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Abstract
As a novel intelligent optimization algorithm, the African Vultures Optimization
Algorithm (AVOA) has been widely applied across various domains. However,
when addressing complex multimodal problems, the AVOA exhibits several lim-
itations, including low search accuracy, deficient search capability, and a ten-
dency to converge to local optima. To mitigate these primary deficiencies, a
nonlinear African Vultures Optimization Algorithm integrating Henon chaotic
mapping theory and a reverse learning competition strategy (HWEAVOA) is
proposed. First, the Henon chaotic mapping theory and an elite population
strategy are employed to enhance the randomness and diversity of the initial
vulture population. Furthermore, a nonlinear adaptive incremental inertial
weight factor is introduced during the location update phase to rationally bal-
ance exploration and exploitation capabilities, thereby preventing individuals
from becoming trapped in local optima. The reverse learning competition strat-
egy is designed to expand the search space for optimal solutions and enhance
the ability to escape local optima. The HWEAVOA and other state-of-the-art
comparative algorithms are utilized to solve classical benchmark functions and
CEC2022 test functions. Compared with other algorithms, the convergence
curves of HWEAVOA descend more rapidly and exhibit smoother trajectories.
These experimental results demonstrate that the proposed HWEAVOA ranks
first across all test functions, surpassing the comparative algorithms in terms
of convergence speed, optimization capability, and solution stability. Mean-
while, HWEAVOA achieves a comparable level of algorithmic complexity, and
its overall performance is competitive among swarm intelligence algorithms.
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Abstract

As a new intelligent optimization algorithm, the African Vultures Optimization
Algorithm (AVOA) has been widely applied in various fields today. However,
when solving complex multimodal problems, AVOA still exhibits certain short-
comings, such as low search accuracy, deficient search capability, and a tendency
to fall into local optima. To alleviate these main drawbacks, this paper proposes
a nonlinear African vulture optimization algorithm combining Henon chaotic
mapping theory and reverse learning competition strategy (HWEAVOA). First,
the Henon chaotic mapping theory and elite population strategy are introduced
to improve the randomness and diversity of the initial vulture population. Fur-
thermore, a nonlinear adaptive incremental inertial weight factor is incorporated
into the position update phase to rationally balance exploration and exploitation
capabilities while preventing individuals from falling into local optima. The re-
verse learning competition strategy is designed to expand the discovery field for
optimal solutions and strengthen the ability to escape local optima. HWEAVOA
and other advanced comparison algorithms are employed to solve classical and
CEC2022 test functions. Compared with other algorithms, the convergence
curves of HWEAVOA drop faster and exhibit smoother trajectories. These ex-
perimental results demonstrate that the proposed HWEAVOA ranks first across
all test functions, showing superiority over comparison algorithms in terms of
convergence speed, optimization capability, and solution stability. Meanwhile,
HWEAVOA achieves a general level in algorithmic complexity, and its overall
performance is competitive among swarm intelligence algorithms.

Keywords: African vultures optimization algorithm; Henon chaotic mapping
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theory; Nonlinear adaptive incremental inertial weight factor; Reverse learning
competition strategy

1. Introduction

Optimization problems are ubiquitous in many fields, such as intelligent pro-
duction, scientific research, and economic management. Today, the complexity
and difficulty of optimization issues are increasing, with solutions becoming
more dynamic and computationally demanding. Finding one or more points in
a multidimensional hyperspace is often necessary. Traditional data processing
methods are increasingly inadequate for coping with the data surge problems
brought about by the digital age. Therefore, intelligent optimization algorithms
are needed to determine accurate solutions for us (Kar, 2016; D. Karaboga &
Akay, 2009; Li, Wang, & Gandomi, 2021). Intelligent optimization algorithms
represent a new class of optimization methods that simulate biological behaviors
and certain natural physical phenomena. With the application of these algo-
rithms, many complex optimization problems can be solved efficiently (Valdez,
Castillo, Cortes-antonio, & Melin, 2022). Compared with traditional optimiza-
tion algorithms, intelligent optimization algorithms converge rapidly, are robust,
pervasive, and stable (Cui, Geng, Zhu, & Han, 2017; Nabaei, et al., 2018). In
recent years, intelligent optimization algorithms have developed unprecedent-
edly, with scholars proposing a series of new methods such as supply-demand-
based optimization (Zhao, Wang, & Zhang, 2019), carnivorous plant algorithm
(Meng, Pauline, & Kiong, 2021), honey badger optimization algorithm (Hashim,
Houssein, Hussain, Mabrouk, & Al-Atabany, 2022), Runge Kutta optimization
algorithm (Ahmadianfar, Heidari, Gandomi, Chu, & Chen, 2021), hunger game
search algorithm (Yang, Chen, Heidari, & Gandomi, 2021), wild horse opti-
mization algorithm (Naruei & Keynia, 2022), material generation optimization
algorithm (Oyelade, Ezugwu, Mohamed, & Abualigah, 2022), spider jumping
optimization algorithm (Peraza-Vazquez, et al., 2022), reptile search algorithm
(Abualigah, Abd Elaziz, Sumari, Geem, & Gandomi, 2022), and capuchin search
algorithm (Braik, Sheta, & Al-Hiary, 2021). Intelligent optimization is widely
used in system identification (N. Karaboga, 2009), path planning (Wang, Yan, &
Gu, 2019), troubleshooting (Deng, Li, Li, Chen, & Zhao, 2022), neural networks
(Xu, Yu, & Gulliver, 2021), optimization control (Hamza, Yap, & Choudhury,
2017), and other fields (Kalinli & Karaboga, 2005; N. Karaboga & Cetinkaya,
2011) due to its good searchability.

