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Abstract
Aquila Optimizer (AO) is a well-known nature-inspired optimization algorithm (NIOA) that was created in 2021 based on 
the prey grabbing behavior of Aquila. AO is a population-based NIOA that has demonstrated its effectiveness in the field of 
complex and nonlinear optimization in a short period of time. As a result, the purpose of this study is to provide an updated 
survey on the topic. This survey accurately reports on the designed enhanced AO variations and their applications. In order 
to properly assess AO, a rigorous comparison between AO and its peer NIOAs is conducted over mathematical benchmark 
functions. The experimental results show the AO provides competitive outcomes.

1  Introduction

Finding the finest values for a system’s particular parameters 
in order to satisfy the system design efficiently is known as 
an optimization procedure [1]. Practical applications and chal-
lenges in artificial intelligence (AI) are often discontinuous or 
unrestricted in nature, which is why these issues are seen as 
complicated and challenging engineering problems. Conven-
tional approaches to optimization, such as Newton’s method 
and gradient descent, suffer from rigid constraints on the state 
space and poor searching efficacy, which make them ineffective 
for addressing complex optimization issues [2]. Furthermore, 
they have a limited range of applications and mostly concentrate 

on tackling a few set problems. So, a key area of research right 
now is how to develop better optimization techniques.

Recent times, Nature-Inspired Optimization algorithms 
(NIOAs) [3–5] have become increasingly important in a vari-
ety of domains, including computational intelligence (CI), AI, 
machine learning (ML), and others. As a result, NIOAs are 
extensively used to solve issues in the real world, and have 
shown their effectiveness by offering positive solutions to these 
issues. Recent times, NIOAs have become increasingly impor-
tant in a variety of fields, including computational intelligence 
(CI), AI, machine learning (ML), and others. As a result, NIOAs 
are widely employed to address issues in the real world, and have 
shown their effectiveness by offering positive solutions to these 
issues. But there is no guarantee that the best options will be con-
sidered. The goal is to create an effective NIOA that is practical, 
works most of the time, and can generate high-caliber results. 
Some of the highest quality solutions are likely to be close to 
being optimal; however, there is again no assurance of this. Each 
NIOA has two phases, namely (i) exploration or global search 
or diversification, and (ii) exploitation or local search or inten-
sification [6]. The NIOA explores the search space regions dur-
ing the exploration. In exploitation, the optimization approach 
looks across the search space for the finest solution. To prevent 
being trapped at local optima, an effective NIOA must have bal-
anced exploration and exploitation. The No Free Lunch (NFL) 
theorem states that an algorithm’s performance on one problem 
category does not assurance its performance on other catego-
ries [7]. Hence, the efficacy and supremacy of one NIOA over 
others is problem dependent. Nonetheless, it is evident that the 
efficiency of any form of algorithm, including NIOA, is pro-
foundly impacted by the algorithm’s design viewpoint such as 
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optimal mixing of exploration and exploitation. Beside that cur-
rent research describes a large number of NIOAs that have been 
developed based on physical, social, and biological factors in 
addition to natural laws up to the year 2023 and they have their 
usefulness and also limitations.

An NIOA named Aquila Optimizer (AO) [1], which is 
modeled after the natural behaviors of Aquila when catching 
their prey, was proposed by Abualigah in 2021. Since the AO 
was first introduced, it has drawn a large number of academ-
ics to undertake in-depth investigation on it in a variety of 
areas, and in the last 2 years, many scholarly outcomes have 
been attained. Google Scholar data dated 03.04.2023 shows 
that AO has received 884 citations overall. With an empha-
sis on research from 2021 to the present, this article seeks 
to offer a comprehensive up-to-date assessment of AO, its 
variants, and applications in several domains.

To the best of the knowledge, no detailed review or sur-
vey paper on AO has been published to date, and this is the 
primary motivation for this effort. As a result, the purpose 
of this study is to assemble and analyze existing research on 
AO. This study is significant since it identifies, classifies, 
and examines the AO and its enhanced variations, which 
are employed to address various optimization issues. This 
research thoroughly examines the application of AO in many 
real-world scenarios and gives recommendations for addi-
tional research lastly.

The remaining sections of this research are laid out as fol-
lows. The research methodology and AO survey taxonomy 
are shown in Sect. 2. A basic mathematical explanation of 
AO, its complexity, and parameters are provided in Sect. 3. 
The improved AO versions are discussed and analyzed in 
Sect. 4. Section 5 discusses the AO’s applications. AO eval-
uation has been completed in Sect. 6. Section 7 serves as 
both the paper’s conclusion and a suggestion for potential 
future directions.

2 � Research Methodology and Survey 
Taxonomy

The research papers are collected using the standard search 
phrases such as metaheuristics, swarm intelligence, binary 
variants, multi-objective, optimization, etc. combined with 
Aquila Optimizer (also with the abbreviation AO) and 
Aquila optimization algorithm (also with the abbreviation 
AOA). The search phrases are used to perform a systematic 
search in the Google Scholar, IEEE Xplore, ScienceDirect, 
SpringerLink, ACM Digital Library, etc. There are 112 
papers are collected through this procedure after removing 
the duplicate papers. Figure 1 shows the selection process 
for research papers.

Finally, fresh taxonomies for the study are also recom-
mended based on the collected publications. Based on 
whether or not the papers are “improved,” “binary,” or 
“multi-objective,” papers are divided into various classes. 
The articles are then analyzed and summarized from the per-
spective of the application fields. Figure 2 shows the num-
ber of AO improved variations issued by various publishers 
according to the survey. It is clearly noticed that “MDPI” is 
the top most publisher for publishing the AO based articles. 
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After that “Elsevier”, “Springer”, and “IEEE” are also pub-
lished significant number of articles. Figure 3 shows the 
annual number of articles on AO that are published. Figure 3 
shows that AO has been successful in attracting researchers 
since it was founded in 2021. For that, a wonderful number 
of citations (884 on the date 03.04.2023) have been given.

3 � Overview of Aquila Optimizer (AO)

Aquila Optimizer (AO), a population based meta-heuristic, 
has been proposed by Abualigah et al. [1] in the year 2021. 
Aquila, the Latin name for the eagle (bird of prey) regarded 
as one of the smart and skilled hunters with strapping feet 
and hefty sharpen talons that employs its swiftness, agil-
ity to grab hold of its prey. There are four primary hunting 
strategies used by Aquila, including high soar with a verti-
cal stoop, contour flight with a short glide, low fly with a 
gradual descent, and walking and grabbing prey. Inspired by 
these four fundamental hunt mechanisms of Aquila, a nature 
inspired optimization algorithm is fabricated upon known as 
Aquila Optimizer (AO) that essentially elucidates the action 
of every stage of the hunt. The classical Aquila Optimizer 
(AO) principally focuses on five significant steps namely 
Initialization, Expanded Exploration, Narrowed Exploration, 
Expanded Exploitation and Narrowed Exploitation.

The steering of AO algorithm from exploration to exploi-
tation step typically transpires in view of one of the most 
prominent provisions of the algorithm, i.e., current itera-
tion ≤ (2∕3) maximum iteration. If the referred to condi-
tion is true exploration step will be keyed up else exploita-
tion step gets executed.

3.1 � Step 1: Initialization

In this first phase, the population of solutions has been gen-
erated at random and AO’s other parameters are initialized.

3.2 � Step 2: Expanded Exploration

Expanded Exploration basically bring to light the primary 
hunting technique practiced by Aquila that is the high soar 
with vertical stoop in which the algorithms aim to find out the 
search apace from the high ascend and the same is mathemati-
cally embodied using Eq. (1).

where, X1(t + 1) is the solution of the next iteration of t , and 
it is created by the first search technique X1 . Xbest(t) is the 
finest solution found so far. (1 − 1∕T) controls the explora-
tion. T and t represent maximum number of iteration and 
current iteration. XM (t) is the location mean value of current 
solution. rand value lies between 0 to 1.XM is calculated as 
follows:

Here Dim is the dimension and N is the population size.

3.3 � Step 3: Narrowed Exploration

In the third phase, i.e., Narrowed Exploration, the second 
hunting technique carried out by Aquila that is the contour 
flight with short glide is projected wherein Aquila arranges 
the land thereby circling around the target prey to attack. Such 
behavior of Aquila is precisely brought to light using Eq. (3).

X2(t + 1) denotes solution of the next iteration of t , Xbest(t) is 
the best solution, XR(t) represents random solution belonging 
to [1,N], rand denotes random number belonging to [0, 1], x 
and y presents the spiral shape in the search and is denoted 
using Eq. (4).

Further, in the same context, Lévy flight distribution func-
tion, Levy (D) used in Eq. (3) is highlighted in Eq. (5) and σ 
is calculated using Eq. (6) respectively.

(1)
X1(t + 1) = Xbest(t) ×

(
1 −

t

T

)
+
(
XM(t) − Xbest(t) ∗ rand

)

(2)XM(t) =
1

N

N∑

i=1

Xi(t),∀j = 1, 2,…Dim

(3)
X2(t + 1) = Xbest(t) × Levy(D) +

(
XR(t) + (y − x) ∗ rand

)

x = r × sin(θ)

(4)y = r × cos(θ)

(5)Levy(D) = s ×
u × �
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where, Levy (D) denotes Lévy flight distribution function 
at dimension space D, s is the constant value assigned as 
0.1, u, v are random number within [0,1], β is the constant 
value [0.5], σ represents one of the parameters in Lévy flight 
distribution function,

3.4 � Step 4: Expanded Exploitation

The fourth phase named as Expanded Exploitation, the 
idea that lies in third hunting mechanism is portrayed basi-
cally the low flight with a slow descent attack wherein 
Aquila gradually plunge in the targeted space and move 
closer to the prey to attack. This action of Aquila is thus 
revealed accurately using Eq. (7).

(6)� =
�(1 + �) × sine

(
�Π

2

)

�

(
1+�

2

)
× � × 2

(
�−1

2

)

where,T signifies the maximum number of iterations. UB and 
LB represents Upper and Lower Bound respectively, � and � 
denotes fixed exploitation adjustment parameters.

