (Zhong, Li, & Meng, 2022) W, €10.05,0.1], a=15, KD =005 2022
L-SHADE (IEEE CEC 2014 winner) (Tanabe & Fukunaga, 2014) N =18D, N,,, =4, uF = uCR=pufreq=05, r=26, p=0.11, H=6 2014
L-SHADE-EpSin (IEEE CEC 2016 joint winner) (Awad et al., 2017) N =18D, N, , uF =uCR=pfreg=05, r=14, p=011, H=5, G, =250 2016
UMOEAs-Il (IEEE CEC 2016 joint winner) (Elsayed, Hamza, & Sarker, N =18D, N,, =4, Neya=4+[3log(D)], =03, uF = uCR=05, r=2.6, p=0.1, H=6, CS =50, cFEs; =02 2016
2016)
EBOwithCMAR (IEEE CEC 2017 winner) (Kumar, Misra, & Singh, N =18D, N,,, =4, Neya =4+ [3log(D)], 6=03, uF = uCR=05, ufreq=0., r=2.6, H=6, CS=50/100/150, prob,, =0.1, cFEs, =025 2017
2017)
HS-ES (IEEE CEC 2018 winner) (Zhang & Shi, 2018) 4 =80+ |3log(D)|, M, =200, N, =100, cc =096, =20, M, =200/450/600, N, = 160/360/480 2018

4.3. Compare QAGO with novel metaheuristic algorithms

Tables 3, 4, and 5 summarize the test results of GO, EO, HMO,
AFO, NOA, KOA, FLA, SRS, COA, BWO, and QAGO algorithms in three
different dimensions (D = 30/50/100), which include the mean and
the standard deviation over the 30 tested functions on the CEC 2017
test suite. Additionally, the Wilcoxon rank-sum test (Carrasco, Garcia,
Rueda, Das, & Herrera, 2020) is performed at the significance level of
P = 0.05 to estimate the statistical significance of the results of the
different algorithms. The statistical results are summarized in Table 6,
where the symbols “+”, “~” and “-”, indicate the number of times
the competing algorithms outperform, approximate, and underperform
the QAGO algorithm at the significance level, respectively. The ranking
of all algorithms based on statistics is calculated using the Friedman
test (Friedman, 1940) and the Kruskal-Wallis test (McKight & Najab,
2010). Additionally, the Kruskal-Wallis test is employed to determine
the number of times each algorithm attains the first and last positions.

113

The detailed experimental results are listed in Tables 3, 4, and 5.
The following can be observed.

For the unimodal functions F1-F3, QAGO is able to converge to
the global optimal solution on the F1 function at D = 30, 50, and 100.
KOA and GO are only achieved on D = 30. Function F2 causes most
algorithms to exhibit significant instability with increasing dimension-
ality. However, QAGO is able to mitigate this phenomenon and shows
significant performance. The global optimum of F3 is in a huge smooth
space, which makes the convergence speed of most algorithms slow
down rapidly. However, GO and QAGO have the best performance as
they avoid incorrect convergence directions and improve convergence
speed. Furthermore, the performance of all algorithms decreases with
increasing dimensions. However, QAGO seems not to undergo influence
with dimensional increase. This is because QAGO’s quadruple parame-
ter adaptation mechanism allows for adaptive parameter adjustments,
enabling the algorithm to better adapt to the search environment and
achieve improved performance.

For the simple multimodal functions F4-F10, all algorithms have
a reduced ability to find the best solution with increasing problem
dimensions. GO and NOA show better optimization abilities at low
dimensions. However, QAGO is able to maintain stability and achieve
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Table 3
Mean and standard deviation of the fitness error for the CEC 2017 test suite of 30D functions F1-F30 on 30 runs (the best entries are in bold).
No. Metric EO GO HMO AFO NOA KOA FLA SRS COA BWO QAGO
F1 Mean 5.61E+03 0.00E+00 4.40E+03 5.68E+08 1.27E-05 0.00E+00 1.47E+05 5.01E+10 2.78E+10 4.51E+10 0.00E+00

Std 6.54E+03  2.54E-23 4.63E+03 8.45E4+08 1.70E-05 6.88E-21 6.24E+04 6.98E+09 6.73E+09 3.82E+09 1.74E-25
F2 Mean 2.84E4+08 0.00E+00 3.12E+12  8.32E+26 6.57E+02 7.21E-08 7.70E+06 8.53E+45 2.40E+38 2.30E+42 0.00E+00
Std 6.76E+08 2.87E-09 4.31E+12  4.54E+27 2.59E+03  3.04E-07 1.49E+07 4.46E+46 1.07E+39 4.09E+42 2.83E-12
F3 Mean 2.06E+01  0.00E+00 9.67E4+03  5.50E4+02 2.20E-06 2.72E-05 1.72E+02 7.79E+04 6.00E+04 7.54E4+04 0.00E+00

Std 3.49E+01 3.41E-28 3.98E4+03 4.15E4+02 2.20E-06 1.32E-04 8.62E+01 5.70E+03 8.07E+03 3.09E+03 2.26E-28
F4 Mean 4.80E+01  2.16E+01  6.00E+01  1.33E+02 5.55E+00 6.54E+00 9.96E+01 8.72E+03 4.08E+03 9.82E+03 2.60E+01
Std 3.14E401 2.86E+01 2.03E4+01 6.44E+01 1.01E+01 1.72E4+01 3.21E+01 5.74E+03 1.78E4+03 9.95E4+02 2.96E+01
F5 Mean 7.02E+01  2.52E4+01 1.06E+02 1.25E4+02 5.38E+01  8.03E+01 7.89E+01 3.87E+02 3.25E+02 3.95E+02 4.09E+01
Std 1.64E+01  7.71E+00 2.05E+01  3.42E+01 1.15E4+01 1.72E+01 1.63E+01 2.31E4+01 2.26E+01 1.73E+01  7.85E+00
F6 Mean 1.03E-01  2.07E-03  2.14E+01 3.91E-01 1.27E-03 4.59E-03 1.65E-01 6.82E+01 6.69E+01 8.09E+01 0.00E+00
Std 1.64E-01  2.33E-03 9.01E+00 8.82E-01 1.17E-03 9.35E-03  3.39E-02 3.64E+00 7.52E+00 4.42E+00 3.47E-08
F7 Mean 1.10E+02 5.66E+01 1.19E4+02 1.63E4+02 8.67E+01  1.25E+02 1.09E+02 6.60E+02 4.41E+02 6.31E4+02 7.74E+01
Std 2.53E+01 8.47E+00 1.95E+01  3.33E4+01 1.59E+01 1.35E+01  2.24E+01 3.51E+01 5.13E+01 3.00E+01 7.18E+00
F8 Mean 6.71E+01  2.62E4+01 1.02E+02 1.27E4+02 5.27E+01 7.97E+01  9.10E+01 3.14E+02 2.67E+02 3.13E+02 3.90E+01
Std 1.63E4+01  6.08E+00 1.69E+01  3.65E+01 1.04E+01 1.96E+01  2.27E+01 1.94E+01 1.75E+01 1.46E4+01 7.76E+00
F9 Mean 7.24E+01  2.83E+00 5.07E+02 1.03E+03 2.16E+00 5.14E+00 4.28E+02 6.43E+03 6.55E+03 8.95E+03  0.00E+00
Std 1.26E+02  3.10E+00 4.11E+02 6.21E+02 3.00E4+00 5.84E4+00 5.11E4+02 4.38E+02 1.12E+03 9.41E+02 1.03E-31
F10 Mean 3.51E+03  2.55E+03 3.16E4+03  3.00E4+03 2.62E+03 4.79E+03  2.84E+03 5.88E+03 6.38E+03 7.21E4+03 3.74E+03
Std 5.73E+02 1.36E+03 2.97E4+02 4.98E4+02 5.69E+02  3.85E+02 4.24E+02 6.28E+02 3.78E+02 3.28E+02 4.37E+02
F11 Mean 7.33E+01  2.15E+01 1.23E+02 1.80E+02 2.34E+01 4.98E+01 6.51E+01 7.17E+03 3.59E+03 4.65E+03 3.25E+01
Std 5.40E4+01  2.13E+01 2.46E4+01 4.65E+01 8.14E+00 3.03E4+01  3.55E+01 1.84E+03 1.37E+03 8.13E4+02 2.88E+01

F12 Mean  7.35E+04  2.41E+03 1.23E+06 5.06E4+06 9.13E+03  1.42E+04 2.69E+06 1.75E+10 2.45E+09 7.62E+09 6.73E+02
Std 7.87E+04  5.86E+03 8.70E+05 7.76E+06 6.63E+03  1.36E+04 1.63E+06 3.70E+09 8.20E+08 1.45E+09 6.69E+02
F13 Mean 1.37E+04  8.42E+01 2.19E+04  3.28E+05 1.01E4+02 2.21E4+03 3.41E+04 1.98E+10 6.60E+08 3.82E+09 4.13E+01