The African Vultures Optimization Algorithm (AVOA) (Abdollahzadeh, Ghare-
hchopogh, & Mirjalili, 2021) is a new intelligent optimization algorithm pro-
posed by Benyamin Abdollahzadeh et al. in 2021, which simulates the foraging
and navigation behaviors of African vultures. The algorithm has the advan-
tages of simple structure, easy implementation, and outstanding performance
in finding optimal values, and has been well applied in various fields. Salah
et al. (2022) introduced AVOA to optimize the PID controller and applied it
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to control DC microgrid voltage. Mekala, Sumathi, and Shobana (2022) pro-
posed a multi-polymer charging scheduling strategy based on AVOA to realize
proper planning of electric vehicle charging. Singh, Houssein, Mirjalili, Cao, and
Selvachandran (2022) introduced the African vulture algorithm to optimize so-
lutions to the traveling salesman shortest path problem. Diab, Tolba, El-Rifaie,
and Denis (2022) introduced the African vulture algorithm to accurately predict
unknown parameters of various solar photovoltaic units. Zhang, Khayatnezhad,
and Ghadimi (2022) applied the African vulture algorithm to an actual PEMFC
baseline case study and established an optimal evaluation model for fuel cells.

Although AVOA has numerous applications, it still shows deficiencies in search
capability and a tendency to fall into local optima. To address these problems,
Liu et al. (2022) introduced quasi-antagonistic learning mechanisms, differential
evolution operators, and adaptive parameters to balance AVOA’s exploration
and exploitation capabilities. Fan, Li, and Wang (2021) used chaotic mapping
and time-varying tools to optimize the global optimal solution and convergence
performance of AVOA. Soliman, Hasanien, Turky, and Muyeen (2022) proposed
a new African vulture-grey wolf hybrid optimizer to improve the algorithm’s con-
vergence speed and stability. Kannan, Mannathazhathu, and Raghavan (2022)
proposed a hybrid optimization algorithm based on honey badger and African
vulture, implementing global optimization search and reducing the probability
of falling into local optima.

To date, due to its novelty, there are few studies on improvements to AVOA.
Although existing improved AVOA variants increase optimization performance,
they still have limitations and uncertainties, such as lack of diversity in initial-
ized populations, imbalance between exploration and exploitation capabilities,
and waste of valuable population information, resulting in the AVOA algorithm
being sensitive to local optima and unable to obtain ideal solutions. Therefore,
an improved AVOA with multi-strategy (HWEAVOA) is proposed to eliminate
the uncertainty and restrictions of the original AVOA and subsequently improve
its performance. First, Henon chaotic mapping theory and elite population strat-
egy (HCE) are proposed, which make the initial population distribution more
homogeneous, enhancing the global optimization performance and convergence
rate of AVOA. Then, the nonlinear adaptive incremental inertial weight fac-
tor (NWF) is introduced to optimally update the position of vultures. This
strategy assists vulture populations in searching at different convergence rates,
balancing exploration and exploitation abilities, and effectively prevents AVOA
from falling into local optima. Finally, the reverse learning competition strategy
(RLC) is designed to increase population diversity. Poorly performing vulture
individuals are given learning opportunities and have the probability to become
dominant individuals. This strategy expands the discovery field for optimal
solutions and avoids the generation of local optimum phenomena.

To evaluate the effectiveness of HWEAVOA, classical and CEC2022 test func-
tions are used to compare the optimization performance of AVOA and other
improved algorithms.
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The rest of this paper is organized as follows. Section 2 briefly introduces the
original AVOA. Section 3 describes the technical details of the HWEAVOA algo-
rithm. Section 4 reliably analyzes the performance of HWEAVOA using classical
and CEC2022 test functions. Section 5 summarizes this study by discussing the
results and proposing potential areas for future investigation.