3.5 � Step 5: Narrowed Exploitation

Finally in the fifth and the final step, the idea is taken from 
last attacking method of Aquila widely known as walk 
and grab attack to frame the last step known as Narrowed 
Exploitation and the same is mathematically revealed using 
Eq. (8).

Additionally, function utilized to balance the search 
method known as QF(t) (Quality Function), various motions 

(7)
X3(t + 1) =

(

Xbest(t) × (XM(t)
)

× � −rand
+ ((UB − LB) × rand + LB) × �

(8)
X
4
(t + 1) = QF × Xbest(t) − (G

1
× X(t) × rand)

− (G
2
× Levy(D) + rand × G

1

Fig. 4   Flowchart depicting the 
mechanism of AO
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G1 and flight slope G2 are depicted using Eqs. (9, 10, and 11) 
respectively.

Based on the above discussion, the procedure of the AO 
is presented in Algorithm 1 and the flowchart of the AO has 
been delineated in Fig. 4.

Algorithm 1:  Algorithm of Aquila Optimizer.

(9)QF(t) = t
2×rand−1

(1−T)2

(10)G1 = 2 × rand − 1

(11)G2 = 2 ×
(
1 −

t

T

)

Step 1:   Population Initialization Phase
(1) Initialize population randomly and set other parameters.
(2) while (the termination criteria do not met) do

(3) Calculate the fitness of the solutions
(4) Find out Xbest as per fitness function
(5) for  = 1: do

(6) Update ( )

(7) Update parameters ( ), 1 and 2

(8) Update , as per Eq. (4)

(9) if  t ≤ (
2

3
) *T then

(10) if  ≤ .  then
Step 2:   X1 : Expanded Exploration 

(11) Update the present solution as per Eq. (1)

(12) if  ( 1( + 1)) <  ( ( )) then
(13) ( ) = ( 1( + 1))

(14) if  ( 1( + 1)) <  ( ( )) then
(15) ( ) = ( 1( + 1))

(16) end if

(17) end if
(18) else Step 3

Step 3:   X2 : Narrowed Exploration 

(19) Update the present solution as per Eq. (3)
(20) if  ( 2( + 1)) <  ( ( )) then
(21) ( ) = ( 2( + 1))

(22) if  ( 2( + 1)) <  ( ( )) then
(23) ( ) = ( 2( + 1))

(24) end if
(25) end if

(26) end if

(27) else

if  ≤ .  then
Step 4: X3 : Expanded Exploitation

(28) Update the present solution as per Eq. (7)

(29) if  ( 3( + 1)) <  ( ( )) then
(30) ( ) = ( 3( + 1))

(31) if  ( 3( + 1)) <  ( ( )) then
(32) ( ) = ( 3( + 1))

(33) end if

(34) end if

(35) else Step 5

Step5: X4 : Narrowed  Exploitation
(36) Update the present solution as per Eq. (8)

(37) if  ( 4( + 1)) <  ( ( )) then
(38) ( ) = ( 4( + 1))

(39) if  ( 4( + 1)) <  ( ( )) then
(40) ( ) = ( 4( + 1))

(41) end if

(42) end if

(43) end if
(44) end if

(45) end for

(46) end while

(47) Return
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3.6 � Computational Complexity

The measurement of computational complexity of the AO cru-
cially determined by some factors, namely size of the popula-
tion (n), initializing the individuals, computing the fitness, and 
upgrading the individuals, number of iterations (T), problem 
dimension (D). The complexity for initialize the population 
is O (n). We do not consider the fitness function’s complexity 
in this case because it depends on the problem. The complex-
ity of upgrading the individuals is O(T × n) + O(T × n × D) . 
Thus, the total time complexity of AO is O(n × (T × (D + 1))) . 
Determining the computational complexity of such stochas-
tic strategies, unfortunately, is a highly challenging process 
because NIOAs’ searching process is unique that fails to 
ensure the finding of the global optimum within a specified 
time frame. As a result, it has been noted in the literature that 
temporal complexity may evaluate NIOAs using theoretical 
CPU time [6].

3.7 � Parameter Sensitivity

The main two parameters of AO are α and δ on which the 
exploitation capability of the AO depends. In the classical AO, 
experiment has been conducted over mathematical benchmark 
functions to find the optimal values for α and δ. Experimental 
results show that AO produces best results in maximum times 
when α and δ are set to small value 0.1. Nonetheless, it is 

stated in [8] that AO has significant exploration ability but 
suffering from exploitation capability due to this fixed values 
initialization to α and δ. The exploration ability of the AO 
significantly depends on the parameters of Lévy distribution.

Furthermore, authors measured the influence of population 
size over AO’s performance. The size and the individuals of 
initial population have a significant influence over the perfor-
mance of AO. Literature has demonstrated that a constant pop-
ulation size for all issues across multiple dimensions cannot be 
scientific, it is known as the “curse of population size” [9, 10]. 
According to the literature, one type of adaptation mechanism 
to include well-balanced exploration and exploitation into any 
NIOA is to change the population size. In the source paper, 
authors tested several population sizes, i.e., 10, 20, 30, 40, and 
50 over mathematical benchmark functions and claims that AO 
is more robust and less overwhelmed by the population size, 
i.e., the change in the population size does not significantly 
affect optimal solution finding ability of the ability AO.

4 � Related Work on Classical AO and Its 
Improved Variants

Aquila Optimizer is a novel NIOA that is designed to resolve 
complex optimization problems. The algorithm aims to find 
the ideal solution to an optimization problem by mimick-
ing the hunting behavior of the Aquila bird. It has been 

Table 1   Classical AO and its improvement strategies

Sl. no Utilized Strategies References

1 Classical AO [11–59]
2 Hybridization (By integrating entire NIOA, NIOA’s operators) [91, 103–131]
3 Opposition based Learning (OBL) [61–70]
4 Chaotic Sequence [71, 72]
5 Levy flight-based strategy [73, 74]
6 Gauss map and crisscross operator [75]
7 Niche Thought with Dispersed Chaotic Swarm [76]
8 Random learning mechanism and Nelder-Mead simplex search [77]
9 Velocity-aided global search mechanism and adaptive OBL [78]
10 Chaotic sequence, Binary Tournament selection, Roulette wheel selection, Shuffle crossing over, and dis-

placement mutation-based population
[79]

11 Wavelet Mutation [80]
12 Probabilistic Perturbation strategy and Cauchy operator [81]
13 Normal distribution-based randomization and Weibull function [82]
14 Weighted adaptive searching technique [83]
15 Inertia Weight, Vertical and horizontal crossing strategy, and Cauchy Elite Mutation [84]
16 Wavelet Mutation operator, Elite opposition based learning and Exploitative manipulation equation [85]
17 Niche Thought [86]
18 Heterogeneous strategy [87]
19 Binary AO [88–90]
20 Multi-objective AO [81, 90–93]
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demonstrated that the AO is effective in handling a wide 
variety of optimization issues, including unconstrained and 
constrained issues, single-objective and multi-objective 
issues, continuous and discrete issues. Due to its extreme 
supremacy and efficacy the classical Aquila Optimizer has 
been utilized in various fields of study, including engineer-
ing, finance, image and signal processing, machine learn-
ing, renewable energy, and transportation. A brief review 
on classical AO is shown in Sect. 4.1. Despite its promising 
results in resolving various optimization problems, AO has 
some limitations. One of the main limitations is premature 
convergence, which happens when the algorithm becomes 
stuck in a local optimum and fails to explore the search 
space effectively. This can lead to suboptimal solutions and 
limit the algorithm’s capability to find the global optimum. 
Another limitation is slow convergence, especially for high-
dimensional and complex optimization problems. AO could 
require more time to converge than other optimization algo-
rithms to get the optimal situation. Additionally, the scalabil-
ity of AO is limited, and it may struggle to solve large-scale 
optimization problems with a high number of variables and 
constraints. To address these limitations, researchers have 
proposed various improved variants of the AO over several 
optimization fields. These improvements include hybridizing 
the algorithm with other optimization techniques, introduc-
ing new movement strategies, and modifying the parameters 
of the algorithm. The improved variants of AO are more 
capable of dealing with a extensive range of complex real-
world optimization problems than traditional AO. The clas-
sical AO and its improvement methodologies are specified 
in Table 1. Research articles based on the methodologies are 
deliberated as follows.

4.1 � Classical AO

Gul et al. [11] suggested an AO algorithm-based approach, 
specifically designed for multi-robot space exploration. The 
suggested method utilized a novel parallel communication 
protocol, that facilitates the exploration of space by multiple 
robots while reducing the computational burden on the sys-
tem. CME, a deterministic method, was first used to calcu-
late the cost and usefulness of neighboring cells to the robot. 
The AO method was then applied to improve the precision 
of the final solution. The result of this study showed that in 
comparison with CME, the proposed CME-AO improved 
map exploration in a significantly shorter amount of time 
with nearly no fail runs.

For early heart disease prediction, Barfungpa et al. [12] 
developed an intelligent system using hybrid deep dense 
Aquila network. The primary goal of the suggested archi-
tecture is to offer a deep learning (DL) model that is coupled 
with cutting-edge data mining techniques for formulating 

sensible decisions and precise disease prediction. The 
weight of the disease classification model was updated using 
the AO method. The efficacy of the suggested method is 
assessed against recently released algorithms. The suggested 
method has the highest accuracy of all existing methods, up 
to 99.57%.

An AO-based cooperative path planning method for 
numerous UAVs was presented by Huang et al. [13] to fulfil 
the autonomy needs of the Close Air Support (CAS) mis-
sion. The cooperative route planning problem is transmuted 
into an optimization problem that can be utilized to solve 
the multi-UAV trajectory using the properties of multiple 
iterative AO approaches. produced UAV trajectory avoids 
opponent and terrain risks, keeps team members at a safe 
area from one another, and is crash-proof, all while meeting 
the stringent stability, security, and environmental versatility 
standards for UAVs used in CAS missions.

Hemavathi et  al. [14] present a new framework for 
improving QoS in WSN-IoT networks. The AO algorithm 
was used to pick a cluster head that works well and is reli-
able. It does this by considering things like the level of the 
node, its distance from the sink node, its energy level, and 
so on. By making the QoS-aware relay node the cluster head, 
the AO algorithm makes the WSN network last longer. Vari-
ous metrics were used in the simulations and the outcome of 
this study demonstrated that the proposed method improve 
the QoS of the WSN-IoT networks comparison to the state-
of-the-art methods.