Std 1.69E+04 3.90E+01 8.07E+03 1.08E+06 4.61E+01 7.73E+03 4.66E+04 5.35E+09 5.26E+08 1.03E+09 2.35E+01
F14 Mean 8.23E+03  3.39E+01  1.80E+03  3.09E4+04 2.13E4+01 4.79E+01 1.60E+05 5.20E+06 8.67E+04 1.51E+06 2.98E+01
Std 8.45E+03 4.16E+00 1.21E+03 2.62E+04 8.95E+00 8.33E+00 9.03E+04 3.45E+06 6.75E+04 6.40E+05 4.33E+00
F15 Mean 6.44E+03  2.49E+01 1.20E+04 9.06E+03 2.09E+01 3.17E+01 1.21E+04 4.76E+08 7.21E+05 1.01E+08 1.08E+01
Std 7.48E+03  2.58E+01  5.55E+03 1.09E+04 7.37E+00 1.99E+01 1.32E+04 3.25E+08 7.81E+05 4.14E+07 3.10E+00
F16 Mean 7.36E+02  2.38E+02 8.37E+02 1.04E+03 4.38E+02 3.89E+02 1.07E+03 3.69E+03 2.34E+03 3.31E+03 3.57E+02
Std 2.33E4+02  1.58E+02 1.94E+02  3.05E+02 1.31E+02 1.91E4+02 3.20E+02 1.59E+03 2.55E+02 2.72E4+02 1.36E+02
F17 Mean 2.21E4+02  7.47E+01  2.61E4+02 4.96E+02 4.84E+01 9.26E4+01 4.41E+02 3.44E+03 1.02E+03 1.66E+03 5.36E+01
Std 1.13E402  5.43E+01 7.99E4+01  2.22E+02 1.35E+01 5.12E4+01 1.96E+02 3.43E+03 1.69E+02 3.15E4+02 1.09E+01
F18 Mean 1.59E+05 3.76E4+01  8.51E+04 7.30E+05 3.19E4+01 5.95E+02  3.75E+05 1.64E4+07 1.55E+06 1.61E+07 2.67E+01
Std 1.53E+05 7.60E+00 3.32E+04 8.41E+05 5.42E4+00 6.80E+02 2.98E+05 1.73E4+07 1.26E+06 8.34E+06 2.37E+00
F19 Mean 8.24E+03  1.29E+01 1.14E+05 2.33E4+04 1.30E+01 2.10E+01 1.59E+04 1.12E+09 5.79E+06 1.65E+08 1.04E+01
Std 1.34E+04 2.81E+00 1.94E+05 6.78E+04 2.59E+00 3.69E+00 1.89E+04 5.67E+08 5.02E+06 7.41E+07 2.21E+00
F20 Mean 2.68E+02  8.57E+01 4.22E+02  4.40E+02 8.17E+01 9.25E+01  4.08E+02 9.16E+02 6.41E+02 8.09E+02 9.84E+01
Std 1.65E4+02  6.02E+01  9.38E+01 1.46E+02 6.39E+01 7.11E4+01  1.39E+02 1.95E+02 1.27E+02 1.03E4+02 5.66E+01
F21 Mean 2.64E4+02  2.23E+02  2.10E+02 3.43E+02 2.44E+02  2.68E4+02 2.87E+02 7.05E+02 5.01E4+02 3.87E4+02 2.38E+02
Std 2.16E+01 5.94E+00 9.34E+01 3.76E+01 9.68E+00 1.93E+01 1.88E+01 7.38E4+01 2.89E+01 1.15E4+02 6.92E+00
F22 Mean 1.13E+03  4.54E+02 6.57E+02  2.34E+03 1.00E+02 1.01E+02 2.16E+03 7.31E4+03 3.36E+03 5.22E+03 1.00E+02
Std 1.54E+03 8.87E+02 1.29E+03 1.81E+03 4.49E-01 1.24E+00 1.53E+03 6.14E+02 8.38E+02 6.97E+02 1.14E-12
F23 Mean 4.07E+02  3.78E+02  4.35E+02  5.87E4+02 3.91E+02 4.15E+02 4.40E+02 1.46E+03 8.21E+02 9.43E+02 3.64E+02
Std 1.73E+01  8.95E+00 3.34E+01 6.61E+01 1.19E4+01 2.07E+01 2.18E+01 2.71E4+02 6.89E+01 3.32E+01 1.03E+01
F24 Mean 4.92E+02 4.58E+02  3.81E+02 6.92E4+02 4.70E+02 4.74E+02 5.68E+02 1.78E+03 8.50E+02 1.07E+03 4.41E+02
Std 1.87E401 1.10E+01 1.57E+02 7.98E+01 1.20E+01 2.07E4+01  3.92E+01 3.61E+02 6.76E+01 6.26E4+01 9.50E+00
F25 Mean 3.87E+02 3.87E+02 3.89E+02 4.05E+02 3.87E+02 3.89E+02 3.93E+02 2.20E+03 1.50E+03 1.70E+03 3.87E+02
Std 2.08E+00 2.26E+00 3.28E+00 2.75E+01 3.55E+00 8.23E+00 1.35E+01 8.60E+02 2.81E+02 1.13E+02 1.01E-01
F26 Mean 1.63E+03 1.18E+03  2.41E+02 2.84E+03 1.39E+03 1.43E+03 1.94E+03 8.13E+03 5.59E+03 6.09E+03 1.13E+03
Std 3.13E+02  3.81E+02 4.87E+01 1.18E+03 6.35E+02  4.34E4+02 5.00E+02 1.30E+03 6.42E+02 1.02E4+03 1.09E+02
F27 Mean 5.22E4+02  4.99E+02 5.32E4+02  5.63E+02 5.01E+02 5.05E4+02  5.18E+02 2.73E+03 7.84E+02 1.04E4+03 5.03E+02
Std 9.84E+00 1.11E+01 1.04E+01 3.28E4+01 1.21E+01 1.39E+01 1.00E+01 4.93E+02 7.94E+01 1.07E+02 8.12E+00
F28 Mean 3.12E+02  3.44E+02 4.17E+02 4.85E+02 3.14E4+02 3.46E+02 4.45E+02 3.59E+03 2.32E+03 3.14E+03 3.07E+02
Std 3.58E+01 6.06E+01 8.92E+00 6.37E+01 3.57E4+01 5.82E+01  2.35E+01 4.66E+02 4.84E+02 2.66E+02 2.62E+01
F29 Mean 6.86E+02 4.74E+02 1.01E+03 9.31E+02 4.90E+02 5.64E+02 8.45E+02 4.58E+03 1.95E+03 3.22E+03 4.96E+02
Std 1.64E+02 5.22E+01 1.18E+02 2.54E+02 4.79E+01  7.88E+01 1.96E+02 1.13E+03 3.21E+02 3.78E+02 2.97E+01
F30 Mean 6.09E+03  2.10E+03  5.02E+05  2.21E4+05 2.28E+03  2.92E+03  9.83E+03 3.09E+09 9.48E+07 4.35E+08 2.03E+03
Std 3.98E4+03 2.44E+02  3.87E4+05 9.49E+05 4.00E+02 1.43E4+03 4.12E+03 1.07E+09 4.15E+07 1.31E4+08 5.78E+01
a high-quality solution in different dimensions. As the dimension in- For the hybrid functions F11-F20, QAGO obtains better results on
creases, the performance of standard GO gradually deteriorates. How- such functions compared to other algorithms. Especially on F13, F15,
ever, the advantage of QAGO gradually becomes significant. Further- and F19, the dominance of QAGO remains unchanged. NOA also seems

more, the potential of the standard GO algorithm is still visible when to have some advantage at D = 30, especially on F14, F17, and F20.
performing numerical optimization.
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Table 4
Mean and standard deviation of the fitness error for the CEC 2017 test suite of 50D functions F1-F30 on 30 runs (the best entries are in bold).
No. Metric EO GO HMO AFO NOA KOA FLA SRS COA BWO QAGO
F1 Mean 3.72E+03 3.10E-02  4.07E+03  7.74E+08 1.03E+03 6.07E-03 3.47E4+06 1.10E+11 7.10E+10 9.58E+10 0.00E+00
Std 5.38E+03 7.08E-02  4.95E+03 1.18E+09 1.32E+03 2.11E-02 8.20E+05 3.80E+09 9.76E+09 4.98E+09 8.69E-25
F2 Mean 2.23E+21 4.34E-07  6.99E+20 1.85E+53 2.15E+08 2.39E+00 2.18E+21 1.49E+82 2.47E+70 1.06E+75 0.00E+00
Std 1.21E+22  6.02E-07 1.65E+21 1.01E+54 1.12E409 9.13E+00 9.75E+21 2.64E+82 6.59E+70 3.61E+75 1.08E-09
F3 Mean 3.82E+03 0.00E+00 4.21E+04 2.67E+03 3.06E-01 4.80E+01 1.00E+03 1.71E+05 1.78E+05 1.78E+05 0.00E+00
Std 2.55E+03 7.35E-11 1.08E+04 1.60E+03 4.19E-01 4.16E+01 4.32E+02 1.50E+04 2.80E+04 1.10E+04 5.63E-17
F4 Mean 7.53E+01 2.18E+01 1.02E+02 2.64E+02 6.61E+01 6.35E+01 1.66E+02 3.18E+04 1.72E+04 2.72E+04  3.45E+01
Std 4.70E+01  3.23E+01 2.91E+01 1.50E+02 5.27E+01 4.55E+01 4.84E+01 1.03E+04 4.90E+03 2.81E+03 4.41E+01
F5 Mean 1.79E+02  6.06E+01 2.28E+02 2.60E+02 1.57E4+02 1.77E+02 1.72E+02 5.63E+02 5.49E+02 6.49E+02 4.86E+01
Std 3.48E+01 1.08E+01 3.98E+01 5.05E+01 2.29E+01 5.40E+01 3.29E+01 5.11E+01 1.93E+01 1.52E+01 3.73E+01
F6 Mean 1.33E+00 2.05E-02 3.62E+01 4.99E-01 1.40E-02 4.37E-01 5.49E-01 7.88E+01 8.61E+01 9.56E+01 1.02E-05
Std 8.09E-01 1.24E-02 1.02E+01 4.72E-01 1.02E-02 4.74E-01 1.08E-01 2.74E4+00 5.12E+00 3.62E+00 2.88E-05
F7 Mean 2.38E+02 1.18E+02 2.51E+02 3.38E+02 1.96E+02 2.99E+02 2.36E+02 1.32E+03 9.46E+02 1.18E+03 1.71E+02
Std 5.30E+01 1.30E+01 3.63E+01 6.01E+01 2.68E+01 3.94E+01 3.15E+01 8.20E+01 6.38E+01 4.44E+01 3.13E+01
F8 Mean 1.88E+02 5.66E+01 2.26E+02 2.90E+02 1.43E+02 1.88E+02 1.82E+02 6.35E+02 5.82E+02 6.59E+02 4.78E+01
Std 3.76E+01 8.14E+00  3.79E+01 5.55E+01 1.81E+01 4.11E+01 3.48E+01 5.73E+01 2.56E+01 1.93E+01 3.07E+01
F9 Mean 9.67E+02  3.87E+01 3.54E+03  9.44E+03 2.15E4+02 3.56E+02 5.02E+03 1.99E+04 2.73E+04 3.33E+04 1.11E-01
Std 1.08E+03 1.89E+01 2.74E+03 5.82E+03 2.45E+02 7.95E+02 3.32E+03 1.46E+03 3.72E+03 2.02E+03 2.04E-01
F10 Mean 6.05E+03  3.80E+03 5.72E+03 5.76E+03 4.60E+03 9.26E+03 5.00E+03 1.24E+04 1.16E+04 1.32E+04 7.70E+03
Std 7.89E+02  2.02E+03 3.52E+02 7.91E+02 7.43E+02 6.31E+02 6.52E+02 5.59E+02 6.13E+02 3.65E+02  9.03E+02
F11 Mean 1.62E+02 5.34E+01  2.90E+02 3.14E+02 1.00E4+02 9.68E+01 1.30E+02 2.04E+04 9.47E4+03 1.74E+04 6.18E+01
Std 6.70E+01 1.02E+01 4.61E+01 3.81E+02 1.54E+01 2.77E4+01 3.22E+01 2.10E+03 1.84E+03 1.81E+03 2.23E+01
F12 Mean 8.00E+05 2.22E+04 1.21E+07 4.52E+08 1.13E+05 8.87E+04 1.34E+07 9.23E+10 1.78E+10 4.20E+10 4.49E+04
Std 4.51E+05 2.46E+04 6.54E+06 6.42E+08 6.40E+04 5.64E+04 5.89E+06 2.03E+10 6.67E+09 4.82E+09 3.47E+04
F13 Mean 5.85E+03  7.27E+02 3.55E+04  2.21E+07 1.35E4+03 2.73E+03 2.42E+04 6.27E+10 5.35E+09 2.48E+10 1.54E+02
Std 4.12E+03 4.07E+02  9.70E+03  6.92E+07 1.78E+03 4.32E+03 2.00E+04 1.90E+10 3.06E+09 5.36E+09 4.73E+01
F14 Mean 4.14E+04  8.53E+01 1.95E+04 4.74E+05 7.71E+01 7.27E4+02 7.18E4+05 1.91E+08 2.03E+06 2.31E+07 4.95E+01
Std 3.27E4+04  2.12E+01 1.31E+04 6.83E+05 1.04E+01 9.57E+02 4.23E+05 1.49E+08 1.16E+06 7.48E+06 6.67E+00
F15 Mean 9.56E+03  6.80E+02 1.50E+04 2.39E+06 1.47E+02 2.07E4+03 1.63E+04 8.10E+09 1.85E+08 3.50E+09 6.69E+01
Std 7.45E+03  3.26E+03  8.02E+03 1.30E+07 4.19E+01 3.13E+03 1.30E+04 5.06E+09 1.43E+08 9.79E+08 2.43E+01
F16 Mean 1.49E+03 5.13E+02  1.44E+03 1.93E+03 7.91E+02 9.86E+02 1.93E+03 1.07E+04 4.54E+03 5.83E+03 6.28E+02
Std 491E+02 2.35E+02 2.45E+02  4.52E+02 2.47E+02 2.79E+02 3.23E+02 1.92E+03 3.76E+02 5.37E+02 1.97E+02
F17 Mean 1.06E+03 4.58E+02 1.19E+03 1.64E+03 6.63E+02 6.74E+02 1.28E+03 1.31E+04 2.81E4+03 3.76E+03  5.92E+02
Std 2.59E+02 2.23E+02 1.95E+02 3.40E+02 1.55E4+02 2.16E+02 3.07E+02 6.61E+03 3.93E4+02 3.60E+02 1.64E+02
F18 Mean 2.56E+05  1.38E+02 2.06E+05 1.74E+06 9.47E+02 1.11E+04 2.24E+06 2.60E+08 9.70E+06 6.69E+07 6.16E+01
Std 1.39E+05 5.89E+01 1.06E+05 1.44E+06 7.62E+02 7.71E+03 1.68E+06 1.21E+08 6.36E+06 2.64E+07 1.92E+01
F19 Mean 1.95E+04 4.20E+01 1.34E+05 2.52E+05 3.56E+01 4.49E+03 1.76E+04 6.79E+09 3.17E4+08 2.03E+09 2.14E+01
Std 1.19E+04 1.23E+01 1.58E+05 1.00E+06 1.16E+01 9.37E+03 1.43E+04 1.96E+09 1.40E+08 3.43E+08 4.13E+00
F20 Mean 9.30E+02 2.49E+02 1.03E+03 1.12E+03 3.30E+02 5.00E+02 9.32E+02 2.01E+03 1.37E4+03 1.71E+03  3.20E+02
Std 3.29E+02 1.71E+02 1.72E+02 3.51E+02 1.54E+02 1.71E+02 2.44E+02 3.15E+02 1.62E+02 1.56E+02 1.19E+02
F21 Mean 3.45E+02  2.54E+02 3.97E+02 5.32E+02 3.20E4+02 3.76E+02 3.88E+02 1.11E+03 8.66E+02 1.01E+03  2.35E+02
Std 3.88E+01 1.02E+01 6.07E+01 6.83E+01 2.22E+01 5.00E+01 3.66E+01 1.33E+02 5.00E+01 3.39E+01  6.46E+00
F22 Mean 7.06E+03 3.34E+03 6.07E+03  7.05E+03 4.38E+03 9.15E+03 5.65E+03 1.41E+04 1.29E+04 1.33E+04 5.22E+03
Std 8.23E+02 1.27E+03 1.23E+03 8.57E+02 2.27E+03 2.51E+03 5.77E+02 5.68E+02 5.75E+02 7.69E+02  3.77E+03
F23 Mean 5.61E+02 4.90E+02  6.61E+02 1.01E+03 5.60E+02 5.66E+02 6.40E+02 2.98E+03 1.44E+03 1.64E+03 4.61E+02
Std 4.20E+01 1.47E+01 5.39E+01 1.10E+02 2.78E+01 5.00E+01  3.51E+01 3.96E+02 1.00E+02 6.93E+01 1.37E+01
F24 Mean 6.17E+02 5.78E+02  7.07E+02 1.20E+03 6.33E4+02 6.26E+02 7.92E+02 3.48E+03 1.51E+03 1.83E+03 5.49E+02
Std 2.45E+01 2.39E4+01 5.81E+01 1.42E+02 2.03E4+01 4.41E+01 7.11E+01 3.15E+02 1.10E4+02 9.14E+01 1.42E+01
F25 Mean 5.54E+02 5.25E+02 5.15E+02 5.89E+02 5.49E+02 5.54E+02 5.55E+02 1.29E+04 7.00E+03 1.04E+04 5.21E+02
Std 4.30E+01  3.39E+01 2.09E+01 6.91E+01 4.03E+01 3.68E+01 3.81E+01 4.71E+02 1.05E4+03 6.47E+02 3.21E+01
F26 Mean 2.81E+03 1.98E+03 3.76E+02 5.50E+03 2.88E+03 2.59E+03 3.38E+03 1.39E+04 1.03E+04 1.30E+04 1.63E+03
Std 1.36E+03  2.04E+02  4.11E+02 1.64E+03 1.01E4+03 4.63E+02 4.05E+02 1.12E+03 1.08E+03 3.69E+02 1.49E+02
F27 Mean 6.70E+02 5.85E+02  7.37E+02  9.77E+02 5.74E+02 6.64E+02 6.67E+02 6.18E+03 1.81E+03 2.45E+03 5.45E+02
Std 8.71E+01 6.89E+01 4.17E+01 1.50E+02 5.58E+01 7.94E+01 9.57E+01 9.32E+02 2.29E4+02 2.34E+02 2.18E+01
F28 Mean 5.03E+02 4.87E+02  4.81E4+02 6.74E+02 4.92E+02 4.96E+02 5.10E+02 1.03E+04 7.00E+03 8.24E+03 4.86E+02
Std 3.15E+01 2.97E+01 1.42E+01 2.00E+02 1.69E+01 2.97E+01 2.52E+01 1.73E+03 1.07E4+03 5.62E+02 2.21E+01
F29 Mean 1.20E+03  4.97E+02 1.87E+03 1.77E+03 6.11E4+02 6.13E+02 1.14E+03 6.29E+04 5.61E+03 1.09E+04 4.59E+02
Std 3.81E+02 1.10E+02 3.38E+02  4.56E+02 1.49E+02 1.42E+02 2.69E+02 9.27E+04 8.34E+02 2.24E+03 7.56E+01
F30 Mean 1.09E+06 5.86E+05 4.11E+07 4.95E+06 5.97E+05 6.26E+05 1.29E+06 1.01E+10 1.04E+09 3.02E+09 5.85E+05
Std 2.38E+05 1.18E+04 8.68E+06 8.53E+06 2.67E+04 5.66E+04 5.17E+05 2.61E+09 4.55E+08 5.17E+08 1.92E+04