2. African Vultures Optimization Algorithm (AVOA)

The African Vultures Optimization Algorithm (AVOA) simulates the foraging
and navigation behaviors of African vultures based on their natural lifestyle.
Each individual in the population relies on its hunger rate for corresponding be-
haviors and completes the switch between exploration and development stages.
The hunger rate is calculated as follows:

𝐹 = ( 𝑡
𝑇 ) × (sin (𝜋

2 × 𝑡
𝑇 ) + cos (𝜋

2 × 𝑡
𝑇 )) × 𝑊 × rand

where 𝐹 is the vulture hunger rate, 𝑡 indicates the current number of iterations,
𝑇 is the maximum number of iterations, 𝑊 shows a fixed parameter set before
the algorithm works, and rand represents a random number between -1 and 1.

When the 𝐹 value is greater than 1, the vulture searches for food in different
regions and enters the exploration phase, using the following formula to search
for food in other areas:

𝑃1 = rand

where 𝑃1 is a control parameter with values between 0 and 1, and rand represents
a random number between 0 and 1.

Regarding the optimal solution guidance strategy, the remaining vultures search
for food near one of the optimal vultures at a random distance. The position
update formula is as follows:

𝑋𝑡+1
𝑖 = 𝑅(𝑖) × (𝑋𝑡

𝑖 − 𝐹 × 𝑃1 × (𝑋𝑡
𝑖 − BestV𝑝))

where 𝑋𝑡+1
𝑖 represents the vulture position vector in the next iteration, 𝐹 is the

hunger rate of vulture individuals in the current iteration, 𝑅(𝑖) is a place where
vultures move randomly, which is used as a coefficient vector to increase random
motion and obtained using the formula where rand is a random number between
0 and 1; 𝑋𝑡

𝑖 indicates the current vector position of the vulture; BestV𝑝 indicates
the best vulture chosen at random, and the solution formula is as follows:
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BestV𝑝 = {BestV1 if 𝑃𝑖 ≥ 𝑃rand
BestV2 if 𝑃𝑖 < 𝑃rand

where BestV1 and BestV2 represent the two best adapted vultures in the vulture
population respectively; 𝐿1 and 𝐿2 represent parameters between 0 and 1 which
are to be measured respectively, and their sum is 1; 𝑃𝑖 represents the probability
of selecting the best vulture.

On the other hand, vultures perform random search strategies with the following
positional update formula:

𝑋𝑡+1
𝑖 = 𝑅(𝑖) × (𝑋𝑡

𝑖 − 𝐹 × rand2 × (ub − lb) × rand3 + lb)

where rand2 and rand3 are random values between 0 and 1, and ub and lb
represent the upper and lower bounds of the variable.

If the value of 𝐹 is less than 1, the vulture enters the development phase and
looks for food near the best solution. When 0.5 ≤ 𝐹 ≤ 1, as shown in Fig. 1
[Figure 1: see original paper], the population obtains food through the imple-
mentation of the conflict profit strategy and rotational flight strategy. The two
methods are selected and executed by the following formula:

𝑃2 = rand

where 𝑃2 is a control parameter with values between 0 and 1, and rand is a
random number between 0 and 1.

Regarding the conflict profitability strategy, weak vultures try to obtain food by
causing conflicts between healthy vultures to fatigue them, and their position
update formula is as follows:

𝑋𝑡+1
𝑖 = BestV𝑝 × (∣𝑋𝑡

𝑖 − BestV𝑝∣ × 𝐹 × rand4 + BestV𝑝)

where rand4 is a random number between 0 and 1.

In addition, the vulture rotational flight strategy is as follows:

𝑋𝑡+1
𝑖 = BestV𝑝 × (∣𝑋𝑡

𝑖 − BestV𝑝∣ × 𝐹 × rand5 × cos (2𝜋
𝑇 ) + BestV𝑝)

where rand5 and rand6 are random numbers between 0 and 1; 𝑆1 and 𝑆2 are
calculated by formula (8). Finally, the vulture position update is completed
by formula (9). When 𝐹 < 0.5, as shown in Fig. 2 [Figure 2: see original
paper], the population obtains food through the implementation of individual
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competition strategy and population competition strategy, with two methods
selected and executed by formula (11).

𝑃3 = rand

where 𝑃3 is a control parameter with values between 0 and 1, and rand is a
random number between 0 and 1.

When an individual competition strategy is implemented, multiple vultures may
accumulate on the same food source, and the position update formula is as
follows:

BestV𝑝 = {BestV1 × (𝐴 × BestV1 − BestV2) × 𝐹 if 𝑃𝑖 ≥ 𝑃rand
BestV2 × (𝐴 × BestV1 − BestV2) × 𝐹 if 𝑃𝑖 < 𝑃rand

where 𝐴 = 𝑃1+𝑃2
2 .