In WSN anchor nodes play a vital role because it helps to 
determine optimum positioning of other nodes. To achieve 
suitable coordinate points of the nodes in the network Agar-
wal et al. [15] suggested a novel IAOAB-NLS algorithm 
for node localization (NL) in WSN. The suggested model 
is motivated by Aquila’s behavior and has the capacity to 
achieve accurate coordinate points for the network’s nodes. 
The findings of this research showed that the suggested tech-
nique outperformed the other examined algorithms.

Aribowo et al. [16] employed the AO algorithm to find 
the proportional integral derivative (PID) controller’s param-
eters in order to manage a dc motor’s speed. The suggested 
technique enhanced the PID’s undershoot by 0.5% while 
averaging a 0.023% reduction in PID overshoot. The find-
ings of this research indicate that the AO method for the DC 
motor speed regulation system produced more effectiveness 
in comparison to the SOA, MPA, GPC, and ChOA method 
respectively.

For the Intrusion detection systems (IDS) system, 
Fatani et  al. [17] created novel feature extraction and 
selection techniques by utilising the benefits of the AO 
algorithms. An ideal feature subset that accurately reflects 
the properties of the datasets is chosen using the AO tech-
nique. Four well-known public datasets, were utilized to 
evaluate the effectiveness of the developed IDS technique. 
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Using a variety of evaluation metrics, including precision, 
recall, and F1-Measure, the research findings demonstrated 
that the suggested method outperforms GWO, FFA, MVO, 
WOA, BAT, TSO, and MFO.

In their study, Mehmood et al. [18] employed the AO 
technique to estimate the control autoregressive (CAR) 
model’s parameters. To boost the AO’s efficiency, raising 
the population and the number of generations is done at 
the expense of the computation complexity. While β = 0.1 
and μ = 0.1 exploitation customizable parameters result 
in the best fitness for many generations and populations. 
Changing the level of noise reduces the AO’s resilience 
and precision. In terms of performance metrics, the result 
of this study demonstrated that the presented technique 
performed well when compared to AOA, SCA, and RSA 
algorithms.

Hussain et  al. [19] proposed a redesigned H-bridge 
inverter with seven levels, fewer components, and less over-
all harmonic distortion. Two DC sources and six IGBTs were 
utilized to provide a 7th level output voltage, and the AO 
was utilized to manage the output voltage with a functional-
ity to remove the fifth and seventh harmonics. The research 
finding demonstrated that the AO provides superior results 
for a variety of modulation indices compared to a number 
of famous metaheuristic algorithms such as GA and DE.

Xing et al. [20] introduced a novel wind speed predic-
tion system that integrates data pre-processing, benchmark 
model selection, an AO algorithm for point and interval fore-
cast. This research shows that the weights assigned by this 
optimizer are Pareto optimum solutions. The outcomes of 
the study showed that the designed technique accomplished 
greater accuracy than the tested techniques in every case for 
point forecasting, and achieved high coverage and low width 
error in a forecasting interval, which is a vital directive for 
ensuring the safety and consistency of the power system.

To identify the optimal deep learning method for HSI 
image classification, Reddy et al. [21] developed a com-
pressed synergic DCNN-AO (CSDCNN-AO) model by uti-
lizing AO algorithm. This combo will decrease the wavelet 
feature’s learning complexity and the AO’s loss function. 
AO strategy can reduce the supreme amount of data charac-
teristics without altering the data’s characteristic state, while 
consuming less processing time as well as memory. The out-
come of this study showed that the CSDCNN-AO technique 
produce finest result than the ALO, WOA, PSO, and GWO 
and has the greatest accuracy across the four datasets.

A novel TAAO-SDTIM model was presented by Abualki-
shik et al. [22] to achieve the highest levels of security and 
information supervision in WSN. The presented technique 
selects the best possible set of routes to base station using a 
fitness function with RE, DBS, and TL parameters. In order 
to choose highly secure nodes for the data transmission pro-
cess, the trust level of the nodes is included in the route 

selection procedure. The experimental outcome of this work 
showed that, in comparison to the CHICD, FABC, and ABC 
models, the proposed technique achieved maximum PDR 
of 95.80%.

For the evaluation of wind energy potential using Weibull 
parameter estimation, El-Ela et al. [23] employed the AO 
algorithm. The AO achieved the lowest standard deviation 
and error, making it the most reliable technique. Subse-
quently it delivers optimum solution through the calculation 
of the first and second site parameters, respectively, the AO 
method exhibits the fastest convergence when compared to 
the others. The unique meta-heuristic AO approach performs 
best at obtaining the highest R2, lowest RMSE, and lowest 
MAE values for adjusting Weibull parameters. The experi-
mental findings showed that AO performs more accurately 
and consistently when calculating wind energy and Weibull 
parameters.

A high-speed electric spindle thermal error modelling 
based on AO and least squares SVM (LSSVM) was pro-
posed by Li et al. [24]. The proposed approach resolves the 
issue of prediction error brought on by essential LSSVM 
model parameters that were provided subjectively. The aver-
age goodness of fit rises by 0.157, the average absolute error 
decreases by 2.1985 and the average root mean square error 
rises by 2.7025 as a result, improving accuracy rate by 7.25 
percent on average. This boosts the LSSVM model’s reli-
ability and accuracy rate. The AO-LSSVM model is there-
fore better suited for predicting thermal errors in high-speed 
motorized spindles compared to PSO-LSSVM.

Rajinikanth et al. [25] proposed a study that intends to 
enforce a joint thresholding and segmentation model to 
effectively extricate the Gastric-Polyp (GP). They utilized 
AO algorithm that reinforced tri-level thresholding with 
entropy and a between-class-variance method for enhancing 
the GP region. The experimental evaluation was conducted 
utilizing four benchmark EI datasets, and the similarity met-
rics, including accuracy, precision, sensitivity, Jaccard, Dice, 
and specificity, were calculated to validate the medical rele-
vance. The results showed that employing the AO algorithm 
greatly improved segmentation performance and archived 
greater similarity metrics than the other tested algorithms.

To increase the energy balance in clusters between sen-
sor nodes during network communications and to decrease 
power consumption, Taha et al. [26] offer a novel enhance-
ment technique based on AO. The AO was utilized to iden-
tify the best cluster heads and make sure the network is clus-
tering effectively and steadily, which reduces energy use and 
lengthens the lifespan of the network. AO implementation 
was two-phased. The AO simulation code was conducted 
using an ideal sensor distribution to select clustering heads 
in the first phase. In the second phase, the AO was utilized 
to enhance method efficiency and network lifespan with low 
energy consumption. The suggested AO was contrasted with 
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HHO, LEACH, COY, and GA in order to assess its perfor-
mance. The results of the experiment showed that the sug-
gested AO outperforms other methods.

Aarthi et al. [27] employed AO, which enhances sham-
ing classification depending on category. This was done in 
order to enhance the precision of classification. The experi-
mental study was conducted by establishing a number of 
effectiveness measurements and thereafter contrasting those 
indicators to comparable works that are already in existence. 
The results of the performance evaluation indicated that the 
proposed procedure was far more advantageous than any of 
the alternatives considered.

In order to track a battery’s global maximum power point 
(GMPPT) under partial shade conditions, Karmouni et al. 
[28] developed a new MPPT algorithm based on AO that is 
specific to photovoltaic (PV) energy storage conversion sys-
tems. In order to evaluate the effectiveness of the presented 
MPPT control, numerous experimentations were carried out. 
The findings of the study demonstrated that the suggested 
AO had the maximum accuracy, speed, and stability under 
PSC conditions.

To achieve a more uniform distribution of cluster heads, 
Hosseinzadeh et al. [29] presented a clustering method uti-
lizing swarm intelligence. The HAOFA technique is pre-
sented here for IoT clustering and routing operations by the 
combination of AO and FA. The AO algorithm is used in 
the disclosed technique to select and cluster CH nodes. FA 
then chooses the best possible route. The efficiency of this 
clustering and routing approach was assessed using the num-
ber of hops, remaining energy, mean distances, and node 
balance. This study’s experimental results revealed that 
the proposed technique improved system energy usage and 
packet delivery ratio.

Jnr et al. [30] proposed a new hybrid method for predict-
ing wind speed. The hybrid model was created by combining 
DWT, PSR, AO, and BPNN. The initial decon of the actual 
wind speed time series data was performed using the DWT. 
After that, PSR was used to retrieve the input–output vec-
tors for the BPNN from the decomposed time series data. 
Finally, AO was utilized to fine-tune the implemented BPNN 
in order to estimate the wind speed. The research findings 
showed that the suggested method outperformed four other 
researched hybrid models in terms of various statistical 
parameters, including MAE, RMSE, MAE, and ELG.

An all-electric car with a hybrid energy system is pre-
sented by Narasimhulu et al. [31]. Topologies for combin-
ing the energy sources (solar panel, battery, and UC) are 
analyzed alongside the control method. The suggested com-
bined ANN-AOA technique minimizes high-speed dynamic 
battery charging and discharging currents while maximiz-
ing UC and minimizing the battery discharge current. In 
comparison to existing Modified Harmony Search and PID 

based on a GA, the proposed method obtains a greater speed 
of 91 km/h.

Li et al. [32] developed a method for performing fea-
ture selection (FS) from the CT image feature sets utilized 
for COVID-19 identification in order to increase detection 
accuracy and speed. AO, a population-based intelligent opti-
mization technique, was employed FS in this study. This 
FS approach converts continuous values to binary using an 
S-shaped transfer function. When the modified solution per-
forms poorly, a different mutation technique is suggested 
to improve convergence. When applied to the two publicly 
available datasets, the presented technique accomplished a 
prediction accuracy of 99.67 and 99.28%, respectively.