Nevertheless, it is similar to HMO, AFO, KOA, FLA, SRS, COA, or BWO,
which does not have the advantage when D = 50 and D = 100.

For the composition functions F21-F30, QAGO still holds a dom-
inant advantage in these problems in terms of performance. EO, GO,
HMO, AFO, NOA, and KOA only have advantages in a few situations.
In addition, FLA, SRS, COA, and BWO algorithms cannot solve these

10

problems well in any dimension. In summary, QAGO’s quadruple pa-
rameter adaptation and new operators effectively iterated the solution,
resulting in competitive performance, especially compared with GO.

To further investigate the convergence behavior of different algo-
rithms during the iterative process and their sensitivity to different
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Table 5
Mean and standard deviation of the fitness error for the CEC 2017 test suite of 100D functions F1-F30 on 30 runs (the best entries are in bold).
No. Metric EO GO HMO AFO NOA KOA FLA SRS COA BWO QAGO
F1 Mean 8.44E+03 5.40E+03 6.15E+03 7.49E+08 4.39E+03 1.51E-01 8.76E+07 2.49E+11 2.00E+11 2.42E+11 0.00E+00
Std 9.76E+03 6.89E+03 5.69E+03 1.07E+09 2.80E+03 2.81E-01 8.81E+06 1.10E+10 1.56E+10 3.96E+09 2.11E-13
F2 Mean 6.76E+56 4.32E+23 2.38E+60 2.73E+127 1.22E+28 1.26E+18 9.30E+50 8.16E+178 1.46E+164 2.09E+165 1.73E+01
Std 3.03E+57 2.19E+24 1.30E+61 1.05E+128 5.46E+28 6.89E+18 2.72E+51 6.55E+04 6.55E+04 6.55E+04 8.44E+01
F3 Mean 6.49E+04 1.15E+01 2.35E+05 2.04E+04 2.21E4+03 2.36E+04 2.51E+04 3.25E+05 3.58E+05 3.32E+05 1.39E-05
Std 1.18E+04 1.85E+01 3.01E+04 5.35E+03 8.24E+02 6.07E+03  3.84E+03 2.89E+03 3.50E+04 8.91E+03 2.32E-05
F4 Mean 2.26E+02 2.02E+02 2.58E+02 5.85E+02 2.22E+02 1.78E+02 2.74E+02 1.05E+05 7.13E+04 8.03E+04 1.12E+02
Std 4.10E+01 4.48E+01 1.57E+01 2.31E+02 4.59E+01 3.65E+01 3.89E+01 1.67E+04 1.30E+04 5.03E+03 5.07E+01
F5 Mean 5.12E+02 1.52E4+02 5.88E+02 8.28E+02 4.93E4+02 4.28E+02 4.91E+02 1.41E+03 1.32E+03 1.53E+03 1.30E+02
Std 6.96E+01 2.19E+01 9.55E+01 1.06E+02 6.05E+01 1.15E+02 7.02E+01 6.83E+01 4.11E+01 2.01E+01 1.66E+01
F6 Mean 1.57E+01 6.30E-02 5.46E+01 8.08E-01 1.09E+00 5.65E+00 3.36E+00 8.58E+01 9.61E+01 1.06E+02 3.43E-03
Std 8.91E+00 2.26E-02 7.87E+00 5.61E-01 6.22E-01 2.28E+00 1.23E+00 3.16E+00 3.72E+00 2.43E+00 2.57E-03
F7 Mean 9.04E+02 3.09E+02 6.98E+02 1.08E+03 6.22E4+02 8.50E+02 9.68E+02 3.01E+03 2.64E+03 3.02E+03 2.16E+02
Std 1.91E+02 3.80E+01 8.70E+01 1.65E+02 9.46E+01 1.64E+02 7.52E+01 7.64E+01 1.12E+02 5.08E+01 1.93E+01
F8 Mean 4.81E+02 1.51E4+02 5.68E+02 8.69E+02 4.61E+02 4.47E+02 5.20E+02 1.65E+03 1.50E+03 1.71E+03 1.27E+02
Std 7.38E4+01 2.27E+01 7.60E+01 1.04E+02 7.52E+01 1.13E+02 6.59E+01 6.70E+01 5.05E+01 3.18E+01 1.42E+01
F9 Mean 1.57E+04 3.77E+02 2.08E+04 3.12E+04 9.34E4+03 1.32E+04 3.60E+04 5.94E+04 6.33E+04 7.10E+04 7.64E+01
Std 3.65E+03 1.41E+02 1.22E+04 1.83E+04 3.07E4+03 5.52E+03 1.31E+04 6.48E+03 3.10E+03 3.12E+03 7.83E+01
F10 Mean 1.41E+04 7.77E+03 1.30E+04 1.38E+04 1.22E+04 2.28E+04 1.33E+04 2.77E+04 2.61E+04 2.98E+04 1.53E+04
Std 1.19E+03 9.75E+02 9.11E+02 1.29E+03 1.20E+03 7.53E4+02 1.20E+03 2.01E+03 1.30E+03 4.11E+02 7.60E+03
F11 Mean 8.25E+02 2.17E+02 1.86E+03 1.37E+03 6.73E+02 4.89E+02 6.85E+02 1.52E+05 1.63E+05 1.92E+05 2.02E+02
Std 2.28E+02 6.92E+01 2.73E+02 3.43E+02 1.26E+02 1.47E4+02 9.14E+01 1.29E+04 2.63E+04 1.96E+04 5.07E+01
F12 Mean 1.54E+06 1.99E+05 8.53E+07 8.06E+08 4.81E+05 3.14E+05 8.40E+07 2.15E+11 1.10E+11 1.63E+11 1.49E+05
Std 8.60E+05 7.47E+04 2.79E+07 1.51E+09 1.49E+05 1.93E4+05 3.58E+07 1.38E+10 2.89E+10 9.89E+09 5.58E+04
F13 Mean 1.30E+04 5.65E+03 3.71E+04 3.14E+07 3.25E4+03 5.65E+03 3.25E+05 5.17E+10 1.76E+10 3.53E+10 2.29E+03
Std 7.06E+03 6.73E+03 6.07E+03 1.03E+08 2.15E4+03 7.05E+03 5.50E+05 2.58E+09 6.66E+09 3.00E+09 2.18E+03
F14 Mean 2.66E+05 3.18E+02 3.02E+05 2.34E+06 1.79E+03 2.60E+04 2.02E+06 1.43E+08 1.99E+07 3.45E+07 2.21E+02
Std 1.15E+05 1.76E+02 1.01E+05 1.69E+06 3.16E+03 1.86E+04 7.87E+05 8.20E+07 6.04E+06 4.75E+06 4.17E+01
F15 Mean 2.71E+03 2.51E+03 2.88E+04 2.30E+07 6.97E4+02 1.47E+03 4.67E+04 2.90E+10 4.53E+09 1.76E+10 4.46E+02
Std 2.22E+03 4.95E+03 8.26E+03 1.24E+08 5.71E4+02 1.66E+03 1.00E+05 2.56E+09 1.60E+09 1.80E+09 4.08E+02
F16 Mean 3.67E+03 2.07E+03 4.03E+03 4.51E+03 3.17E4+03 2.86E+03 4.08E+03 2.51E+04 1.26E+04 1.73E+04 2.18E+03
Std 5.65E+02 5.69E+02 3.92E+02 5.49E+02 3.75E4+02 6.72E+02 8.44E+02 2.53E+03 1.08E+03 9.55E+02 1.12E+03
F17 Mean 3.37E+03 1.37E+03 3.11E+03 4.80E+03 2.25E+03 2.13E+03 3.19E+03 1.84E+07 4.81E+04 9.01E+05 2.02E+03
Std 5.35E+02 6.32E+02 3.34E+02 8.40E+02 2.99E+02 4.74E+02 4.80E+02 9.58E+06 5.48E+04 4.20E+05 5.64E+02
F18 Mean 5.48E+05 6.97E+03 5.16E+05 3.34E+06 4.55E+04 1.08E+05 2.31E+06 3.66E+08 2.64E+07 9.23E+07 8.41E+03
Std 2.30E+05 4.06E+03 1.74E+05 2.33E+06 2.40E+04 5.52E+04 9.79E+05 1.33E+08 1.15E+07 2.61E+07 6.63E+03
F19 Mean 3.33E+03 5.45E+03 1.43E+06 4.93E+06 1.26E+03 1.57E4+03  6.64E+04 3.10E+10 5.10E+09 1.56E+10 6.32E+02
Std 4.08E+03 7.18E+03 8.38E+05 1.42E+07 8.58E+02 2.65E+03 9.83E+04 2.37E+09 2.28E+09 2.24E+09 1.23E+03
F20 Mean 2.96E+03 1.30E+03 2.94E+03 3.44E+03 1.93E+03 2.67E+03 2.82E+03 4.82E+03 4.46E+03 5.12E+03 2.05E+03
Std 4.45E+02 5.97E+02 2.81E+02 4.13E+02 3.62E+02 4.22E+02 4.23E+02 1.69E+02 4.25E+02 1.72E+02 5.08E+02
F21 Mean 6.25E+02 3.66E+02 7.44E+02 1.36E+03 5.82E4+02 6.47E+02 7.61E+02 2.50E+03 2.11E+03 2.40E+03 3.41E+02
Std 6.73E+01 2.07E+01 8.48E+01 1.58E+02 3.28E4+01 1.21E+02 7.16E+01 2.53E+02 9.34E+01 7.55E+01 1.82E+01
F22 Mean 1.58E+04 8.96E+03 1.45E+04 1.58E+04 1.40E+04 2.42E+04 1.52E+04 2.78E+04 2.79E+04 3.09E+04 8.19E+03
Std 1.59E+03 9.64E+02 8.90E+02 1.35E+03 1.12E+03 7.84E+02 1.06E+03 6.78E+02 1.20E+03 4.91E+02 3.60E+03
F23 Mean 9.31E+02 6.39E+02 1.14E+03 1.79E+03 8.11E4+02 8.53E+02 9.19E+02 4.08E+03 3.20E+03 3.41E+03 6.30E+02
Std 6.91E+01 2.20E+01 8.66E+01 2.20E+02 3.95E+01 8.36E+01 4.78E+01 4.35E+02 1.83E+02 8.76E+01 1.90E+01
F24 Mean 1.28E+03 1.07E+03 1.46E+03 2.57E+03 1.33E+03 1.28E+03 1.43E+03 1.17E+04 5.24E+03 5.86E+03 1.03E+03
Std 7.52E+01 3.68E+01 8.36E+01 3.38E+02 6.47E4+01 9.31E+01 6.76E+01 8.02E+02 5.05E+02 2.75E+02 2.45E+01
F25 Mean 7.84E+02 7.72E+02 7.78E+02 9.60E+02 8.04E+02 7.89E+02 8.43E+02 2.28E+04 1.78E+04 2.27E+04 7.85E+02
Std 5.77E4+01 6.93E+01 3.73E+01 2.46E+02 5.23E+01 6.81E+01 7.18E+01 1.73E+03 1.81E+03 8.88E+02 5.75E+01
F26 Mean 8.50E+03 5.19E+03 6.75E+03 1.88E+04 9.76E4+03 7.94E+03 9.11E+03 5.21E+04 3.58E+04 4.42E+04 5.16E+03
Std 1.28E+03 3.73E+02 4.15E+03 2.73E+03 1.57E+03 9.02E+02 8.97E+02 2.51E+03 3.41E+03 1.43E+03 3.16E+02
F27 Mean 8.13E+02 7.14E+02 1.06E+03 1.35E+03 8.18E4+02 9.14E+02 7.71E+02 1.44E+04 4.29E+03 7.48E+03 7.06E+02
Std 6.54E+01 4.43E+01 7.06E+01 2.59E+02 6.29E+01 7.01E+01 4.60E+01 1.46E+03 6.38E+02 5.05E+02 3.23E+01
F28 Mean 5.61E+02 5.63E+02 6.24E+02 9.49E+02 5.59E+02 5.49E+02 1.43E+03 3.00E+04 2.24E+04 2.22E+04 5.54E+02
Std 3.25E+01 2.59E+01 2.01E+01 3.44E+02 3.15E4+01 2.59E+01 3.08E+03 2.66E+03 1.94E+03 9.65E+02 3.07E+01
F29 Mean 3.42E+03 1.59E+03 5.35E+03 4.78E+03 2.99E+03 2.58E+03 3.40E+03 1.06E+06 3.09E+04 1.64E+05 1.45E+03
Std 5.81E+02 3.73E+02 5.92E+02 8.71E+02 5.08E+02 4.48E+02 4.93E+02 4.41E+05 1.52E+04 6.30E+04 3.21E+02
F30 Mean 2.72E+04 3.08E+03 2.22E+07 2.31E+07 6.16E+03 3.07E+03 3.08E+04 4.78E+10 9.34E+09 3.02E+10 2.94E+03
Std 2.98E+04 1.74E+03 6.40E+06 5.31E+07 1.98E+03 1.49E+03 1.42E+04 2.24E+09 3.75E+09 2.79E+09 1.08E+03