When a population competition strategy is implemented, multiple vultures may
accumulate on the same food source, and the position update formula is as
follows:

𝑋𝑡+1
𝑖 = ∣𝑋𝑡

𝑖 − BestV𝑝∣ × 𝐹 × Levy + BestV𝑝

where Levy indicates the levy flight.

3. The Proposed Optimization Algorithm (HWEAVOA)

As mentioned above, although the overall mechanism of the AVOA algorithm
is simple and easy to implement, it still has limitations such as lack of diver-
sity in initialized populations, imbalance between exploration and exploitation
capabilities, and waste of valuable population information, which results in the
AVOA algorithm being sensitive to local optima and unable to obtain ideal so-
lutions. This section proposes three improvement strategies: the Henon chaotic
mapping theory and elite population strategy (HCE), the nonlinear adaptive
incremental inertial weight factor (NWF), and the reverse learning competition
strategy (RLC), which are discussed in the following sections.

3.1 Henon Chaotic Mapping Theory and Elite Population Strategy
(HCE) The primitive vulture population is initialized by randomization, re-
sulting in uneven distribution and lack of population diversity. Due to low
randomness, primitive AVOA always faces high uncertainty. Therefore, if ho-
mogeneous initialization of the population can be achieved, population diversity
can be effectively increased and the searching efficiency of the algorithm can be
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improved. To this end, this paper introduces Henon chaotic mapping theory
and elite population strategy.

Henon chaotic mapping theory is a nonlinear theory characterized by nonlinear-
ity, initial sensitivity, randomness, and ergodicity. The Henon chaotic map is
produced in 2-dimensional space as a typical discrete chaotic map. Its kinetic
formula is as follows:

{𝑥𝑛+1 = 1 − 𝑎𝑥2
𝑛 + 𝑦𝑛

𝑦𝑛+1 = 𝑏𝑥𝑛

where the state of the Henon chaotic map is determined by four parameters 𝑎, 𝑏,
𝑥0, and 𝑦0, which is more complex than 1-dimensional chaotic maps. This paper
takes 𝑎 = 1.4 and 𝑏 = 0.3 to ensure strong randomness of the generated chaotic
sequence when the function enters the chaotic state. By the above mapping
method, the chaotic mapping initialization population is obtained.

Then, the elite population strategy is adopted, which combines the chaotic
mapped initialized population and the conventional initialized population, cal-
culates the fitness of each initial vulture, and sorts them. Finally, the first 𝑁
elite individuals are selected, and the sequence of privileged individuals is as
follows:

{𝑥1, 𝑥2, … , 𝑥𝑖, … , 𝑥𝑁}

where 𝑁 is the number of vultures in the population.

These improved approaches make the initial population distribution more ho-
mogeneous and provide the initial population with more possibilities, which
enhances the global optimization performance and convergence rate of AVOA.

3.2 Nonlinear Adaptive Incremental Inertial Weight Factor (NWF)
In AVOA, the entire vulture population starts from global search and gradually
returns to local search, mechanically performing the exploration and exploita-
tion phases under the leadership of the optimal vulture and suboptimal vulture.
However, the whole algorithmic process is not static. It is difficult to effectively
balance the global search stage and local search stage of the population using
the original position update formula of AVOA. The entire process ignores the
actual environment of the vulture population, which causes AVOA to be slug-
gish in convergence and prone to local optima. Therefore, this paper introduces
the nonlinear adaptive incremental inertial weight factor to realize rational al-
location between the global exploration phase and local exploitation phase in
different evolutionary periods.

The nonlinear adaptive incremental inertial weight factor is added to the process
of position renewal of vulture populations, calculated as follows:
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𝜔 = {𝛼 + 𝛽 × sin ( 𝜋
2 × 𝑡

𝑇 ) × rand if mod(𝑡, 6) ≥ 3
𝛼 + 𝛽 × rand if mod(𝑡, 6) ≤ 3

where 𝛼 and 𝛽 are selection factors for the initial optimal vulture and secondary
vulture, rand is a random number between 0 and 1, and 𝑡 is the residual number
of iterations divided by 𝑇 . The nonlinear adaptive incremental inertial weight
factor is then introduced into the vulture position update formulas in the explo-
ration and development phases, as shown in formulas (18), (19), and (20).