To avoid the difficulties associated with the calibration 
and solution processes of a nonlinear underwater structured 
light vision model, Wang et al. [33] devised a novel checker-
board usage calibration approach based on AO. The process 
of finding a calibration solution is viewed as a nonlinear 
optimization problem, with the distance among the feature 
points interconnected by the checkerboard and the laser 
serving as the optimization objective. Finally, the proposed 
method’s efficiency is confirmed through experimental cali-
bration and measurements.

To reduce the amount of time needed to categories an 
ideal output, Vinayaki et al. [34] presented a four-stage 
method including pre-processing, segmentation, feature 
extraction, and classification. In this study, retinal images 
were classified using AO powered by a deep neural net-
work. Furthermore, 516 image sets from the publicly avail-
able IDRiD dataset are used in this research to evaluate the 
efficacy of the suggested method. The experimental results 
showed that the proposed method has a high efficiency rate 
in compared to other tested methods.

Chen et al. [35] suggested two prediction models based 
on an AO algorithm and a back-propagation neural network 
model for estimating the equilibrium moisture level and pre-
cise gravity of thermally modified wood. The efficacy and 
accuracy of the suggested model were proved by comparison 
with two other models, as well as an ANN. According to 
the findings, the root mean square error value was cut by 
87 and 97%, respectively, when the original back-propaga-
tion model was compared to the AO algorithm. R2 values 
of 0.99 and 0.98 were obtained while attempting to deter-
mine the equilibrium moisture content and specific gravity, 
respectively.

A new AOTL-CDA3S method was developed by 
Duhayyim et al. [36] for environmentally friendly smart 
cities. The purpose of the described AOTL-CDA3S 
method was to categorize the various population densities 
existing in the smart cities’ environment. The WAF method 
was initially employed in the AOTL-CDA3S approach to 
enhance the superiority of the input frames. After that, the 
AO was used in conjunction with the SqueezeNet model in 
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the AOTL-CDA3S model to extract features. Finally, the 
XGBoost classification model is employed to categorize 
crowd densities. The efficiency of the presented method 
was assessed using a variety of metrics by testing it on 
benchmark crowd datasets. The findings of this research 
showed that presented method perform well compared to 
other examined methods.

Obayya et  al. [37] presented a BUI-based AOBNN-
BDNN approach for breast cancer detection and classifica-
tion. WF-based noise removal and U-Net model are utilized 
in the pre-processing phases for BUI breast cancer detection 
and classification. SqueezeNet also generates feature vec-
tors from pre-processed images. Next, BNN classifies input 
images. Finally, the AO approach fine-tunes BNN algorithm 
parameters to increase classification efficiency. The efficacy 
of the presented technique was assessed using the bench-
mark dataset and the findings of this research showed that 
the proposed approach outperformed recent methods with 
99.72% accuracy.

To significantly guarantee a high-quality connection grid 
of a PV system, Guo et al. [38] suggested a unique PID 
parameter tuning technique of PLL with AO. The AO was 
utilized to decrease power fluctuations and enhance grid 
connection quality. The rapid and precise phase recogni-
tion and lock provided by a PLL regulation strategy helps 
to reduce power fluctuations and overshoot with minimal 
complexity and effort. The experimental findings demon-
strated that the PV connected grid system achieved desirable 
outcomes using the PLL regulation approach based on the 
AO algorithm.

Aribowo et al. [39] developed a droop controlling mecha-
nism based on the AO algorithm to preserve system effi-
ciency and minimize overloads. The effectiveness of AO 
was evaluated by contrasting its transitory reaction to that of 
traditional approaches and PSO. The experimental outcomes 
showed that the AO approach performed well. The AO was 
able to shorten the settling time by 0.7% comparison to the 
traditional approach, and its final power is 0.798% greater 
than that of the traditional method.

A computer vision technique was presented by Nguyen 
et  al. [40] to classify the severity of concrete spalls. 
Images are sorted into classes using a combination of 
DCNN and the extreme gradient boosting machine. In 
addition, the AO algorithm improves XGBoost’s ability 
to make accurate predictions. The ARCS-LBP was used 
for feature extraction. Results of the experiment with a 
dataset of real-world concrete surface images and twenty 
independent model evaluations showed that the AO opti-
mized XGBoost applied with ARCS-LBP has a classifica-
tion accuracy rate of 99%.

Grace et al. [41] employed AO algorithm and hybrid 
LSTM-SVM model to predict android malware. AO used as 
a fitness evaluation based on the mean square error from the 

cross-validation procedure to choose the most appropriate 
features during the feature extraction phase. The retrieved 
features are fed into a LSTM-SVM model for classification. 
The efficiency of the suggested algorithm was tested using 
a various metrics, including Accuracy, Precision, Specific-
ity, F1 score, and Recall. The results demonstrated that the 
presented model achieved greater performance metrics in 
comparison to the state-of-the-art technique.

Gul et al. [42] proposed a hybrid architecture for multi-
robot space exploration by integrating the CME algorithm 
with the AO method. The architecture begins with a deter-
ministic CME calculation of the cost and utility of the 
robot’s adjacent cells. The AO method is then applied to 
improve the precision of the final solution. Many experi-
ments were conducted under various scenarios to verify the 
efficacy of the suggested approach. The presented technique 
contrasted with traditional CME and CME-WO. The study’s 
findings demonstrated that the proposed technique enhanced 
map exploration in noisy situations while drastically reduc-
ing execution time and computing complexity with almost 
no failed runs.

To speed up HSI classification, Reddy et al. [21] proposed 
CSDCNN-AO model. Both the wavelet concept’s learning 
curve and the AO’s loss function will be smoothed out by 
this combination. AO algorithms reduce the size of data 
sets while preserving their essential structure, while requir-
ing less processing power and storage space. The presented 
method accomplished the maximum classification accuracy 
when comparison with other models. The experimental find-
ings showed that the CSDCNN-AO model is the most accu-
rate of the four used datasets. Nevertheless, the presented 
model does not perform good enough with certain samples.

Guan et al. [43] suggested an improved LOS guiding 
algorithm that is based on time-varying virtual guidance 
distance and AO. In order to finalize the solution of the con-
trol quantity, the AO was employed. The proposed method 
achieved superior performance when constructing the path 
following supervisor of a motorized buoy, through compari-
son simulation to solve the guidance angle.

An enhanced DV-Hop method based on hop distance cor-
rection and AO algorithm was presented by Yang et al. [44]. 
To increase the typical hop distance while decreasing the 
range error, a weighted correction factor was implemented. 
The AO algorithm was employed instead of the least-squares 
technique to determine the coordinates of the unidentified 
nodes. The experimental outcomes demonstrated that the 
positioning accuracy was increased by 42.6% using the 
proposed method as opposed to the conventional DV-Hop 
algorithm.

Yousif et al. [45] suggested a generic optimization and 
learning approach for Parkinson disease (PD) using speech 
and handwritten data. Eight CNNs were pre-trained on the 
NewHandPD dataset using transfer learning optimized by an 
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AO algorithm in order to detect PD from handwriting sam-
ples. Basically, AO was used to optimize the hyperparam-
eters of various CNN models to find the optimal structure. 
The result of this study showed that optimization of hyper-
parameters using AO algorithm greatly improved the CNN 
model’s performance and the best reported performance was 
99.75% by VGG19 model.

A framework for estimating wind speeds was proposed by 
Khamees et al. [46], using probability distribution functions 
(PDFs) and the AO algorithm. The AO was used to calculate 
approximations for the parameters of the proposed original 
and mixed PDFs. The result of this study demonstrated that 
the mixture distributions in conjunction with the AO were 
more successful in simulating the frequency distribution of 
wind speeds than the original distribution.

Shankar et al. [47] developed an automatic fruit classifi-
cation model using hyperparameter optimized deep transfer 
learning. Image quality is improved using a pre-processing 
step called contrast enhancement. The detection and clas-
sification of fruits was accomplished with the aid of a RNN 
model. The AO was utilized to enhance the RNN model’s 
hyperparameters and boost classification accuracy. The 
effectiveness of the suggested model was tested on a bench-
mark dataset, and the findings indicated excellent results 
compared to the state-of-the-art methods.

An integrated prediction technique was developed by 
Li et  al. [48] that combines the ELM network, the AO 
approach, and the EN regression technique with the goal of 
investigating the routes leading to net-zero CO2 emissions. 
The AO technique was used to improve the efficacy of ELM. 
The result of this study clearly revealed that incorporating of 
these techniques improve the performance of the proposed 
method.

Li et al. [49] presented a hybrid estimate framework that 
incorporates the IF algorithm, the SWT technique, AO algo-
rithm, and the LSTM. Initially, anomalous data was identi-
fied using the Isolated Forest algorithm. The original power 
signal from the new wind turbine was then de-noised using 
the SWT technique. Using the extended short-term memory 
network algorithm, the wind power prediction framework 
was constructed. The AO algorithm was utilized to opti-
mize the LSTM parameters in order to eliminate the impact 
of random parameters on prediction accuracy. The results 
demonstrated that the presented model accurately predicts 
the power output of new wind turbines.

An adaptive NFIS (ANFIS) hybridization with an AO 
algorithm was presented by Jamei et al. [50]. The BRF 
feature selection approach was created to estimate the 
salinity of multi-aquifers in Bangladesh’s seaside regions. 
The experimental findings demonstrated that compared to 
ANFIS-SMA and ANFIS-ACO, the proposed ANFIS-AO 
approach performed better in terms of the correlation coef-
ficient (R), RMSE, and the KGE.

A unique mechanism based on the AO algorithm was 
suggested by Samal et al. [51] to optimally integrate distrib-
uted generations into the distribution system. This research 
was conducted with the goal of decreasing active power loss 
while maintaining bus voltage limitations, branch current 
restrictions, and active power injection from distributed 
generations. Total active power loss in connection to AO 
algorithm parameters was also evaluated. The findings of 
this study demonstrated that the proposed approach results 
in less total active power loss than the other approaches.