functions and dimensions, this research selects ten representative func-
tions from the CEC 2017 test suite for this experiment. These functions
are the unimodal functions F1, F2, and F3, the multimodal functions F6
and F9, the hybrid functions F13, F15, and F19, and the composition
functions F21 and F27. Each function is tested at D = 30, 50, and 100.
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Fig. 4 describes the detailed convergence results, and the following will
be discussed.

For the convergence curves on the unimodal functions F1, F2,
and F3, QAGO seems to have advantages in convergence speed and
accuracy. Especially on F1 and F3, it significantly alleviates the sensi-
tivity of GO to parameters, weakening the impact of shift and rotation
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F1 (D = 50)

F21 (D = 30) F21 (D = 50) F21 (D = 100)

F27 (D = 30) F27 (D = 50) F27 (D = 100)

Fig. 4. Convergence curves of QAGO and novel metaheuristic algorithms on several representative functions (D = 30, 50, and 100).

characteristics on its search performance. Moreover, on F2, according
to the vertical axis scale, the significance of QAGO’s performance
advantage is evident, especially as the problem dimension increases.

For the convergence curves on the multimodal function func-
tions F6 and F9, QAGO achieves the fastest convergence speed and
the best convergence accuracy on F6. As for other algorithms, the local
optimal feature of the problem causes them to quickly fall into local op-
timum areas. Furthermore, only QAGO shows continuous convergence
behavior on F9 when D = 30, while the convergence curve of QAGO
still stands out among other algorithms at D = 50 and D = 100. This
validates the effectiveness and competitiveness of QAGO’s strategies,
particularly in comparison to the performance of GO.

For the convergence curves on the hybrid functions F13, F15,
and F19, the convergence curves of GO, NOA, and QAGO are similar,
but the results of QAGO are relatively better. In addition, although the
topologies of these functions are complex, the convergence curves of
QAGO continue to decrease before the end of the iteration, indicating
that it is still improving the quality of the current solution. Moreover,
the convergence curves of other algorithms show similar convergence
behavior and similar results.

For the convergence curves on the composition functions F21
and F27, QAGO does not show significant advantages on low-
dimensional F21, but as the dimension increases, its performance seems
to have improved compared to other algorithms. On F27, the results of
GO, NOA, KOA, and QAGO are similar, but QAGO’s relative advantage
is more pronounced. Therefore, QAGO demonstrates good convergence
on these issues.
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To better verify the robustness and stability of the algorithms, we
plotted box plots of each algorithm on representative functions, as
shown in Fig. 7. These plots correspond to the convergence curves
mentioned earlier. Based on the plots, it is apparent that the QAGO’s
data distribution is generally more concentrated, suggesting that its
search function is both robust and stable. This can be attributed to its
parameter adaptation mechanism, which continually adjusts the search
state and lessens the effect of complicated problems on the search
process. Additionally, although the data distributions of SRS, COA, and
BWO are relatively stable, their box plot positions are high, indirectly
reflecting that they may not have obvious advantages.

Fig. 5 shows the cumulative fitness errors of QAGO and the novel
metaheuristic algorithms on 90 benchmark problems. Moreover, to
show the comprehensive performance of the algorithm in solving prob-
lems, we also plot the average cumulative fitness of the algorithms on
90 problems and only show their logarithms in Fig. 6. As evident from
the graphs, the proposed algorithm demonstrates a remarkable ability
to balance its performance across various dimensions and problems. It
has a competitive advantage compared to other competitors. Moreover,
KOA, GO, and NOA can also solve these problems well. However,
according to the NFL theorem, this situation may vary with changes
in the problem.

The Wilcoxon rank-sum test was applied to compare the statistical
significance of the proposed QAGO with each of the novel metaheuristic
algorithms on each problem (Table 6). QAGO outperforms EO, GO,
HMO, AFO, NOA, KOA, FLA, SRS, COA, and BWO on 28, 15, 26,
29, 20, 26, 29, 30, 30, and 30 problems when D = 30, respectively.
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Fig. 5. The cumulative fitness error of QAGO and competitive algorithms on 90 benchmark problems (30 functions x 3 dimensions).
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Fig. 6. The cumulative mean fitness logarithmic error of QAGO and competitive
algorithms on 90 benchmark problems (30 functions x 3 dimensions).

Table 6
Significance achieved from the Wilcoxon rank-sum test comparing QAGO and novel
metaheuristic algorithms.

Dimension vs. QAGO EO GO HMO AFO NOA KOA FLA SRS COA BWO
+ 0o 8 2 1 3 0 1 0 0 0
D =30 ] 2 7 2 0 7 4 o 0 oOo 0
- 28 15 26 29 20 26 29 30 30 30
+ 1 8 2 1 2 0 1 0 0 0
D =50 ] 2 4 3 1 4 2 1 0 O 0
- 27 18 25 28 24 28 28 30 30 30
+ 0 3 0 0 0 0 0o 0 O 0
D=100 = 3 12 3 1 5 3 1 0 O 0
- 27 15 27 29 25 27 29 30 30 30

QAGO outperforms the aforementioned algorithms on 27, 18, 25, 28,
24, 28, 28, 30, 30, and 30 problems when D = 50, respectively. QAGO
outperforms the aforementioned algorithms on 27, 15, 27, 29, 25, 27,
29, 30, 30, and 30 problems when D = 100, respectively. Furthermore,
the performance of QAGO is seldom inferior to or on par with other
methods mentioned above.

The Friedman test and the Kruskal-Wallis test achieved the ranking
of QAGO and other algorithms on the different dimensional problems,
as shown in Table 7. According to two nonparametric statistical tests,
it has been proven that QAGO outperforms other competitors across
various dimensions. Moreover, Table 8 provides the numbers of the
best and last positions of algorithms from the Kruskal-Wallis test.
Obviously, QAGO achieved first place 13, 17, and 23 times in three
distinct dimensions, respectively. Furthermore, there has not been a
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single instance of coming in last place. This once again confirms the
effectiveness of QAGO.

4.4. Compare QAGO with the 50 classical algorithms

In the previous section, we compared several of the latest meta-
heuristic algorithms. To better demonstrate the optimization perfor-
mance of QAGO, we selected 50 classical algorithms that have been
proposed and widely used since the last century as the competing
algorithms for QAGO. The parameter settings of all algorithms refer to
relevant papers. The unified experimental setup is consistent with the
previous section. In this section, only the statistical results based on the
Kruskal-Wallis test and the Wilcoxon rank-sum test are shown.