𝑋𝑡+1
𝑖 = {𝜔 × Equation(14) if 𝑃rand ≥ 𝑃1

𝜔 × Equation(16) if 𝑃rand < 𝑃1

𝑋𝑡+1
𝑖 = {𝜔 × Equation(8) if 𝑃rand ≥ 𝑃2

𝜔 × Equation(10) if 𝑃rand < 𝑃2

𝑋𝑡+1
𝑖 = {𝜔 × Equation(12) if 𝑃rand ≥ 𝑃3

𝜔 × Equation(13) if 𝑃rand < 𝑃3

The position of vultures is optimally updated through the above formulas. This
step considers evolutionary differences between population vultures during evo-
lution, which adaptively confers inertial weight factors of different magnitudes.
When the inertial weight factor increases, the global optimization ability of
the algorithm is significantly enhanced; however, the local search ability is re-
duced and solution accuracy could be lower. When the inertial weight factor
declines, the global optimization ability decreases while the local optimization
ability is enhanced and solution accuracy is higher. The inertial weight factor
assists vultures in searching at different convergence rates until they approach
the optimal value in the next iteration. The inertial weight factor improves the
search ability of the vulture population at different stages while maintaining
unchanged overall search behavior. In the early stage, when the population has
strong global search ability, its local search ability is improved appropriately, in-
creasing the search accuracy and convergence rate of AVOA. In the later stage,
when the population has strong local search ability, its global search ability is
improved appropriately, effectively preventing AVOA from falling into local op-
tima. These characteristics meet the needs of AVOA for global exploration and
local exploitation abilities at different evolutionary times.

3.3 Reverse Learning Competition Strategy (RLC) The original AVOA
simply uses information from the optimal location in the iteration process, eas-
ily wasting part of the valuable information in the population. Therefore, this
paper introduces the reverse learning competition strategy. The main idea of
the reverse competitive learning strategy is to increase population diversity and
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the chance of obtaining better solutions by simultaneously exploring both the
positive and negative directions of the search space. As shown in Fig. 3 [Fig-
ure 3: see original paper], poorly performing vulture individuals are given more
learning opportunities, and they have the probability to become dominant in-
dividuals. In this way, the loss of useful information is well addressed and the
accuracy of the next input is effectively guaranteed.

Based on each output solution, the reverse learning solution is obtained through
the reverse learning competition strategy. The calculation formula is as follows:

𝑃𝐸𝑡+1
𝑖 = rand × (ub + lb) − 𝑃 𝑡+1

𝑖

where rand is a random number between 0 and 1.

The output position of vultures in this iteration is optimized by calculating the
population fitness 𝑃 𝑡+1

𝑖 and 𝑃𝐸𝑡+1
𝑖 . In this way, the optimal individual position

is not lost, and the optimal individual information can be used to significantly
improve the robustness of the AVOA algorithm.

In summary, problems in the original AVOA algorithm such as uneven pop-
ulation initialization distribution, lack of population diversity, no reasonable
balance between global and local search stages, and easy loss of better personal
information are well solved based on three strategies: HCE, NWF, and RLC,
corresponding to the Henon chaotic mapping theory and elite population strat-
egy, the nonlinear adaptive incremental inertial weight factor, and the reverse
learning competition strategy, respectively. The framework of the HWEAVOA
algorithm is shown in Fig. 4 [Figure 4: see original paper] and its technical
details are described in Table 1 .

4. Experimental Results and Discussion

Test experiments based on classical and CEC2022 test functions are carried out
to validate the performance of HWEAVOA in this section. The mathematical
expressions and function characteristics of classical and CEC2022 test functions
are given in Appendix 1 and Appendix 2 respectively.

All experiments were conducted on Windows 10 (64 bit) running on an Intel
Core i7 CPU with 16GB RAM, utilizing MATLAB 2021a. To minimize algo-
rithmic randomness, each algorithm accumulated 1000 tests on the classical test
functions, with population size and maximum iterations for all algorithms set
to 30 and 500, respectively. In CEC2022, each algorithm accumulated 30 tests,
the population size was set to 20, and the maximum iterations for all algorithms
were set to 200,000 and 1,000,000 for 10 and 20 dimensions, respectively.

The test functions are evaluated by these algorithms, and the search performance
and optimization performance of each algorithm are assessed by comparing the
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test results with the optimal values of the functions. The results mainly con-
tain average (Avg) and standard deviation (Std), where the average verifies the
optimization ability of the algorithm and the standard deviation verifies the
stability of the optimization process. The data shown in Table 2 , Table 4 ,
Table 5 , Table 6 , Table 7 , Table 8 , Table 9 , Table 10 , Table 11 , Table 12
, Table 13 , and Table 14 represent the results of the comparison optimization
algorithms in solving these benchmark function problems.

In this section, HWEAVOA is compared with the original AVOA, six AVOA
variant algorithms based on three improved strategies, and ten advanced intel-
ligent optimization algorithms to verify its superior optimization performance.