The new routing method proposed by Sing et al. [52] uses 
the whale-based tunicate swarm algorithm (WTSA) for CH 
selection and the AO algorithm for inter-CH routing. Effec-
tive CHs in the WSN network were identified using WTSA, 
and the remaining nodes joined these CHs based on the cost 
function value. Inter-cluster routing between far-flung CHs 
was accomplished with the help of AO algorithm. AO was 
utilized to grow efficient connections between CHs and 
eliminate inefficient connections using a fitness function. 
The efficiency of the suggested technique was contrasted 
with BOA, PSO- WTSA, GSA, BERA, and LEACH in terms 
of delay, throughput, and average energy consumption. The 
result showed that, in comparison to WTSA, the suggested 
method significantly enhanced the performance of WSN by 
decreasing average energy consumption by 8.3%.

Venkateswarlu et al. [53] proposed an Aquila feedback 
artificial tree (AFAT) based deep residual network (DRN) 
for the identification of fake news and its impact. AFAT was 
used to fine-tune the DRN’s weights to their optimal settings 
and helps to determine how many people shared the fake 
news. The proposed method performed well in comparisin 
to other tested techniques in terms of accuracy, sensitivity, 
and specificity.

For oil production prediction, AlRassas et al. [54] sug-
gested an improved ANFIS built with the help of the AO. 
The prediction accuracy of ANFIS was greatly improved 
by employing the AO to optimize its parameters. Five dif-
ferent algorithms (GWO, PSO, SSA, SCA, and SMA) were 
tested and compared to the proposed AO-ANFIS algorithm. 
Significant results were obtained by AO-ANFIS, which out-
performed the other examined algorithms in terms of RMSE, 
MAE, and R2.

An architecture for classifying COVID-19 images using 
a combination of DL and swarm-based techniques was 
proposed by Elaziz et al. [55]. As a deep learning model, 
the MobileNetV3 was utilized to train and extract useful 
image representations. To enhance classification accuracy 
while decreasing the number of dimensions necessary to 
represent images, an AO technique was employed as a fea-
ture selector. Experimental results demonstrated that the 
suggested approach performs well during feature selection 
and extraction, with respect to both dimensionality reduc-
tion and classification accuracy. The AO feature selection 
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method obtains greater accuracy than competing methods 
based on performance metrics.

Vashishtha et al. [56] presented a technique to identify 
bearing flaws in a Francis turbine using a sound signal 
and a minimal entropy deconvolution (MED) filter. The 
AO algorithm, which takes the autocorrelation energy as 
a fitness function, has adaptively chosen the ideal filter 
length. Francis turbines with faulty bearings were used in 
experiments, and the suggested fault identification tech-
nique was compared to existing MED models. The findings 
of this research demonstrated that the presented technique 
accomplished well for detecting the faulty signal in the 
presence of significant noise.

For the purpose of automating the recognition of 
printed and handwritten Telegu characters inside a sin-
gle image, Sonthi et al. [57] suggested an AO based deep 
learning model. To prepare the images for analysis, an 
adaptive fuzzy filtering method was used and the character 
segmentation techniques to isolate useful areas. Moreo-
ver, feature extraction was achieved by the combination 
of the EfficientNet and CapsuleNet models. Finally, the 
AO algorithm equipped with a bidirectional LSTM model 
was implemented for recognition procedure. The per-
formance of the presented technique was assessed using 
Telugu character dataset and the results demonstrated that 
it gives superior performance compare to the other state-
of-the-art methods.

In order to maximizing scheduled electricity from wind 
farms while minimizing total operational expenses, Kha-
mees et al. [58] introduced a stochastic optimum power 
flow (SCOPF) technique. Since the SCOPF problem is sig-
nificantly nonconvex and nonlinear, the AO algorithm was 
employed to solve it. The suggested method’s efficacy was 
evaluated using standard IEEE-30, 57, and 118 bus systems. 
The findings of this research showed that, comparison to the 
other algorithms, the AO method produced in the cheapest 
cost of fuel.

Ma et al. [59] suggested an integrated approach to fault 
detection that makes use of adaptive chirp mode decomposi-
tion, gini index fusion, and a LSTM neural network optimized 
with the AO algorithm. The AO method guarantees the accu-
racy and precision of the model, can improved monitor the 
operating state of rolling bearing, and circumvents the time-
consuming and parameter-uncertainty of human parameter 
modification in optimizing the parameters of LSTM. The study 
findings demonstrated that the suggested model outperformed 
the state-of-the-art intelligent diagnosis models for bearing 
compound faults in terms of accuracy and resilience.

4.2 � Hybridization Based AO Variants

Hybridization is one of the most prominent and efficient 
methods to boost NIOA performance. Hybridization allows 

algorithms to include domain-specific information, which 
improves the exploration–exploitation tradeoff. It also 
increases the efficiency and speed of the optimizer, allowing it 
to handle larger datasets and more complex optimization prob-
lems. Based on the literature review hybrid AO variants can 
be classified into two categories based on the implementation 
method. The two classes are (i) Hybridization based on the 
entire NIOA, (ii) Hybridization based on the NIOA’s operator.

In the hybridization based on the entire NIOA, the two 
NIOAs under consideration function independently. Neverthe-
less, they share information amongst their populations during 
the optimization procedure. It is the simplest form of hybridi-
zation that utilizes multiple NIOAs to determine the optimal 
solution. The main benefit of entire NIOA based hybridization 
is that it can allow for the strengths of different algorithms to 
be combined, resulting in improved performance and increased 
robustness. For example, one algorithm may be particularly 
effective at exploring the search space and another algorithm 
may be particularly effective at exploiting promising solutions. 
By combining these two algorithms, the hybrid algorithm can 
benefit from the strengths of both approaches.

To establish a deep fusion among NIOAs and to expand the 
searching capacity, NIOAs use an operator-based hybridization 

Table 2   Synopsis of the hybridized AO variants

Sl. No Considered NIOA or NIOA’s operators References

1 Spider Monkey Optimization [103]
2 Sine–Cosine Algorithm [104]
3 Particle Swarm Optimization [105, 110]
4 Elephant Herding Optimization [91]
5 Arithmetic Optimization Algorithm [106, 107]
6 Whale Optimization Algorithm [108, 124]
7 Grey Wolf Optimizer [109]
8 Differential Evolution [111]
9 Salp Swarm Algorithm [112, 118]
10 Tangent Search Algorithm [113]
11 Tabu Search Algorithm [114]
12 Mayfly Optimization Algorithm [115]
13 Seagull Optimization Algorithm [116]
14 African Vulture Optimization [117]
15 Artificial Rabbits Optimization [119]
16 Simulated Annealing [120]
17 Artificial Hummingbird Algorithm [121]
18 Harris Hawk Optimization [122, 129]
19 Coyote Optimization [123]
20 Spotted Hyena Optimizer [125]
21 Genetic Algorithm [126]
22 Slime Mould algorithm [127]
23 Eagle Optimization Algorithm [128]
24 Grasshopper Optimization Algorithm [130]
25 Hunger Games Search [131]
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in which operators from one NIOA are integrated into another. 
Overall, NIOA’s operator-based hybridization can be a power-
ful tool for improving the performance of NIOAs by enhancing 
their ability to optimize complex systems and solve challeng-
ing problems. A brief overview of the hybridized variant of 
AO is presented in Table 2.

4.3 � Opposition Based Learning (OBL)

OBL is utilised to accelerate the convergence of metaheuris-
tic algorithms. The theoretical underpinnings of OBL [60] 
were first presented in 2005, and it assess the current guess 
(estimate) and its opposite equal simultaneously to produce 
an effective solution. When a method’s primary goal is to find 
the best solution to an objective function, considering a guess 
and its opposite simultaneously will improve the algorithm’s 
performance. In traditional OBL, the opposite solution of 
X ∈ [l, u] , i.e., X is computed as follows.

Researchers applied OBL and its variations to AO and 
observed that it was a decent method for increasing effi-
ciency. For the improvement of the AO, classical OBL [61, 
62], quasi based OBL [63, 64], random OBL [65, 66] had 
been successfully applied. In an IoD environment, Perumalla 
et al. [61] presented an oppositional AO-based feature selec-
tion with ML enabled intrusion detection system (OAOFS-
MLIDS) model. With the use of intrusion detection, the 
suggested model can ensure safe access to the system. The 
suggested model uses min–max normalization as a prelimi-
nary pre-processing step for the networking data to reach 
this goal. The findings of this study demonstrated that the 
suggested model outperformed other models in the evalu-
ation using the benchmark dataset. An enhanced ANFIS 
model was suggested by Al-qaness et al. [62], using AO 
and OBL methods to predict production of oil. The pro-
posed model’s fundamental concept is to improve the AO’s 
search process and use the AOOBL to elevate the ANFIS’s 
functionality. Many performance criteria, such as RMSE, 
MAE, R2, Std, and computing time, were utilized to assess 
the presented model against real-world oil production data-
sets compiled from several oilfields. The experimental result 
showed that proposed AOOBL method gives better result for 
ANFIS model compared to PSO, GWO, SCA, SMA, and 
GA. Hou et al. [67] suggested a hybrid AO (HAO) method 
that takes advantage of both OBL and altruism in order to 
find the best possible settings for a monopole antenna. By 
using OBL technique, HAO increases algorithm population 
diversity, accelerates algorithm convergence, and incorpo-
rates altruism to boost the algorithm’s potential to escape 
the local optimum. The HAO’s performance was measured 
against that of the unimodal benchmark and the Multimodal 

(12)X = l + u − X

benchmark; the results showed that the HAO performed bet-
ter than other tested algorithms. Kandan et al. [63] suggested 
a quasi-oppositional AO (QOAO)-based technique to job 
scheduling in an IoT-enabled cloud environment. To boost 
the functionality of the conventional AO, the QOAO was 
developed. The proposed method minimizes the makespan 
while considering the interdependencies between the various 
tasks and outperformed the other algorithms in terms of flow 
time, span, throughput, lateness, and utilization ratio. Ma 
et al. [64] presented an improved AO by merging a quasi-
OBL technique with a wavelet mutation approach. The 
quasi-OBL increases diversity in the population and pro-
motes the efficacy of the solution, while the wavelet muta-
tion method improved the algorithm’s computation accuracy 
and its capacity to escape the local optimum. The suggested 
IAO method was evaluated on the CEC2017 test functions 
and found to have quick convergence rate and greater con-
vergence accuracy compared to existing algorithms. For 
effective text-based information retrieval, Kumar et al. [65] 
suggested an effective AO algorithm based on COOT search 
and random OBL model. Because of its superior efficiency 
in exploitation search, the COOT algorithm was used. At 
the exploitation phase, used of a random OBL method 
improved the algorithm’s capacity to escape from local 
optimums. When compared to existing algorithms, the sug-
gested approach does well on performance metrics such as 
recall, precision, MRR, MAP, F-measure, and NDCG. Gao 
et al. [66] suggested an improved AO (IAO) that enhanced 
the performance of classical AO algorithm in three stages. 
At first, search control factor (SCF) was incorporate a to 
enhance the optimization process; the SCF’s absolute value 
decreases with each iteration, which helps the AO’s hunting 
methods. Second, to improve the algorithm’s exploitability, 
the random ROBL technique is incorporated. At last, the 
Gaussian mutation (GM) technique is used to fine-tune the 
exploration phase. The proposed IAO’s performance was 
evaluated on the CEC2019 test functions, and the results 
indicating that the algorithm outperforms traditional AO and 
other popular methods.