Table 9 presents the statistical rankings of 50 algorithms in solving
the CEC 2017 benchmark based on the Kruskal-Wallis test. It can
be seen that QAGO achieved the first rank in all three dimensions.
As a result, QAGO’s adaptability allows it to cope with changes in
dimensionality, resulting in better performance. Furthermore, Table 10
presents the number of times the compared algorithms were better,
approximately the same, or worse than QAGO based on the Wilcoxon
rank-sum test in different dimensions. The results indicate that QAGO
is more competitive than all the compared algorithms.

4.5. Compare QAGO with advanced self-adaptive algorithms

In this section, the experiment further compared the optimiza-
tion performance of QAGO with six advanced adaptive algorithms.
These adaptive algorithms include self-adaptive differential evolution
(SaDE) (Qin & Suganthan, 2005), composite differential evolution
(CoDE) (Wang, Cai, & Zhang, 2011), adaptive differential evolution
with optional external archive (JADE) (Zhang & Sanderson, 2009),
success-history based parameter adaptation for differential evolution
(SHADE) (Tanabe & Fukunaga, 2013), improved multi-operator dif-
ferential evolution (IMODE) (Sallam, Elsayed, Chakrabortty, & Ryan,
2020), and adaptive inertia weight particle swarm optimization (AIW-
PSO) (Nickabadi, Ebadzadeh, & Safabakhsh, 2011). The experiments
were conducted under the following conditions: 30 problems from the
CEC 2017 test suite, with dimensions D = 30/50/100, population size
N = 40, maximum function evaluations MaxFEs = 10,000 x D, and a
total of 30 independent runs The remaining parameter settings of the
algorithms were kept consistent with the relevant papers. The statistical
results of this experiment are presented in Tables 11 and 12. Note that
more detailed supplementary evidence is publicly available at https:
//github.com/tsingke/QAGO/tree/main/SupplementaryExperiments.

From Table 11, it can be observed that QAGO is slightly inferior
in ranking compared to the top-ranked CoDE when D = 30, securing
the second position. However, as the problem dimension increases,
QAGO achieves the top statistical ranking among the adaptive algo-
rithms for D 50 and D 100. Additionally, the “Mean rank”
column indicates the average performance of each algorithm across the
three different problem dimensions. Clearly, with a statistical ranking
of 2.37, QAGO demonstrates a promising problem-solving capability
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Fig. 7. Box plots of QAGO and novel metaheuristic algorithms on several representative functions (D = 30, 50, and 100).

Table 7
Ranking achieved from the Friedman test and the Kruskal-Wallis test comparing QAGO and novel metaheuristic algorithms.
Metric Dimension EO GO HMO AFO NOA KOA FLA SRS COA BWO QAGO
D =30 5.00 2.17 5.93 7.57 2.60 4.33 6.37 10.77 9.07 10.13 2.07
Friedman ranking D =50 5.47 1.93 5.83 7.50 3.17 4.43 6.00 10.70 9.10 10.20 1.67
D =100 5.37 2.27 6.00 7.43 3.60 3.83 6.00 10.50 9.23 10.27 1.50
D =30 164.67 90.00 178.33 19493 97.83 107.80 181.60 246.97 232.17 240.20 86.00
Kruskal-Wallis ranking D = 50 165.07 89.27 171.53 189.23 116.73 125.70 173.37 242.50 22793 236.00 83.17
D =100 151.93 107.73 166.37 184.63 127.80 132.90 168.00 237.30 227.63 234.17 82.03
Table 8
Number of 1st and last mean rank of the algorithms from the Kruskal-Wallis test.
Metric Rank EO GO HMO AFO NOA KOA FLA SRS COA BWO QAGO
D=10 Ist 1 9 3 0 4 0 0 0 0 0 13
- last 0 0 0 0 0 0 0 25 0 5 0
D=50 Ist 0 10 3 0 0 0 0 0 0 0 17
- last 0 0 0 0 0 0 0 24 0 6 0
Ist 0 6 0 0 0 1 0 0 0 0 23
b =100 last 0 0 0 0 0 4 0 20 1 9 0

compared to other adaptive algorithms. Furthermore, Table 12 presents
the statistical differences in results between QAGO and other adaptive
algorithms. From the table, it can be observed that CoDE outperforms
QAGO on 10, 7, and 4 problems for D 30, D = 50, and D
100, respectively. However, other algorithms only surpass QAGO on
a few problems. As the problem dimension increases, the problems
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become more complex, which can lead to performance degradation for
algorithms. However, the number of times QAGO outperforms other
adaptive algorithms also increases with this trend. Therefore, based
on the above discussion, QAGO can still demonstrate its competitive
performance compared to advanced adaptive algorithms.
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Table 9
Statistical ranking of QAGO and 50 classical algorithms based on the Kruskal-Wallis test.

Position Algorithms D =30 D =50 D =100 Mean rank
1 QAGO 323.80 330.33 339.23 331.12
2 GSK (Mohamed, Hadi, & Mohamed, 2020) 379.03 479.57 546.40 468.33
3 MPA (Faramarzi, Heidarinejad, Mirjalili, & Gandomi, 2020) 426.93 488.23 620.37 511.84
4 SFS (Salimi, 2015) 449.17 576.27 625.63 550.36
5 DE (Storn & Price, 1997) 578.83 639.27 619.27 612.46
6 INFO (Ahmadianfar et al., 2022) 595.00 663.50 663.50 640.67
7 ASO (Zhao, Wang, & Zhang, 2019a) 660.67 654.20 607.90 640.92
8 AFEFA (Yadav et al., 2019) 722.90 632.80 573.90 643.20
9 SDO (Zhao, Wang, & Zhang, 2019b) 639.37 672.33 657.67 656.46
10 DS (Civicioglu, 2012) 623.83 684.80 698.73 669.12
11 CS (Yang & Deb, 2009) 623.30 669.27 729.70 674.09
12 COA (Pierezan & Coelho, 2018) 669.87 732.33 634.97 679.06
13 AEO (Zhao, Wang, & Zhang, 2020) 683.40 709.83 655.47 682.90
14 EO (Faramarzi, Heidarinejad, Stephens, & Mirjalili, 2020) 703.00 711.00 664.27 692.76
15 FA (Yang, 2009) 704.00 711.73 663.27 693.00
16 FPA (Yang, 2012) 694.63 694.10 698.00 695.58
17 HBO (Askari, Saeed, & Younas, 2020) 717.87 717.13 690.03 708.34
18 TLBO (Rao, Savsani, & Vakharia, 2011) 706.60 711.83 713.47 710.63
19 BBO (Simon, 2008) 731.07 729.37 684.30 714.91
20 MRFO (Zhao, Zhang, & Wang, 2020) 724.20 765.17 695.20 728.19
21 PSO (Kennedy & Eberhart, 1995) 761.90 722.67 709.30 731.29
22 MVO (Mirjalili, Mirjalili, & Hatamlou, 2016) 758.60 735.07 701.17 731.61
23 SO (Hashim & Hussien, 2022) 759.20 747.90 691.10 732.73
24 SSA (Mirjalili et al., 2017) 743.80 742.77 717.60 734.72
25 HBA (Hashim, Houssein, Hussain, Mabrouk, & Al-Atabany, 2022) 822.37 733.60 684.67 746.88
26 SA (Kirkpatrick et al., 1983) 753.27 728.23 790.20 757.23
27 HS (Geem, Kim, & Loganathan, 2001) 758.53 746.07 786.37 763.66
28 CMA-ES (Awad et al., 2017) 863.37 760.07 696.73 773.39
29 RUN (Ahmadianfar, Heidari, Gandomi, Chu, & Chen, 2021) 760.83 774.20 787.80 774.28
30 GSA (Rashedi, Nezamabadi-Pour, & Saryazdi, 2009) 825.93 784.87 713.93 774.91
31 SFLA (Eusuff, Lansey, & Pasha, 2006) 637.80 665.23 1030.47 777.83
32 GA (Zames, 1981) 805.50 793.10 735.00 777.87
33 CHIO (Al-Betar, Alyasseri, Awadallah, & Abu Doush, 2021) 801.17 778.50 762.67 780.78
34 ABC (Karaboga & Basturk, 2007) 787.20 765.67 792.00 781.62
35 WSO (Braik, Hammouri, Atwan, Al-Betar, & Awadallah, 2022) 762.53 807.23 776.00 781.92
36 DMOA (Agushaka, Ezugwu, & Abualigah, 2022) 792.50 767.00 791.30 783.60
37 ICA (Atashpaz-Gargari & Lucas, 2007) 836.73 790.87 735.10 787.57
38 LSA (Shareef, Ibrahim, & Mutlag, 2015) 789.83 811.93 768.77 790.18
39 ACO (Dorigo et al., 2006) 823.53 807.30 871.73 834.19
40 BSO (Shi, 2011) 853.70 831.90 836.57 840.72
41 GWO (Mirjalili, Mirjalili, & Lewis, 2014) 878.33 869.53 883.07 876.98
42 HHO (Heidari et al., 2019) 948.00 895.43 872.70 905.38
43 WOA (Mirjalili & Lewis, 2016) 970.50 909.93 893.97 924.80
44 CA (Reynolds, 1994) 955.33 947.50 985.13 962.65
45 Jaya (Rao, 2016) 954.40 959.17 1003.47 972.35
46 AFSA (Neshat, Sepidnam, Sargolzaei, & Toosi, 2014) 986.03 970.23 975.37 977.21
47 MFO (Mirjalili, 2015) 995.30 981.37 990.40 989.02
48 SCA (Mirjalili, 2016) 1013.63 1012.23 1025.23 1017.03
49 AOA (Abualigah, Diabat, Mirjalili, Abd Elaziz, & Gandomi, 2021) 1061.97 1057.07 1084.93 1067.99
50 BFO (Das, Biswas, Dasgupta, & Abraham, 2009) 1116.67 1073.40 1071.03 1087.03
51 BOA (Arora & Singh, 2019) 1104.57 1097.40 1095.47 1099.15

4.6. Compare QAGO with the CEC competition winners

To further verify the performance of QAGO, this paper used the
winners from the CEC competition as competitors for the QAGO algo-
rithm and conducted experiments on the latest CEC 2022 test suite. The
winners involved are L-SHADE, L-SHADE-EpSin, UMOEAs-II, EBOwith-
CMAR, and HS-ES, with parameter settings referenced in Table 2.

From Table 13, it can be seen that the performance of QAGO is
similar to that of winners. They can find the global optimal solution
for F1, F3, F5, and F11. Furthermore, QAGO exhibits competitive
performance compared to the winners in all twelve functions. The
symbol “+/ =~ /- is recorded at the end of Table 13. The performance
of HS-ES is the worst of all the winners. It does not perform as well
as QAGO on these six functions but only outperforms QAGO on two
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functions. The performances of L-SHADE, L-SHADE-EpSin, UMOEAs-II,
and EBOwithCMAR are similar to those of QAGO in about half the num-
ber of functions, but they outperform QAGO in only a few functions.
Therefore, based on the above discussion, QAGO still demonstrates a
certain level of competitiveness in terms of achieving solution quality
when compared to the winners.