4.1 Parameters Tuning and Analysis In HWEAVOA, 𝑊 (used in Eq. (1))
is mainly used to balance the exploration and development stages of vulture
populations, while 𝑃1 (used in Eq. (18)), 𝑃2 (used in Eq. (19)), and 𝑃3 (used
in Eq. (20)) are mainly used to assist vultures in selecting different behaviors
and updating their positions. In the original AVOA, these four parameters are
derived from AVOA and set as 2.5, 0.6, 0.4, and 0.6, respectively. This section
aims to study the effects of different parameters on HWEAVOA performance.
The value of 𝑊 is increased from 2 to 3 with a step size of 0.5, while the values
of 𝑃1, 𝑃2, and 𝑃3 are increased from 0.4 to 0.6 with a step size of 0.1. This
paper adopts the control variable method, changing only one parameter in each
experiment while setting other values according to AVOA defaults. For example,
when 𝑊 increases from 2 to 3, 𝑃1, 𝑃2, and 𝑃3 are set as 0.6, 0.4, and 0.6. When
𝑃1 increases from 0.4 to 0.6, 𝑊 , 𝑃2, and 𝑃3 are set as 2.5, 0.4, and 0.6. When
𝑃2 increases from 0.4 to 0.6, 𝑊 , 𝑃1, and 𝑃3 are set as 2.5, 0.6, and 0.6. When
𝑃3 increases from 0.4 to 0.6, 𝑊 , 𝑃1, and 𝑃2 are set as 2.5, 0.6, and 0.4. The
effects of different parameters on HWEAVOA performance are shown in Table
2 .

The results show that HWEAVOA achieves the highest search ability and algo-
rithm stability when 𝑊 , 𝑃1, 𝑃2, and 𝑃3 are set as 2.5, 0.6, 0.4, and 6, respec-
tively. Therefore, HWEAVOA selects the same parameter settings as AVOA in
this paper.

Based on the above analysis, the main parameters of HWEAVOA and its variant
algorithms are shown in Table 3 .

4.2 Effects of HCE, NWF, and RLC To study the optimization per-
formance of HWEAVOA, three improved strategies (HCE, NWF, and RLC)
are introduced into the optimization process. This section focuses on the im-
pact of these three improvement strategies on the original AVOA. The strate-
gies are abbreviated as “H,” “W,” and “E.” The performance of HWEAVOA
and six AVOA variants—HAVOA, WAVOA, EAVOA, HWAVOA, HEAVOA,
WEAVOA—and AVOA is tested. HAVOA, WAVOA, and EAVOA represent
the introduction of HCE, NWF, and RLC into the original AVOA algorithm,
respectively. HWAVOA means introducing both HCE and NWF into AVOA.
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HEAVOA means introducing both HCE and RLC into AVOA. WEAVOA means
introducing both NWF and RLC into AVOA. The parameter settings of these
variant algorithms are shown in Table 3.

As shown in Table 4, experimental results indicate that optimal values for func-
tions F1–F4 can be obtained by HWEAVOA in unimodal benchmark functions.
For multimodal benchmark functions, HWEAVOA obtains optimal values for
functions F8 and F11, while the optimal values found by HWEAVOA are the
best among all algorithms for other multimodal benchmark functions. For fixed-
dimension multimodal benchmark functions, HWEAVOA obtains optimal val-
ues for functions F16, F17, F19, F21, F22, and F23, while HWEAVOA performs
better than different algorithms on other fixed-dimensional multimodal bench-
mark functions.

As shown in Fig. 5 [Figure 5: see original paper], some convergence curves are
displayed for 0–50 generations to show iterative differences more clearly and
intuitively. When solving F1 and F4, HWEAVOA’s convergence speed is close
to WAVOA, HWAVOA, and WEAVOA, significantly faster than HAVOA and
EAVOA. In solving F6–F8, F12, F13, and F15, HWEAVOA’s convergence speed
is slightly faster than other variant algorithms. When solving F9, all algorithms
obtain the optimal value around 30 iterations, but HWEAVOA’s convergence
rate remains the fastest. When solving F21 and F23, the convergence speeds
of HAVOA, EAVOA, HEAVOA, WEAVOA, AVOA, and HWEAVOA are sig-
nificantly faster than WAVOA and HWAVOA. Meanwhile, among HAVOA,
EAVOA, HEAVOA, WEAVOA, AVOA, and HWEAVOA, HWEAVOA’s con-
vergence speed is slightly faster than HAVOA, EAVOA, HEAVOA, WEAVOA,
and AVOA. In summary, HWEAVOA demonstrates advantages in convergence
speed and precision when solving classical test functions compared with other
variants.