Researchers has also incorporated OBL with other 
strategies in order to boost the efficiency of classical AO. 
By employing a OBL and Nelder-Mead simplex search 
method an improved AO algorithm was proposed in [68]. 
The OBL helps the AO become more diverse, and the NM 
technique helps it become more intense. Using benchmark 
functions from the CEC 2019 test functions, the study find-
ings revealed that the presented approach outperformed the 
original AO algorithm. Ekinci et al. [69] suggested an inno-
vative and effective technique for vehicle cruise control by 
enhancing the performance of the AO algorithm through 
chaotic local search and OBL procedures. A straightforward 
but effective objective function was utilized to improve the 
effectiveness of the suggested approach and accurately 
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regulate the real PIDD2 controller’s parameters. Through the 
experiments using well-known unimodal, multimodal bench-
mark functions, the outcome of this research showed that the 
proposed technique gives superior performance compared 
to GWO, PSO, SSA and the original AO. An improved AO 
technique based on OBL, restart strategy, and chaotic local 
search was proposed by Yu et al. [70] for global optimization 
and constrained engineering issues. Where OBL enhances 
the original algorithm’s exploration phase, restart strategy 
to replace the worse agents with completely random agents, 
and chaotic local search to offer additional exploitation capa-
bilities to the original algorithm. Five different engineer-
ing optimization problems and 29 CEC2017 functions were 
used to evaluate the efficiency of the presented approach, 
and the results showed that it performs better than other 
tested algorithms.

4.4 � Chaotic Sequence‑Based Strategies

Chaotic sequence-based strategies are a type of optimization 
strategy used in NIOA to improve their performance. Cha-
otic sequences are generated using chaotic maps, which are 
mathematical functions that exhibit chaotic behavior. These 
sequences can be used in NIOA algorithms to introduce 
randomness and assortment in the search process, which 
can help to circumvent getting stuck in local optima and 
improve the exploration of the search space. There are sev-
eral ways in which chaotic sequence-based strategies can be 
used in NIOA algorithms. One approach is to use a chaotic 
sequence to generate initial population of solutions for the 
optimization algorithm. This can be done by using the cha-
otic sequence to initialize the variables of the optimization 
problem. Another approach is to use the chaotic sequence 
to perturb the solutions generated by the optimization algo-
rithm during the search process. This can be done by adding 
a small amount of chaos to the variables of the solutions, 
which can help to explore the search space more effectively. 
The chaotic sequence can be used to perturb the solutions 
generated during the local search process, which can help 
to explore the search space more effectively and circumvent 
getting stuck in local optima. Overall, chaotic sequence-
based strategies can be an effective tool for improving the 
performance of NIOA algorithms. By introducing random-
ness and diversity into the search process, these strategies 
can help to avoid getting stuck in local optima and improve 
the exploration of the search space. Duan et al. [71] pro-
posed a short-term, multistep model for predicting solar 
radiation based on the WRF-Solar framework, by utilizing 
CNN, and chaotic AO. First, the WRF-Solar model fore-
casts solar radiation, and spliced data are input into five 
completely CNNs for prediction. At last, the final solar 
radiation forecast was generated by integrating the five 
networks’ predictions using a chaotic AO technique. The 

experimental result showed that incorporation of chaotic AO 
greatly improves the utilized neural network performance. 
Kujur et al. [72] presented a chaotic AO in order to solve the 
demand response program in a residential microgrid that is 
connected to the main power grid. The primary goal is to 
reduce total user costs in a building with a variable power 
rate by optimizing the scheduling pattern of linked devices. 
The performance of both the Chaotic AO and AO algorithms 
is evaluated independently. The experimental result showed 
that comparison to other tested algorithms proposed algo-
rithms performs well and it also revealed that use of chaotic 
sequence greatly improved the AO performance.

4.5 � Lévy Flight‑Based Strategies

In recent years, Lévy flight (LF), a search strategy in 
metaheuristic optimization algorithms, has gained traction as 
a technique of addressing complex real-world problems. The 
search procedure is characterized in an LF-based approach 
as a stochastic walk, with the distribution of the steps per-
formed based on a Lévy probability distribution. Because 
of the “heavy tails” of this distribution, greater steps can 
be taken more frequently than in a typical random walk. 
Exploring other regions of the search space and escaping 
local optima can both benefit from this trait. It has been 
found that LF-based algorithms perform better than their 
non-LF counterparts, therefore they are expected to be more 
useful in cases where no previous information is available, 
the goals are difficult to detect, and the distribution of the 
goals is sparse. It is used in a variety of chemical, physical 
and biological processes and was created as a replacement 
for the gaussian distribution (GD) to add randomness to 
metaheuristic optimization methods. By combining the LF 
strategy with the conventional AO, Chaudhari et al. [73] sug-
gested a superior route planning approach for UAV networks. 
The suggested method additionally selects the best possible 
paths based on a fitness value that can be established with 
a wide variety of inputs. The study findings demonstrated 
that the presented techniques perform better than SA, GA, 
ACO, and GA-PSO. A cluster-based energy-efficient rout-
ing protocol for WSNs was proposed by Ramamoorthy et al. 
[74], using an optimization technique. A modified AO with 
fuzzy based on the levy flight strategy was developed for 
optimum and effective cluster formation and cluster head 
computation. The suggested method’s primary purpose was 
to determine which node has the highest trust level and this 
node will serve as the cluster’s head. The results of this study 
demonstrated that the suggested technique was efficient in 
energy consumption, average hop count, throughput, and 
network lifetime.
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4.6 � Others Strategies

In order to overcome the shortcomings of AO, Huang et al. 
[75] proposed a hybrid AO (HAO) based on gauss map and 
crisscross operator. To boost the superiority of the initial 
population, the Gauss map was implemented into the Aquila 
initialization procedure. The crisscross operator was used 
to encourage information exchange within the population 
and preserve the diversity at every iteration, which not only 
improves the method capabilities to escape the local opti-
mum but also speeds up the global convergence. Through 
experiments utilizing 21 classical benchmark functions, this 
study demonstrated that the proposed HAO obtained supe-
rior performance compared to classical AO, GWO, WOA, 
and CSO.

Zhang et al. [76] suggested an adaptive AO in combi-
nation with niche thought and dispersed chaotic swarm 
algorithm to overcome the limitations of AO. The initial 
populations were generated using DLCS chaotic mapping 
to improve the algorithm’s exploration state by increasing 
diversity of populations and uniformity of distribution in the 
search space. Then, an adaptive adjustment technique of de-
searching preferences is provided to enhance the algorithm’s 
search precision. Experiments on 15 benchmark functions, 
the Wilcoxon rank, and engineering problems demonstrate 
that the presented approach outperformed other sophisti-
cated algorithms in terms of search efficiency and compu-
tational efficacy.

Ekinci et  al. [77] presented a new balanced AO for 
air–fuel ratio control systems that makes use of random 
learning and Nelder-Mead simplex search techniques. 
These approaches were incorporate in AO, in order to 
enhance exploration and exploitation ability of the original 
AO. In addition, a new objective function was introduced in 
the system to recognize the optimal parameters. The experi-
mental results revealed that the suggested method improves 
air–fuel ratio system control by greater than 64% for over-
shoot, 9% for rise time, and 7% for settling time.

An improved AO method developed by Wang et al. [78], 
with the use of a velocity-aided global search and adap-
tive OBL strategy. The acceleration and velocity parameters 
were applied to the AO to assist the search agent in updat-
ing its position and to prevent several dominant locations 
from being ignored through the optimization procedure. The 
adaptive OBL method was used to get rid out from the local 
optima. The efficacy of the method was assessed using 27 
benchmark functions, the Friedman test, and five engineer-
ing problems. The experimental outcomes demonstrated that 
the presented method outperforms AO, IAO, and other tested 
algorithms.

For faster convergence, Verma et al. [79] incorporated 
chaotic mapping into the traditional AO. A single-stage 
evolutionary algorithm is also incorporated into AO in 

order to maintain the equilibrium between its exploration 
and exploitation capabilities. The suggested framework gen-
erates one population using conventional AO and another 
using a single stage GA based evolutionary strategy that 
employs binary tournament selection, roulette wheel 
selection, shuffle crossing over, and displacement muta-
tion to build a new population. The efficiency of traditional 
AO and improved AO was evaluated using well-known uni-
modal and multimodal benchmark functions. The findings 
of this research demonstrated that improved AO with chaotic 
mapping and evolutionary algorithm performs superior then 
the traditional AO.

In order to improve wireless communication, Alangari 
et al. [80] presented a wavelet mutation AO-based routing 
algorithm. One goal of the proposed method was to enable 
energy-aware routing in WSNs. The wavelet mutation pro-
cess introduces a random mutation into the each individual 
subsequent to the exploitation and exploration stage. The 
experimental result showed that compare to other tested 
algorithms the proposed technique performs better and 
improve the wireless communication.

To resolve the ORPD, Long et  al. [81] presented an 
improved AO (IAO) algorithm with multiple strategies, 
including: a probabilistic perturbation strategy to better 
balance global exploitation and local exploration; a Cauchy 
operator to boost the population diversity of Aquila; an elite 
group navigation strategy to further avoid falling into a 
local optimum; and an analysis of IAO’s performance. The 
suggested method’s efficacy was evaluated using standard 
IEEE-30, 57, 118 bus systems. The result of this study 
demonstrated that compared to classical AO the presented 
method performs well to solve the ORPD.