4.7. Convergence analysis of QAGO

This subsection will demonstrate the search behavior and effective-
ness of QAGO in solving problems through the six qualitative metrics
shown in Fig. 8. The first metric is the three-dimensional topology
of the representative function, which shows the complexity of the
problem. These functions are from the CEC 2017 test suite, where F1



H. Gao et al. Expert Systems With Applications 235 (2024) 121218

Table 10
Statistical result of QAGO and 50 classical algorithms based on the Wilcoxon rank-sum test.
vs. QAGO D =30 D =50 D =100
GSK 7/11/12 3/4/23 1/5/24
MPA 3/7/20 3/2/25 0/3/27
SFS 2/4/24 2/0/28 0/4/26
DE 4/5/21 1/3/26 0/2/28
INFO 0/1/29 0/1/29 0/3/27
ASO 2/4/24 3/2/25 0/4/26
AEFA 7/1/22 7/6/17 8/2/20
SDO 0/1/29 1/1/28 0/1/29
DS 2/1/27 3/0/27 0/2/28
Cs 2/1/27 3/1/26 1/1/28
COA 1/0/29 1/2/27 0/3/27
AEO 1/0/29 1/3/26 0/2/28
EO 0/2/28 1/2/27 0/3/27
FA 2/0/28 1/1/28 0/2/28
FPA 0/1/29 0/2/28 0/1/29
HBO 0/1/29 1/2/27 1/3/26
TLBO 0/0/30 0/0/30 0/1/29
BBO 0/1/29 1/1/28 0/1/29
MRFO 0/2/28 1/3/26 0/4/26
PSO 0/2/28 1/3/26 0/1/29
MVO 2/0/28 1/3/26 1/2/27
SO 1/1/28 2/2/26 1/2/27
SSA 0/2/28 1/3/26 0/2/28
HBA 0/1/29 1/1/28 0/2/28
SA 3/4/23 3/1/26 2/0/28
HS 4/1/25 0/0/30 0/0/30
CMA-ES 3/5/22 6/5/19 12/2/16
RUN 0/2/28 1/1/28 0/1/29
GSA 1/2/27 3/1/26 0/4/26
SFLA 1/2/27 0/3/27 0/0/30
GA 3/1/26 4/1/25 1/3/26
CHIO 2/1/27 1/1/28 0/2/28
ABC 0/1/29 1/1/28 0/1/29
WSO 1/1/28 1/1/28 0/2/28
DMOA 0/1/29 0/3/27 0/1/29
ICA 1/1/28 2/1/27 0/3/27
LSA 0/0/30 0/1/29 0/1/29
ACO 0/0/30 0/2/28 1/0/29
BSO 0/0/30 1/2/27 0/3/27
GWO 1/0/29 1/1/28 0/2/28
HHO 0/0/30 0/1/29 0/1/29
WOA 0/0/30 0/0/30 0/1/29
CA 1/0/29 1/2/27 0/1/29
Jaya 0/0/30 0/0/30 0/0/30
AFSA 0/1/29 1/1/28 0/1/29
MFO 0/0/30 0/1/29 0/1/29
SCA 0/0/30 0/0/30 0/0/30
AOA 0/0/30 0/0/30 0/0/30
BFO 0/0/30 0/0/30 0/1/29
BOA 0/0/30 0/0/30 0/0/30
Table 11 Table 12
Statistical ranking of QAGO and 6 advanced self-adaptive algorithms based on the Statistical result of QAGO and 6 advanced self-adaptive algorithms based on the
Friedman test. Wilcoxon rank-sum test.
Placement Algorithm D=30 D =50 D =100 Mean rank vs. QAGO D=30 D =50 D =100
1 QAGO 2.67 2.10 2.33 2.37 CoDE 10/14/6 7/12/11 4/12/14
2 CoDE 2.57 2.60 2.70 2.62 JADE 4/13/13 4/8/18 4/11/15
3 JADE 3.43 3.57 3.60 3.53 SHADE 2/10/18 4/4/22 1/7/22
4 SHADE 3.90 3.97 4.10 3.99 SaDE 3/9/18 3/5/22 1/7/22
5 SaDE 4.10 4.57 4.43 4.37 IMODE 3/1/26 3/3/24 4/5/21
6 IMODE 4.77 5.00 4.87 4.88 AIWPSO 1/5/24 3/3/24 2/3/25
7 AIWPSO 6.57 6.20 5.97 6.25
The second metric is the search trajectory of an individual, which
is a unimodal function, F4, F6, and F9 are multimodal functions, and shows the searching behavior of the individual during the iterative evo-
F22 and F28 are composition functions. lution. On F1, F4, F6, and F9, the individual continuously approaches
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Table 13
Mean and standard deviation of the fitness error for the CEC 2022 test suite on 30 runs (the best entries are in bold).
No. Metric L-SHADE L-SHADE-EpSin UMOEAs-I EBOwithCMAR HS-ES QAGO
(CEC 2014 winner) (CEC 2016 winner) (CEC 2016 winner) (CEC 2017 winner) (CEC 2018 winner) (the proposed algorithm)
CEC 2022 F1 Mean 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
CEC 2022 F2 Mean 6.45E+00 6.45E+00 2.39E+00 3.99E-01 0.00E+00 7.57E-03
Std 2.60E+00 2.60E+00 2.06E+00 1.26E+00 0.00E+00 9.23E-03
CEC 2022 F3 Mean 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
CEC 2022 F4 Mean 2.69E+00 1.69E+00 2.79E+00 0.00E+00 4.97E-01 5.32E+00
std 9.44E-01 8.19E-01 9.14E-01 0.00E+00 5.24E-01 1.47E+00
CEC 2022 F5 Mean 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
CEC 2022 F6 Mean 3.22E-01 3.62E-01 4.02E-01 3.69E-01 1.10E+00 4.47E-01
Std 1.69E-01 1.80E-01 7.40E-02 4.80E-01 1.23E+00 1.31E-01
CEC 2022 F7 Mean 2.17E-03 2.29E-05 5.26E-02 4.86E-05 2.58E+00 1.38E+00
Std 5.22E-03 2.57E-05 6.87E-02 5.00E-05 6.12E+00 1.10E+00
CEC 2022 F8 Mean 1.62E+00 3.73E+00 2.63E+00 1.78E-01 2.08E+01 3.65E+00
Std 1.85E+00 6.98E+00 2.99E+00 2.31E-01 3.50E-01 3.15E+00
CEC 2022 F9 Mean 2.29E+02 2.29E+02 2.29E+02 2.29E+02 2.29E+02 2.29E+02
Std 5.52E-14 5.76E-14 3.67E-14 5.27E-14 1.91E-04 3.27E-09
CEC 2022 F10 Mean 1.00E+02 1.00E+02 1.00E+02 1.00E+02 1.36E+02 1.00E+02
std 3.38E-02 5.25E-02 2.29E-02 2.13E-02 4.75E+01 3.75E-02
CEC 2022 F11 Mean 0.00E+00 0.00E+00 0.00E+00 0.00E+00 6.00E+01 0.00E+00
Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 6.00E+01 0.00E+00
CEC 2022 F12 Mean 1.63E+02 1.65E+02 1.63E+02 1.64E+02 1.67E+02 1.63E+02
Std 1.69E+00 4.66E-01 1.57E+00 1.08E+00 5.54E-01 7.91E-01
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Fig. 8. Convergence analysis indicators: 3D topology of functions, search trajectory, search history, optimization history, average fitness history, and diversity history.

the global optimum and explores the local area around it. On F22 and individuals are updated towards the global optimal area and engage
F28, the individual is trapped in the local optimum and performs an in a lot of local development activities near the global optimal point,
escape behavior, which proves that the algorithm has the ability to demonstrating the QAGO algorithm’s excellent convergence behavior.
prevent getting stuck in the local optimal region. On F28, a large number of individuals are generated in the local
optimum area, increasing the risk of the algorithm being trapped in

The third metric is the search history, which displays the evolution- the local optimum. However, the novel operators assist individuals

ary history of the entire population. On F1, F4, F6, F9, and F22, all
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Table 14
Algorithm complexity of QAGO.
Dimension TO Tl T2 (T2 -T1)/TO
D=30 3.07E-02 1.18E+400 8.73E+00 2.46E+02
D =150 3.07E-02 1.51E+00 9.24E+00 2.52E+02
D =100 3.07E-02 3.64E+00 1.43E+01 3.47E+02

in escaping the local optimum and heading towards new, promising
regions by incorporating more evolutionary information.

The fourth metric is the optimization history, which depicts the
adaptability change of the best individual in the population. The down-
ward trend of all optimization history curves indicates that the algo-
rithm has good convergence capability. Moreover, on these functions,
QAGO seems not to be troubled by the problem of local optima.

The fifth metric is the average fitness history, which represents the
average fitness change of all individuals in the entire population. On
F6, F22, and F28, the quality of the entire population is constantly
improving, and there is no phenomenon of degradation. However, on
F1, F4, and F9, the sudden shaking of the curve indicates that the
quality of some individuals deteriorates rapidly, which is the result of
the algorithm’s forced update. This behavior hopes that individuals will
explore more promising areas without being influenced by fitness.

The sixth metric is the diversity history, which represents the varia-
tion of distances between individuals. All curves continually decrease at
the beginning, indicating a decrease in population diversity. However,
as the iteration progresses, individuals generate a large number of
individuals in promising areas to conduct exploitation, which slows the
decay rate of the diversity curve.

4.8. Complexity analysis of QAGO

In terms of computational complexity, matrix-based operations can
significantly improve the calculation speed of algorithms (Zhan et al.,
2021). However, for practical problems, the objective function usually
does not have the ability to handle matrices. Therefore, we do not
rely on vectorized processing similar to that in Matlab for description.
The computation criterion for QAGO algorithm complexity is described
in Wu et al. (2017). This algorithm is implemented in MATLAB r2020b
using a non-vectorized programming approach. The implementation
runs on an Intel(R) Core(TM) i7-10700 CPU @ 2.90 GHz, with 16 GB
RAM, and an X64 processor. Three complexity-related parameters 70,
T1, and T2 are evaluated. T0 represents the runtime of the test program
in problem definitions and evaluation criteria. T'1 is the time to perform
QAGO with 200,000 objective function evaluations of the function
F18 in D dimensions. T2 is a complete computation time for 200,000
objective function evaluations of the same D dimension function F18,
and this step is repeated five times to obtain T2 = mean(T2). Finally,
T0,T1, ﬁ, and (ﬁ— T1)/T0 are shown in Table 14.

Furthermore, the big O notation is also used to describe the compu-
tational complexity of the QAGO algorithm. Assuming that there are N
individuals in the population, and the dimension of each individual is
D. First, the time complexity of initializing the population is O(N X
D). Second, the computational complexity of the sorting algorithm
is O(N log(N)). Third, the computational complexity of the improved
learning phase is O(N). Fourth, the computational complexity of the
improved reflection phase is O(N x D) in the most extreme case. In
addition, the evaluation of the objective function requires a total of
O(2N). Therefore, in the most extreme case, the overall computational
complexity of QAGO is: O(N x D) + O(N log(N)) + O(N) + O(N x D)
+ O(2N) ~ O(N X D + N log(N)).

It is worth mentioning that this is consistent with the computational
complexity of GO. However, in practical computations, QAGO may
incur slightly higher time costs compared to GO as it involves sampling
more individuals and additional adaptive computations.
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5. Application I: Multilevel threshold image segmentation

Image segmentation is an important basic task in image process-
ing (Rather & Bala, 2021). It refers to dividing an image into several
sub-regions, where each sub-region contains pixels with similar features
or attributes and there are significant differences in pixel features or
attributes between different sub-regions. Common image segmentation
methods include threshold segmentation, region growth, edge detec-
tion, and clustering method (Houssein, Emam, & Ali, 2021). Due to the
ease of use of threshold-based methods (Singh, Mittal, Nayyar, Singh,
& Singh, 2023), we use a threshold-based method in this section to per-
form multi-level threshold image segmentation tasks. Threshold-based
image segmentation methods are usually divided into two types: bi-
level and multi-level. Multi-level threshold methods are more effective
than bi-level threshold methods because when an image contains mul-
tiple homogeneous regions, bi-level threshold methods cannot separate
them (Abdel-Basset, Chang, & Mohamed, 2021; Dinkar, Deep, Mirjalili,
& Thapliyal, 2021).