4.3 Evaluation with Classical Test Functions HWEAVOA’s performance
is compared with ten advanced intelligent optimization algorithms to verify its
superiority, including GA (Deng, Zhang, et al., 2022), PSO (Cheng & Jin, 2015),
DE (Das & Suganthan, 2011), GWO (Mirjalili, Mirjalili, & Lewis, 2014), COOT
(Naruei & Keynia, 2021), RSO (Dhiman, Garg, Nagar, Kumar, & Dehghani,
2021), ATO (Naruei & Keynia, 2021), AOA (Abualigah, Diabat, Mirjalili, Abd
Elaziz, & Gandomi, 2021), IHAOAVOA (Xiao, et al., 2022), and OAVOA (Jena,
Naik, Panda, & Abraham, 2022). Algorithm parameter settings are shown in
Table 3. Comparative results based on 23 functions are shown in Table 5. For
fairness, all optimization methods run under the same test conditions.

Experimental results in Table 5 show that HWEAVOA ranks first in 18 test
functions: F1–F7, F9–F12, F15–F17, F19, and F21–F23, including seven uni-
modal benchmark functions, four multimodal benchmark functions, and seven
fixed-dimension multimodal benchmark functions.

HWEAVOA’s performance in classical test functions indicates its ability in solv-
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ing real-world optimization problems. Especially compared with IHAOAVOA
and OAVOA, HWEAVOA performs better than IHAOAVOA in seven bench-
mark functions (F5–F8, F12, F15, and F18) and better than OAVOA in F1–F7,
F12, F13, and F15, benefiting from the NWF strategy that balances exploration
and exploitation capabilities like a powerful engine driving HWEAVOA to ex-
cavate small areas effectively.

For more obvious analysis, the Friedman test is used to compare solution results.
As shown in Table 6, HWEAVOA’s overall average ranking is 1.70, lower than
IHAOAVOA’s 1.96 and OAVOA’s 2.43. Meanwhile, HWEAVOA demonstrates
much faster convergence speed than other advanced algorithms, as shown in
Fig. 6 [Figure 6: see original paper]. When solving F1, F3, F5, F7, F12, and
F13, HWEAVOA converges fastest, followed by IHAOAVOA, significantly faster
than other advanced algorithms, meaning it reaches the best area very quickly.
This shows that HWEAVOA’s search performance, solution precision, and con-
vergence velocity are significantly enhanced. These features mean HWEAVOA
has robust global search capability, making an appropriate balance between
search mechanisms.

4.4 Evaluation with CEC2022 Test Functions After comprehensively
evaluating HWEAVOA using classical test functions, CEC2022 test functions
(Dimension = 10 and 20) are applied for further comprehensive evaluation. This
section aims to provide a reference for subsequent research, enabling other schol-
ars to compare and evaluate AVOA based on CEC2022 test functions. For
fairness, all algorithms perform under the same test conditions. Algorithm pa-
rameter settings are shown in Table 3.

In CEC2022 test functions, F1 is the unimodal function, F2–F5 are basic func-
tions, F6–F8 are hybrid functions, and F9–F12 are composition functions. Dif-
ferent function types evaluate algorithm performance from different aspects.
HWEAVOA’s experimental results with 10 and 20 dimensions are shown in
Table 7 and Table 8.

Results in Tables 7 and 8 show that HWEAVOA consistently obtains competi-
tive results in almost all test functions for both 10 and 20 dimensions. For the
entire CEC2022 test suite, HWEAVOA’s advantages are obvious, as the HCE
strategy makes the initial population distribution more homogeneous and en-
hances AVOA’s global optimization performance and convergence rate. Mean-
while, the RLC strategy increases population diversity and the chance of ob-
taining better solutions, giving poorly performing individuals opportunities to
become dominant.

For more comprehensive analysis, the Friedman test compares solution results.
As shown in Table 9, HWEAVOA’s overall average ranking is 2.25 in 10 di-
mensions, lower than COOT’s 2.83 and OAVOA’s 3.00. In 20 dimensions,
HWEAVOA’s overall average ranking is 2.50, far lower than COOT’s 3.75 and
GTO’s 4.17. In summary, HWEAVOA overcomes AVOA’s shortcomings and
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achieves better algorithm performance with the assistance of HCE and RLC
strategies.

4.5 Population Size Analysis This section examines the influence of pop-
ulation size on classical test functions. To adequately analyze HWEAVOA’s
population size sensitivity, the population size is set to 30, 60, 100, and 200 to
demonstrate its influence.

Experimental data in Table 10 show that HWEAVOA’s Avg and Std values
vary slightly across population sizes in 23 test functions, but the overall order of
magnitude remains basically at the same level. Because there is little difference
between the given population sizes, the earlier claim is supported. Therefore,
HWEAVOA is more stable when population changes.