Kun et al. [82] developed an enhance variant of AO in 
which the original random method was altered with normal-
distribution parameters and an adaptive function defined 
by a Weibull function was incorporated to the predator’s 
motion law. Using 16 benchmark functions, the enhanced 
algorithm is compared to numerous newly invented meth-
ods. The results demonstrate that the convergence speed and 
accuracy of the modified algorithm are enhanced, while the 
original algorithm’s benefits are maintained.

The unique weighted adaptive AO developed by Das 
et al. [83] was offered to address the ORPD’s complex and 
non-linear nature. By incorporating a weighted adaptive 
searching technique mechanism into the original AO, an 
improved version of AO was created that could optimize 
any optimization method more quickly and accurately than 
the original AO. The suggested method’s efficacy was 
evaluated using standard IEEE-30, 57, 118 bus systems. 
The findings of this study demonstrated that improved AO 
significantly reduces power consumption compared to the 
other tested algorithms.
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An improved variant of the AO algorithm was presented 
by Li et al. [84] to overcome the shortcomings of the origi-
nal AO. Initially, the inertia weight factor was incorpo-
rated into the location update method during the global 
expansion stage to modify the optimal individual’s level of 
population influence. Second, the vertical and horizontal 
crossing approach was incorporated into the algorithm’s 
local advancement to facilitate the sharing of individual 
data across dimensions and enhance the algorithm’s local 
advancement capability; Third, Cauchy elite mutation was 
incorporated in order to avoid the method from falling into 
local optima. Through the test experiments on 23 benchmark 
functions, the results of this study showed that the accuracy 
and stability of the presented method were enhanced in com-
parison to the original AO.

Turgut et al. [85] presented an improved AO, in order 
to fix the flaws in the original AO. To improve the stand-
ard AO’s exploratory capabilities, an ensemble of wavelet 
mutation operators has been incorporated into the algo-
rithm. In addition, a novel local search method was added 
into the foundational AO to focus on the previously explored 
attractive locations by capitalizing on the synergies between 
elite opposition-based learning and a straightforward, yet 
efficient, exploitative manipulation equation. Through 
tests on various benchmark functions, the findings from this 
research showed that the accuracy and consistency of the 
proposed method are superior to those of the original AO.

In order to improve cancer diagnosis on medical imag-
ing, Alkhalaf et al. [86] developed an adaptable AO (AAO) 
that is enabled by explainable AI. The goal of the suggested 
method was to efficiently classify cancers of the colon and 
bone. The AAO algorithm employs the sharing model devel-
oped by niche thought, which is used to evaluate the relative 
distance between individuals within a specific environment. 
In order to guarantee that the state of each individual was 
optimal, a threshold was established to raise the fitness of a 
person with the maximum fitness. As compared to existing 
algorithms tested using medical cancer imaging databases, 
the suggested approach demonstrated superior accuracy.

Zhao et al. [87] developed a multiple updating principle 
using a heterogeneous strategy to optimize the AO algo-
rithm’s slow later convergence rates and boost its overall 
performance. Simulation experimentations were conducted 
on unimodal and multimodal benchmark functions, and 
comparisons were made with other algorithms; the major-
ity of the results corroborated the enhanced functionality, 
demonstrating superior intensification and diversification 
capabilities, a fast convergence speed, low residual errors, 
robust scalability, and convincing validation outcomes.

4.7 � Binary AO

The study of discrete problems is crucial to the field of 
optimization. Unlike the continuous distribution of the 
decision space for continuous problems, the decision 
space for discrete problems is not uniform, and a minor 
modification in a single dimension of the solution might 
have a large impact on the solution in the objective space. 
Application of AO to discrete issues requires refinement 
of its algorithmic foundation and encoding approaches. 
Several AO variations have been created by researchers. 
The fundamental mathematical principles underlying AO 
have not changed, however researchers have refined the 
original AO’s encoding methodology by assigning binary 
values to each dimension of the candidate solution. For 
instance, the binary encoding binarizes the probable solu-
tions while keeping the algorithmic basis of the original 
AO and adapts the operator formulas to accommodate 
binary data operations.

Bas [88] developed a binary AO, namely (BAO) and 
employed for 0–1 knapsack problem. With the use of eight 
distinct transfer function tests, the BAO-T algorithm was 
developed. In order to move from the continuous search 
space to the binary search space, transfer functions are uti-
lized. Moreover, BAO has been created by incorporating 
candidate solution step crossover and mutation techniques 
(BAO-CM). The results demonstrated that BAO-CM out-
performed BAO-T and can be recommended as a substitute 
method to solve binary optimization issues.

Nadimi-Shahraki et al. [89] introduced two binary vari-
ants of the AO and used them to determine the effective 
characteristics of the wrapper method. Two binary algo-
rithms, the S-shaped binary AO (SBAO) and the V-shaped 
binary AO (VBAO), have been presented for feature selec-
tion in medical datasets. S and V-shaped transfer functions 
are utilized to generate binary position vectors while the 
search space remains continuous. Using seven standard med-
ical datasets, the proposed techniques are contrasted with six 
modern binary optimization algorithms. The outcomes of 
this study showed that SBAO was superior to the examining 
algorithms in terms of accuracy achieved with the fewest 
number of features.

To recognize the most informative genes, Pashaei [90] 
developed a novel wrapper gene (or feature) selection 
mechanism based on a modified binary AO (MBAO) with a 
time-varying mirrored S-shaped (TVMS) transfer function. 
In the first stage of the presented method, top-ranked genes 
are selected using the filtering method of Minimal Redun-
dancy Maximum Relevance, and in the second stage, the 
most discriminative genes are identified using the efficient 
wrapping strategy of MBAO-TVMS. A mutation mechanism 
is included into binary AO help the method to escape from 
local optima and increase its global search abilities, while 
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TVMS is used to convert the continuous variant of AO to 
a binary one.

The binary AOA still has many shortcomings. To begin, 
most research does not discretize the AOA formula, but 
rather translates the continuous values of the possible solu-
tions into discrete binary values using a conversion function. 
This strategy is straightforward but inefficient since the local 
area in continuous space can be formed by making slight 
tweaks to the candidate solution across multiple dimensions, 
even though continuous and discrete spaces are fundamen-
tally different from one another. In contrast, describing the 
local area in a discrete space is tough, and in discrete space, 
a seemingly insignificant modification in one dimension of 
a potential solution might have a huge impact on the objec-
tive value.

4.8 � Multi‑Objective AO

Multi objective optimization is diverse from traditional sin-
gle objective optimization in that it requires balancing many 
goals. Optimal solutions are hard to come by because com-
peting aims make it necessary to sacrifice one for the sake 
of the other. Instead, they communicate and work together 
to reach the greatest possible outcome. Hence, optimizing 
a problem with many objectives is a difficult task in the 
field of optimization. Because to its excellent performance 
in maximizing a single objective, AO has been the subject 
of numerous attempts to improve its ability to tackle multi-
objective situations.

In order to save bandwidth and improve load balanc-
ing and cloud performance, Mohamed et al. [91] presented 
a multi-objective optimization based on the suggested 
AOEHO. Additionally, the proposed method minimizes 
consumer response time and waiting time. Experimental 
outcomes showed that the presented AOEHO method per-
formed better than other algorithms when compared to the 
same benchmarks applied to replicated data.

In order to achieve optimal performance, Wang et al. 
[92] designed a hybrid system and optimized it using an 
improved Multi-objective AO. Exergy efficiency and total 
product cost have both been optimized via this multi-objec-
tive optimization process. The result of this study showed 
that the proposed algorithm gives satisfactory result and 
enhanced the accuracy and precision.

A multi-objective AO was presented by Xing et al. [20] in 
order to locate the optimal weights, and a theoretical demon-
stration suggests that the weights supplied by this optimizer 
are Pareto optimal solutions. The results of the experiments 
showed that the designed method achieved greater accuracy 
than the examined methods in every case for point forecast-
ing, and achieved a forecasting interval with great coverage 
and minimal error.

Ali et al. [93] developed a multi-objective modified AO in 
order to find the optimal numerous renewable energy sources 
in distribution networks. The employment of this multi-
objective AO comprises reducing the amount of power loss 
and total voltage deviation in a distribution system while 
maintaining the system’s operational and security limits. The 
results of the experiments demonstrated that the suggested 
algorithm generated competitive results in comparison to 
conventional AO and PSO, and trader-inspired algorithms, 
when applied to the IEEE-33 bus.

A multi-objective improved AO (MOIAO) was devel-
oped by Long et al. [81] to solve optimal reactive power 
dispatch. This approach incorporates a probabilistic pertur-
bation method to improve the equilibrium between global 
exploitation and local exploration. The MOIAO is utilized 
to achieve optimal performance in terms of the Ploss and 
Vd . The study findings showed that the presented MOIAO 
outperformed the state-of-the-art methods MOPSO, MOAO, 
and MOIPSO.

Even though Multi-objective AO produced remarkable 
results, it is clear that very few works and applications were 
actually completed. Therefore, more and more researchers 
are turning to AO to address complex optimization issues 
with many objectives. In terms of exploration, exploitation, 
and convergence speed, AO has been shown to perform bet-
ter than competing methods in experimental settings. As a 
result, using AO to MOPs could be an interesting area of 
study. Further studies on multi-objective AO are needed 
because there is currently a dearth of data on the topic.

5 � Application Areas of AO and Its Variants

Aquila Optimizer is a relatively new NIOA algorithm that 
has shown promising outcomes in resolving various optimi-
zation problems. It has been revealed that the AO is efficient 
in resolving a variety of optimization problems, including 
unconstrained and constrained optimization problems, sin-
gle and multi-objective optimization problems, and continu-
ous and discrete optimization problems. The AO has been 
employed in various fields of study, including engineering, 
power systems, image and signal processing, machine learn-
ing, renewable energy, and transportation. Table 3 provides 
a brief summary of these application areas.