5.1. Kapur’s entropy method

To find a series of optimal thresholds, Kapur’s entropy method (Ka-
pur, Sahoo, & Wong, 1985) is used as the maximization objective
function. It is based on the principle of information entropy, which
determines multiple thresholds by calculating the distribution of image
grayscale values and dividing the image into multiple regions (Bhan-
dari, Singh, Kumar, & Singh, 2014; Sathya, Kalyani, & Sakthivel, 2021).
For an 8-bit grayscale image, the threshold (¢) takes values between 0
and 255, and the number of thresholds (K) takes values between 1 and
255. When the threshold number is K — 1, the image is segmented into
81,85, 83, ..., Sk parts. Eq. (28) provides the mathematical model of
Kapur’s objective function:

F(t) 1y, tgo) =S+ 83+ S5+ + Sk (28)
-1 -1
X; X; N;
S, =— L m=, T, = X, X, = — 29
1 ; Tl n Tl 1 ; i i Tl ( )
-1 -1
X; X; N;
S,=—Y ZL.m=, T2=2Xi,X,.=—’ (30)
i=1 L ) i=t) I
t3—1 13—-1
— X X ] N;
Sy =-— Zm, 1y= X, X, == [€29)]
’ i=t, Ty Ty ’ :; v T3
255 255
X; X; N;
SK=_ Z ﬁ'll’lﬁ, TK= Z Xi’Xizﬁ (32)

=tk =tk

where N; represents the number of pixels owned by the ith grayscale
value, Ty represents the total number of pixels in the Kth part image,
and Sk denotes the objective function used to evaluate the Kth part

image.
5.2. Comparison experiment of QAGO, GO, and winners

To verify the practicality of QAGO proposed in this article, we
selected four images from the USC-SIPI image database as benchmarks,
and Fig. 9 shows the corresponding test images and their grayscale his-
tograms. GO, L-SHADE, L-SHADE-EpSin, UMOEAs-II, EBOwithCMAR,
and HS-ES were used as comparative algorithms for QAGO in the
summary of numerical optimization experiments, with their parameter
settings consistent with those described in their respective papers. Each
image was segmented under four different threshold numbers (K =5,
10, 15, and 20), and for each segmentation test, the algorithm had to
be independently run 30 times. The termination criteria for each run
of each algorithm was set to MaxFEs = 4,500. The test results were
summarized in Tables 15 and 16, with the relevant data including the

average fitness value (F,,.), standard deviation (Std), average running
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Fig. 9. Test images and corresponding grayscale histograms.

o |

Fig. 10. The image segmentation results were obtained through QAGO.

time (T,,.), peak signal-to-noise ratio (PSNR), mean squared error detail. Tables 15 and 16 summarize nine indicators used to evaluate
(MSE), maximum absolute error (MAE), structured similarity index algorithm performance, and all algorithms involved in the test can
metric (SSIM), and feature similarity index measure (FSIM). effectively solve this problem. The tables reveal that the algorithms

exhibit a minor performance disparity when dealing with small thresh-

Figs. 10 and 11 illustrate the image segmentation results of QAGO old numbers. However, as the number of thresholds increases, the

using different thresholds. It is evident that as the number of thresholds performance gap between the algorithms gradually widens. Compared
increases, the segmented image produced by QAGO exhibits more
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Table 15
Comparison of the performance of the algorithms on the transporter image and the woman image.

Test image K Algorithms Foe Std Tove PSNR MSE MAE SSIM FSIM
Transporter 5 GO 17.28 0.02 1.89 22.78 342.94 144 0.86 0.92
L-SHADE 17.28 0.02 1.29 23.32 302.68 142 0.86 0.93

L-SHADE-EpSin 17.26 0.05 1.71 21.93 417.28 147 0.85 0.91

UMOEAs-IT 17.33 0.02 1.41 24.10 252.81 137 0.88 0.93

HS-ES 17.25 0.03 1.52 23.51 289.56 138 0.87 0.93

QAGO 17.35 0.15 1.47 23.95 262.14 90 0.89 0.94

10 GO 27.53 0.10 2.42 20.17 625.24 50 0.80 0.87

L-SHADE 26.56 0.16 1.80 25.28 192.67 31 0.91 0.95

L-SHADE-EpSin 26.82 0.14 2.35 21.54 456.15 91 0.83 0.90

UMOEASs-II 27.75 0.08 1.79 23.19 312.03 42 0.87 0.92

EBOwithCMAR 27.57 0.16 1.82 21.64 446.18 91 0.84 0.90

HS-ES 27.41 0.18 1.87 25.02 204.52 46 0.91 0.94

QAGO 25.74 0.23 2.40 26.56 143.68 102 0.94 0.97

15 GO 35.25 0.18 2.96 25.34 190.02 48 0.91 0.95

L-SHADE 33.74 0.29 2.34 26.70 138.91 34 0.92 0.96

L-SHADE-EpSin 34.45 0.55 4.19 27.99 103.22 34 0.94 0.97

UMOEASs-II 35.52 0.22 2.41 25.49 183.67 39 0.91 0.95

EBOwithCMAR 35.23 0.28 2.46 23.47 292.68 43 0.88 0.93

HS-ES 33.02 0.73 2.90 28.41 93.78 28 0.96 0.98

QAGO 35.39 0.28 2.45 27.78 108.29 38 0.93 0.96

20 GO 42.10 0.33 3.53 29.24 77.50 34 0.95 0.97

L-SHADE 39.36 0.75 2.85 27.44 117.32 36 0.94 0.97

L-SHADE-EpSin 40.59 0.55 3.90 27.79 108.05 29 0.95 0.98

UMOEAs-II 41.03 0.52 2.77 27.34 120.05 22 0.94 0.97

EBOwithCMAR 41.12 0.53 2.85 29.83 67.56 31 0.97 0.98

HS-ES 38.78 0.58 3.64 26.27 153.37 24 0.93 0.95

QAGO 42.11 0.31 2.84 30.00 64.97 21 0.97 0.98

Woman 5 GO 20.75 0.03 1.66 17.05 1282.85 71 0.56 0.76
L-SHADE 20.62 0.07 1.40 20.26 612.41 82 0.75 0.79

L-SHADE-EpSin 20.75 0.05 1.65 16.87 1336.83 70 0.55 0.75

UMOEASs-II 20.80 0.01 1.39 16.94 1314.52 73 0.56 0.77

EBOwithCMAR 20.80 0.01 1.35 17.01 1294.01 74 0.56 0.77

HS-ES 20.70 0.02 1.51 17.07 1276.39 73 0.56 0.77

QAGO 20.86 0.01 1.32 17.10 1267.20 70 0.56 0.77

10 GO 32.53 0.12 2.25 24.37 237.48 32 0.83 0.87

L-SHADE 31.96 0.26 1.95 24.26 244.04 41 0.81 0.86

L-SHADE-EpSin 32.26 0.18 2.46 24.68 221.57 32 0.81 0.88

UMOEASs-IT 32.71 0.13 1.85 24.78 216.23 34 0.83 0.88

EBOwithCMAR 32.67 0.16 1.81 24.90 210.45 31 0.83 0.88

HS-ES 31.94 0.18 2.07 22.42 372.16 55 0.73 0.85

QAGO 32.59 0.10 1.91 24.38 237.07 37 0.80 0.86

15 GO 41.68 0.19 2.42 27.78 108.39 25 0.85 0.92

L-SHADE 40.46 0.36 2.33 25.96 165.00 35 0.84 0.89

L-SHADE-EpSin 40.92 0.26 3.20 27.20 123.77 27 0.88 0.92

UMOEASs-II 41.64 0.32 2.38 28.84 84.97 30 0.90 0.92

EBOwithCMAR 41.57 0.37 2.29 28.40 93.96 23 0.89 0.93

HS-ES 40.49 0.25 2.68 28.83 85.15 45 0.92 0.93

QAGO 41.87 0.18 3.06 28.64 88.94 26 0.89 0.93

20 GO 49.00 0.29 2.88 29.08 80.34 24 0.89 0.93

L-SHADE 47.36 0.43 2.87 27.08 127.36 30 0.89 0.91

L-SHADE-EpSin 47.98 0.47 3.93 29.24 77.49 22 0.90 0.95

UMOEAs-II 48.82 0.31 2.83 28.61 89.57 22 0.90 0.93

EBOwithCMAR 48.50 0.51 2.84 28.51 91.60 22 0.90 0.94

HS-ES 46.72 0.45 3.27 29.90 66.56 39 0.92 0.95

QAGO 49.23 0.19 3.72 31.17 49.72 20 0.92 0.95

with the winners and GO, QAGO showed competitive optimization
results on all four test images, which were confirmed by indicators such
as PSNR, MSE, MAE, SIM, and FSIM.

6. Application II: wireless sensor network node deployment

Wireless sensor network (WSN) is widely regarded as one of the
most crucial technologies of the 21st century (Liao, Kao, & Wu, 2011).

20

They assume a fundamental role in various fields, such as physical se-
curity, traffic monitoring, military sensing, industrial automation, and
environmental monitoring (Chong & Kumar, 2003; Sheikh-Hosseini &
Hashemi, 2022). The deployment problem of WSN is a challenge, as it is
aimed at ensuring the effective completion of monitoring tasks (Khedr,
Osamy, & Agrawal, 2009). The coverage range in WSN needs to be
ensured in order to reliably monitor the area (Liao, Kao, & Li, 2011;
Wang, Ghosh, & Das, 2010). Therefore, the coverage optimization



H. Gao et al.

Expert Systems With Applications 235 (2024) 121218

Table 16
Comparison of the performance of the algorithms on the fighter image and the boat image.

Test image K Algorithms Fue Std Tove PSNR MSE MAE SSIM FSIM
Fighter 5 GO 16.68 0.06 1.68 18.72 872.42 99 0.92 0.86
L-SHADE 16.32 0.11 1.73 18.93 831.30 68 0.92 0.87
L-SHADE-EpSin 16.74 0.08 1.53 19.54 722.62 96 0.93 0.87
UMOEASs-II 16.78 0.02 1.28 18.71 875.55 929 0.92 0.86
EBOwithCMAR 16.77 0.04 1.32 19.24 773.92 97 0.93 0.87

HS-ES 16.62 0.09 1.44 20.09 636.47 94 0.93 0.88

QAGO 16.77 0.05 1.30 20.39 593.94 93 0.95 0.88

10 GO 25.48 0.15 2.50 18.80 857.51 58 0.92 0.85
L-SHADE 24.17 0.29 1.87 23.37 299.12 39 0.92 0.89
L-SHADE-EpSin 24.97 0.20 2.45 18.01 1027.68 76 0.91 0.84
UMOEASs-II 25.45 0.11 1.87 23.57 286.12 51 0.95 0.91
EBOwithCMAR 25.54 0.11 1.87 21.21 491.90 46 0.94 0.89

HS-ES 24.88 0.24 2.14 24.04 256.31 43 0.95 0.91

QAGO 25.44 0.20 1.78 24.45 233.53 46 0.96 0.92

15 GO 31.60 0.18 2.97 24.51 230.21 38 0.94 0.91
L-SHADE 29.80 0.45 2.43 28.56 90.50 37 0.93 0.94
L-SHADE-EpSin 30.49 0.34 3.33 27.67 111.31 35 0.93 0.92
UMOEASs-II 31.40 0.30 2.35 22.87 335.55 36 0.89 0.88
EBOwithCMAR 31.19 0.41 2.40 30.06 64.08 36 0.96 0.96

HS-ES 30.43 0.34 2.75 18.29 963.71 56 0.91 0.83

QAGO 31.77 0.16 2.54 23.25 307.57 45 0.94 0.90

20 GO 36.53 0.25 3.34 29.48 73.37 37 0.97 0.95
L-SHADE 34.03 0.77 2.65 26.92 132.08 32 0.93 0.93
L-SHADE-EpSin 34.92 0.54 3.57 24.40 236.02 32 0.90 0.87
UMOEASs-II 36.13 0.55 2.66 27.35 119.62 28 0.94 0.93
EBOwithCMAR 35.62 0.37 2.64 26.05 161.45 35 0.96 0.94

HS-ES 34.34 0.42 2.95 27.30 120.95 34 0.94 0.94

QAGO 36.59 0.39 2.70 29.92 66.28 32 0.95 0.95

Boat 5 GO 21.37 0.02 1.53 21.02 513.55 57 0.82 0.91
L-SHADE 21.27 0.05 1.41 20.98 518.47 56 0.82 0.90
L-SHADE-EpSin 21.36 0.02 1.49 20.58 568.77 52 0.80 0.90
UMOEAS-II 21.40 0.01 1.28 20.16 626.94 53 0.80 0.89
EBOwithCMAR 21.39 0.01 1.29 20.45 585.90 53 0.80 0.89