6 � Evaluation of AO

The AO’s efficiency is evaluated by using a mathematical 
benchmark functions CEC 2020 and validated using many 
statistical criteria and measurements namely: Average Fit-
ness (Mean), Standard Deviation (STD), Best Fitness (Best), 
and Worst Fitness (Worst) for all solutions obtained by the 
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AO and other tested algorithms. In the CEC 2020, 1-uni-
modal function (F1), 3-basic functions (F2-F4), 3-hybrid 
functions (F5-F7), and 3- composite functions (F8-F10) are 
provided for the evaluation of an algorithm. Moreover, the 
Friedman test is also used to rank these algorithms. Results 
are compared with well-known techniques namely: Nut-
cracker optimization algorithm (NOA) [94], Arithmetic opti-
mization algorithm (AOA) [95], Dragonfly Algorithm (DA) 

[96], Genetic Algorithm (GA) [97], Smell Agent Optimizer 
(SAO) [98], COVIDOA [99], Butterfly Optimization Algo-
rithm (BOA) [100], Sand Cat Swarm Optimization (SCSO) 
[101], and Prairie dog optimization (PDO) [102]. Table 4 
gives the configuration parameters for each algorithm. All 
parameters for all used algorithms are set to the values from 
their original papers to have a good and fair comparisons. 
In addition to that all the tested algorithms have been run 

Table 3   A succinct synopsis of the application areas of AO variants

Sl. No Application area References

1 PID controller [16, 38, 68, 69]
2 Multi Robot Space Exploration [11, 42]
3 0–1 knapsack problem [88]
4 Text, Data clustering and Mathematical benchmark functions [75, 111]
5 Solar radiation prediction [71]
6 Demand response management of microgrid [39, 72]
7 Feature selection [17, 32, 41, 61, 89, 108, 121, 124]
8 Mathematical benchmark function [76, 84, 85, 106, 119]
9 Deep Learning model optimization [12, 21, 27, 34, 36, 37, 45, 47, 49, 53, 55, 57, 59, 86, 

103, 104, 123, 125–128]
10 Air fuel ratio control system [77]
11 Mathematical benchmark function and engineering optimization problems [66, 70, 78, 79, 87, 107, 109, 113, 117, 122, 129–131]
12 UAV/Robot path planning [13, 73, 112, 120]
13 Text based information retrieval [65]
14 Offshore wind farm power collection system [23, 105]
15 Fog Computing [91]
16 Wireless sensor network (QoS) [14, 15, 22, 26, 52, 74, 80, 115]
17 Time Series Forecasting (Parameter optimization of ANFIS model) [62]
18 Energy optimization [92, 93]
19 Parameter estimation of the controlled autoregressive [18]
20 Multilevel inverter [19]
21 Wind Forecasting [20, 30, 46, 116]
22 IOT [21, 29, 63]
23 Parameter optimization of SVM [24, 124]
24 Flow shop scheduling [114]
25 MLT based image segmentation [25]
26 Neuro Fuzzy system optimization [50, 54, 118]
27 Photovoltaic (PV) energy storage [28, 31, 119]
28 Under water structured light vision calibration [33]
29 Parameter optimization of simple neural network [35, 48, 82]
30 Gene selection [90]
31 Optimal de-active power dispatch [81, 83]
32 Parameter optimization of extreme bosting machine [40]
33 Motorized buoy path following problem [43]
34 Antenna design [67]
35 DV-Hop node positioning [44]
36 Distributed generations in distribution system [51]
37 Detection of bearing defect in Francis turbine [56]
38 Parameter optimization of population forecasting model [64]
39 Stochastic power flow problem [58]
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using population size = 50 and termination condition is the 
maximum number of iterations which is set to 1000. The 
simulations were carried out on a computer with a 2.0 GHz 
processor and 16 GB RAM using MATLAB R2022b that 
runs on Windows 10.

The results for these experiments are given in Table 5 for 
each function in CEC 2020 with 30 dimensions. From these 
results, it can be easily seen that AO has a very good results 
in all used criteria. For example, AO has been ranked in the 
first place in seven functions (seven out of ten). These func-
tions are F2, F3, F4, F6, F8, F9, and F10. It is also ranked 
third in two functions F1 and F5.

Boxplot analysis is utilized to demonstration the data 
distribution characteristics, which can deliver a finer under-
standing of the distribution of results, especially for func-
tions related with too many local minima. Figure 5 shows the 
boxplots of results for every algorithm and function, which 
represent data distributions into quartiles. The edges of the 
whiskers signify the lowest and largest data points reached 
by the algorithm, while the lower quartile and upper quartile 

are surrounded by the ends of the rectangles. A narrow box-
plot indicates high agreement among data. The outcomes 
of ten functions boxplot for Dimension = 30 are shown in 
Fig. 5. The boxplots of AO algorithm are generally nar-
rower compared to other algorithm distributions, with lower 
values.

In this subsection, we examine the convergence behav-
iour of AO in comparison to other competing algorithms. 
Figure 6 illustrates the convergence curves for the CEC 
2020 functions, where the AO reaches a stable point for all 
functions. This indicates that the algorithm is capable of 
converging. Additionally, the proposed algorithm achieves 
the lowest average of the best solutions at a faster rate than 
most functions. This rapid convergence to the (near) optimal 
solution is noteworthy and suggests that the AO algorithm 
is a viable option for optimizing problems that demand fast 
computation, including online optimization problems.

Wilcoxon’s rank-sum test is a non-parametric statistical 
test utilized to comparison two samples and determine if 
they have different medians. In this case, it is being utilized 
to assess the implication of the performance difference 
amongst the AO algorithm and the other competing algo-
rithms. Table 6 presents a paired-algorithm comparison of 
the average of the best-so-far solutions using the Wilcox-
on’s rank-sum test with a significance level of 5%. The table 
shows the pair-wise contrast of the average of the best-so-far 
solutions of two groups for each function, and the p-values 
are computed. If the p-value is less than or equal to 0.05, it 
means that the difference between the two groups is statisti-
cally significant at the 5% level. The results of the test show 
that for most functions, the p-values are less than or equal to 
0.05, indicating that the performance difference between the 
AO algorithm and the other competing algorithms is statisti-
cally significant. This suggests that the AO algorithm is not 
randomly producing better results, but rather it is performing 
better due to its optimization rules and strategies.

7 � Conclusions and Future Directions

This paper provides a current overview of AO, its various 
versions, and their uses in various optimization disciplines. 
The strong research advancement of AO draws research-
ers to work on it. In this study, we outline the article col-
lection process and provide a review of AO, highlighting 
its time commitment and parameter robustness. Following 
that, a discussion of the used enhancement tactics for AO is 
held. Furthermore, binary AO variations for discrete prob-
lem solution are also presented. In multi-objective based 
optimization areas, AO and its advancements delivered out-
standing results. The use of various AO variations to tackle 
discrete single and multi-objective problems are remarkable 
and inspiring. We also assess the performance of AO over 

Table 4   Parameter Settings of the tested optimization algorithms

Algorithm Parameter Value

AO U 0.00565
r1 10
ω 0.005
α 0.1
δ 0.1
G1  ∈ [− 1, 1]
G2  ∈ [2, 0]

NOA P
a1

Decrease from 1 to 0
P
a2

0.2
�
1

 ∈ [0, 1]
�
2

 ∈ [0, 1]
AOA � 5

� 0.5
BOA a 0.1
PDO � 0.1

� 2.2204e-16
Δ 0.005

DA radius 0.2
COVIDOA Shifting No 1

Mutation 0.1
No. of proteins 2

SCSO rG 2 up to 0
R  − 2.rG to 2.rG

GA M 0.2
C 0.8

SAO T 3
SL 2.5
M 2.4
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mathematical benchmark functions (CEC2020). The results 
revealed AO’s superiority over the other nine NIOAs. The 
main advantages of AO are its versatility, strong perfor-
mance in situations with high dimensions and complexity, 
and simple structure. Nonetheless, the following are AO’s 
main restrictions in light of the AOA’s framework.

1.	 AO has two parameters, i.e., α and δ on which the 
exploitation capability of the AO depends. However, 
they are fixed so some constant values in most of the 
times. Thus, experiments must be performed on these 
parameters to make them adaptive in different problem 
domains.

2.	 The slow convergence speed of AO is also reported in 
literature. Effective population making strategies or pop-
ulation diversity maintain mechanism can be utilized to 
overcome this.

3.	 The exploration ability of the AO significantly depends 
on the Lévy distribution based random walk.

Additionally, the surveyed research reveals the following 
limitations:

(1)	 Classical AO is majorly utilized to solve several real-
world optimization problems.

(2)	 The use of AO and its variants to solve discrete and 
multi-objective problems is limited. AO has primarily 
been used in power and control engineering, as well as 
ML-based model optimization.

(3)	 The mostly used techniques for improving AO effi-
ciency are hybridization and OBL.

(4)	 Chaotic sequence, Lévy flight, and other efficiency 
enhancement strategies are used, but not extensively.

The relevant directions for future can be determined in 
light of the analysis above:

1.	 Additional research should be conducted on the adapt-
ability of parameters, including the population size of 
AO, which makes it versatile across a variety of prob-
lems and problem dimensions.

2.	 Future planning should take multi-swarm or multi-popu-
lation based tactics into consideration. In the near future, 
it is advisable to implement further cutting-edge and 
tried-and-true improvement tactics, particularly those 
based on randomization.

3.	 The use of AO’s versions in multi-objective and discrete 
situations may be a promising area for future research. 
Furthermore, ML and computer vision applications must 
be made.

Qualitative analysis is typically used when examin-
ing AO. There are numerous techniques to evaluate AO Ta
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Fig. 5   Box plots for all the tested NIOAs over CEC 2020
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Fig. 6   Convergence curves for 
all the tested NIOAs over CEC 
2020
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theoretically, but these studies are based on strict assump-
tions that, in some conditions, are also impracticable. The 
creation of an appropriate mathematical framework for AO 
may provide a new area of study.
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F10 3.02E-11 1.72E-12 0.332855 3.02E-11 3.02E-11 3.02E-11 3.02E-11 0.011228 3.02E-11
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