HS-ES 21.34 0.03 1.36 19.85 672.64 59 0.78 0.88

QAGO 21.37 0.01 1.17 20.09 636.39 55 0.80 0.89

10 GO 32.90 0.07 2.10 25.78 171.75 32 0.92 0.96
L-SHADE 32.64 0.19 1.81 26.10 159.44 48 0.93 0.96
L-SHADE-EpSin 32.81 0.13 2.17 24.73 218.63 31 0.90 0.95
UMOEASs-II 33.09 0.11 1.74 26.12 158.76 35 0.93 0.96
EBOwithCMAR 33.06 0.08 1.76 24.62 224.37 35 0.90 0.95

HS-ES 32.57 0.19 1.97 25.71 174.43 38 0.92 0.96

QAGO 33.10 0.08 1.72 25.93 165.83 31 0.94 0.96

15 GO 42.19 0.13 2.22 26.85 134.19 24 0.95 0.98
L-SHADE 41.18 0.32 2.10 26.97 130.53 34 0.95 0.96
L-SHADE-EpSin 41.75 0.15 2.95 25.18 197.09 27 0.93 0.97
UMOEASs-II 42.11 0.18 2.10 27.13 125.83 24 0.95 0.97
EBOwithCMAR 42.04 0.23 2.32 26.12 158.85 29 0.94 0.97

HS-ES 41.11 0.33 2.41 27.12 126.24 28 0.94 0.96

QAGO 42.26 0.12 2.09 27.97 103.88 24 0.96 0.98

20 GO 49.76 0.16 3.48 30.52 57.73 20 0.97 0.98
L-SHADE 48.04 0.35 2.69 25.95 165.19 30 0.92 0.95
L-SHADE-EpSin 48.62 0.30 3.95 28.53 91.21 30 0.96 0.98
UMOEASs-II 49.36 0.42 2.80 30.24 57.47 21 0.96 0.98
EBOwithCMAR 49.26 0.28 2.61 28.40 94.08 29 0.97 0.96

HS-ES 47.76 0.49 2.96 28.57 90.37 26 0.95 0.97

QAGO 49.77 0.10 2.59 30.57 52.50 20 0.97 0.99

problem of WSN has been a hot research topic for a long time as an
important component of wireless sensor network node deployment.

Wireless sensor nodes are crucial components of network systems,
serving as terminal structures for sensing and monitoring external
objects. The extent of area coverage achieved through the deployment
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of these nodes has a direct impact on the overall service quality of the
network (Khedr, Osamy, & Salim, 2018). The regional coverage of the
network is an evaluation indicator for coverage optimization, which is
usually treated as the maximization goal to be achieved in optimization
tasks.
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Fig. 11. The corresponding threshold distributions were obtained through QAGO.

6.1. Mathematical model of WSN coverage rate

Assuming v identical wireless sensor nodes are randomly distributed
on a designated two-dimensional plane, the set of these nodes is de-
noted as C = ¢|, ¢y, ..., ¢,. Each node has the same perception radius R,
and communication radius R,, satisfying R, = 2R;. If a plane region is
discretized into m x n pixels, then the Euclidean distance from node i
to any pixel z(x, y) is described by Eq. (33):

2 2
d(c,-,z) = (x—x,-) +(y—y,-) (33)
where the coordinate of the node is ¢; = (x;,;).i = 1,2, ..., v. If a pixel
point is located within the perception radius of node i, as determined by
the Euclidean distance between the two, the pixel point is considered to
be in a covered state. The likelihood of this occurrence is represented

by P in Eq. (34):

1, d (c,;z) <R;-R,
—iatt
P(cz) =9 exp( Az-:-a;i2 ), Ry—R,<d(c,z) <R;+R, 34
2
0, else

where R, is the reliability parameter of node measurement, and a; =
R,—R,+d(c;, 2), @y = R,+R;—d(c;, 2). Ay, Ay, Py, and f, are measurement
parameters related to nodes, and 4, =1, 4, =0, f; =1, and , = 1.5
are selected in this research. After obtaining the probability of pixel
detection, Eq. (35) is used to calculate the joint detection probability
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of all nodes in the region for the target point:

v

PCa=1-[[(1-P(c.2))

i=1

(35)

where P(C, z) represents the joint detection probability. Here, C repre-
sents the set of sensor nodes, and v corresponds to the number of nodes
in the region.

In the experiment, a grid-based approach is used to select the detec-
tion point z, which discretizes the detection area into m x n pixels. The
network coverage (P,,,) of this area is then calculated using Eq. (36):

Z:l:l Z;:] P(C,2)

mxn

P (36)

cov T

6.2. Comparison experiment of QAGO, GO, and winners

In this section, we will compare QAGO with standard GO and IEEE
CEC competition winners. To do this, we have designed four experimen-
tal cases. The first two cases are based on the deployment of network
nodes in a 30 x 30 space with R, = 5, while the last two cases are
based on the deployment of network nodes in a 100 x 100 space with
R, = 10. The population size N for all algorithms is consistent with the
value set in the numerical optimization experiment. Additionally, the
dimension of individuals in each algorithm is set to D = 30/40/60/80,
with a node position determined by every two dimensions, resulting in
v = 15/20/30/40 nodes. Each algorithm is independently executed 30
times, with MaxFEs set to 1000.

Table 17, Fig. 12 and Fig. 13 show the experimental results, in
which EBOwithCMAR achieves the best deployment coverage in cases
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Table 17
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Comparison results of QAGO and competitive algorithms on four WSN node deployment cases.

Case Metric GO L-SHADE L-SHADE-EpSin UMOEASs-II EBOwithCMAR HS-ES QAGO
Case 1 (0= 15.D = 30) Mean 6.60E-01 6.60E-01 6.55E-01 6.85E-01 6.92E-01 6.36E-01 6.74E-01
vE P Std 1.10E-02 9.48E-03 1.13E-02 3.21E-02 3.97E-02 7.56E-03 1.12E-02
Mean 8.92E-01 8.85E-01 8.90E-01 8.92E-01 8.94E-01 8.80E-01 8.91E-01
Case 2 (v =20,D =40)
Std 7.15E-03 8.04E-03 9.81E-03 1.68E—-02 2.03E-02 8.11E-03 7.43E-03
Mean 7.17E-01 7.13E-01 7.14E-01 7.16E-01 7.15E-01 7.08E-01 7.23E-01
Case 3 (v=30,D = 60)
Std 9.58E-03 7.28E-03 9.16E-03 7.89E-03 1.06E—-02 1.41E-02 1.17E-02
Mean 8.04E-01 8.13E-01 8.16E-01 8.14E-01 8.17E-01 8.14E-01 8.19E-01
Case 4 (v =40,D = 80)
Std 8.24E-03 7.03E-03 7.42E-03 7.36E-03 6.21E-03 1.34E-02 1.09E-02
:“(" - ose e — — = — —
ﬁé F’r
g““r —aco § 05 —oco —oco —Go
© o5 ~—L-SHADE = |~ L-SHADE |~ L-SHADE ~ ~——L-SHADE
L-SHADE-EpSin o L-SHADE-EpSin L-SHADE-EpSin 074 L-SHADE-EpSin
05 —— UMOEAS-I ——UMOEAS I —— UMOEAS.I 0 ——UMOEAS-I
~——— EBOwithCMAR ———EBOwWithCMAR -~ EBOwithCMAR ~———EBOwithCMAR
052 ~——HS-ES o ——HS-ES ——HS-ES 072 ~———HS-ES
QAGO QAGO QAGO 071 QAGO
Case 1 Case 2 Case 3 Case 4

Fig. 12. Convergence curves of QAGO and competitive algorithms in different cases.

Case 2

Fig. 13. Optimal wireless sensor deployment in different cases.

1 and 2, while the proposed algorithm achieves the best deployment
coverage in cases 3 and 4. Therefore, the application of QAGO in WSN
deployment demonstrates that compared with the winners and GO, it
has competitive optimization ability and practical application value.
This further validates the effectiveness of QAGO in improving GO from
an alternative perspective.

7. Discussion

To clearly present the effectiveness and competitiveness of the
QAGO algorithm proposed in this paper, all the experimental results in
this work are summarized and discussed in this section. In comparison
results (Tables 3, 4, and 5) with the novel metaheuristic algorithms,
QAGO’s convergence accuracy results outperform the original standard
algorithms on most of the benchmark functions. In particular, this
advantage becomes increasingly evident as the problem dimension
increases. This also indirectly confirms the effectiveness of the strate-
gies of QAGO. According to the results of the convergence curves
(Fig. 4), compared with other algorithms, QAGO shows more potential
optimization ability, especially on F1, F3, F6, and F9. Its convergence
curves still show obvious continued convergence behavior in the late
iteration, which suggests that QAGO is able to alleviate the problems
caused by the local optimum and thus obtain more promising solutions.
The box plots (Fig. 7) show that the distribution of QAGO’s results is
more centralized. Its adaptive strategy can adjust its search according
to different problems, making its performance more stable and robust.
Statistical results (Tables 7 and 8) demonstrate that QAGO performs
well on benchmarks of different dimensions and has comprehensive and
effective problem optimization capabilities. Moreover, this capability of
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QAGO is better supported by the cumulative error results (Figs. 5 and
6) on a total of 90 problems and the comparison results (Tables 9 and
10) with 50 classical algorithms. In further experiments, QAGO obtains
expected numerical optimization results (Tables 11, 12, and 13) even
though the comparison involves six advanced self-adaptive algorithms
and five powerful winner algorithms. This proves the effectiveness
and competitiveness of its adaptive strategy compared to similar or
advanced strategies.

In the search behavior analysis results (Fig. 8), QAGO demonstrates
good convergence, swarm intelligence characteristics, avoidance of
falling into local optimal behavior, and the ability to balance ex-
ploration and exploitation. In the complexity analysis results, QAGO
keeps the computational complexity similar to GO while ensuring good
performance. Moreover, based on the results (Tables 15, 16, and 17) of
QAGO on two real-world application problems, it is shown that QAGO
not only solves these problems well but also provides evidence that
QAGO is more competitive than GO and winners in terms of Mean,
Std, PSNR, MSE, MAS, SSIM, and FSIM metrics.

Based on the above discussion, it is shown that under the experimen-
tal conditions controlled in this study, the proposed method demon-
strates more promising and competitive optimization capabilities than
the existing studies or other studies.

8. Conclusion

This paper proposes a quadruple parameter adaptation growth opti-
mizer (QAGO) with integrated distribution, confrontation, and balance
features. The goal is to address the issue of imbalanced searching
in engineering problems and benchmarks caused by the parameter
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sensitivity and operator limitations of GO. The quadruple parameter
adaptation mechanism includes parameter adaptation for tuning hy-
perparameters and triple-parameter self-adaptation for tuning operator
parameters. The former is used to overcome the limitations of fixed
hyperparameter settings in GO. The latter achieves a highly adaptive
algorithm search by utilizing one-dimensional mapping of vectors,
fitness difference, and Jensen—Shannon divergence methods to refine
the operators. Furthermore, the refined operator collects extensive
information relevant to the search space, enabling a more effective
evolution of the population.

In the numerical optimization experiments conducted using the
CEC 2017 and CEC 2022 boundary constraint test suites, QAGO was
evaluated against 10 newly developed metaheuristic algorithms, 50
classical algorithms, 6 advanced self-adaptive algorithms, and five win-
ners of the IEEE CEC competition. The results obtained were verified
by the Wilcoxon rank-sum, Friedman, and Kruskal-Wallis tests, which
showed that QAGO effectively solves the challenge of GO and provides
more promising solutions than other competing algorithms for most
problems. Furthermore, to showcase the practical application value of
QAGQO, it is applied to address multilevel threshold image segmentation
and wireless sensor network node deployment problems. In the exper-
iments conducted using various test cases, QAGO has demonstrated
its effectiveness and competitiveness in solving these problems when
compared to GO and the competition winners. This further validates
the effectiveness of the QAGO strategy from an alternative perspective.

However, note that QAGO may not always find the optimal solution
for optimization problems. Moreover, to achieve better performance,
the computational complexity of QAGO may be slightly higher com-
pared to GO. Further, QAGO typically requires a significant number of
function evaluations to perform the adaptive process. As a result, when
there are a limited number of function calls, the performance of QAGO
may deteriorate. In the future, research plans will focus on exploring
the performance of QAGO in high-dimensional spaces and extending
the universality of methods for QAGO.
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