4.6 Scalability Analysis This section investigates the scalability of
HWEAVOA and AVOA using classical test functions with different dimensions:
10, 30, 50, 100, and 1000. Experimental results using thirteen classical functions
(F1–F13) with different dimension sizes are shown in Table 11.

When solving functions F1–F4, F9, F10, and F11, HWEAVOA obtains opti-
mal values across all five dimension settings. Although optimal values for other
functions in different dimensions cannot be obtained, HWEAVOA’s search abil-
ity and algorithm stability remain better than AVOA. As shown in Fig. 7
[Figure 7: see original paper], HWEAVOA dramatically improves convergence
speed and solving accuracy in the solution space when dealing with problems
in different dimensions compared with original AVOA. Meanwhile, as shown
in Tables 6 and 7, HWEAVOA consistently ranks in the top three positions
when solving CEC2022 test functions F1–F4, F7–F10, and F12. This analysis
shows HWEAVOA has better ability to handle high-dimensional problems than
original AVOA.

4.7 Time Consumption and Algorithm Complexity Analysis To study
HWEAVOA’s time consumption, the running time of HWEAVOA and other
advanced algorithms in classical test functions is shown in Table 12, with mea-
surement units in seconds.

Experimental results show HWEAVOA’s time consumption is similar to orig-
inal AVOA and inferior to some classical optimization algorithms, but its al-
gorithm accuracy and stability are leading. These results demonstrate that
HWEAVOA’s overall search performance has not been affected. Therefore,
HWEAVOA has higher search efficiency than other advanced algorithms.

Moreover, algorithm complexity is also an important evaluation criterion for
optimization algorithms. Therefore, algorithm complexity is calculated based
on CEC2022 test functions. According to Sun, Sun, Li, & Ieee (2022), the
calculation rules are as follows:

1. Run the test program below:
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x = 0.55
for i = 1:200000

x = x + x
x = x / 2
x = x * x
x = sqrt(x)
x = log(x)
x = exp(x)
x = x / (x + 2)

2. Evaluate time consumption for CEC2022 test function F1 with 200,000
evaluations of dimension 𝐷, denoted as 𝑇1.

3. Evaluate complete time for mentioned algorithms with 200,000 evaluations
of the same 𝐷-dimensional F1, denoted as 𝑇2.

4. Calculate 𝑇2 for 5 independent runs: 𝑇2 = mean(𝑇2).
Finally, algorithm complexity is calculated as (𝑇2 − 𝑇1)/𝑇0. Using this method,
algorithm complexity for HWEAVOA and other improved algorithms is shown
in Table 13.

Table 13 indicates that HWEAVOA is outperformed by some advanced al-
gorithms in algorithm complexity when Dimension = 10 and 20. However,
HWEAVOA can achieve relatively competitive results with very small itera-
tions throughout the convergence process, leading other algorithms in overall
performance. Overall, combined with previous research (Sun, Li, Huang, & Ieee,
2022), HWEAVOA’s results have reached the general level of swarm intelligence
algorithms and remain competitive in algorithm complexity.

4.8 Wilcoxon Rank Sum Test Although test results from classical and
CEC2022 test functions show HWEAVOA’s superiority to some extent, due
to the stochastic nature of meta-heuristic algorithms, it is important to fur-
ther illustrate significant differences among these algorithms statistically. The
Wilcoxon rank sum test (Manalo, Biermann, Patil, & Mehta, 2022) can count
significant differences between algorithms and is often used to evaluate optimiza-
tion performance of improved algorithms. Therefore, the Wilcoxon rank sum
test is applied to CEC2022 test functions in 10 and 20 dimensions to further
verify HWEAVOA at significance level 𝛼 < 0.05.

Statistical results of the Wilcoxon rank sum test of HWEAVOA relative to each
comparison algorithm are shown in Table 14, where “+”, “=”, and “-” respec-
tively indicate HWEAVOA is superior, equal, or worse than comparison algo-
rithms. A p-value less than 0.05 indicates HWEAVOA shows a more significant
difference than the compared algorithm.

According to test results in Table 14, compared with other advanced algorithms,
HWEAVOA’s test p-values are all less than 0.05, and most symbols are “+”.

chinarxiv.org/items/chinaxiv-202403.00412 Machine Translation

https://chinarxiv.org/items/chinaxiv-202403.00412


Therefore, HWEAVOA is statistically superior to other advanced algorithms,
with significant differences between HWEAVOA and these algorithms.

5. Conclusions and Future Works

To address issues of original AVOA (i.e., tendency to fall into local optima
and imbalance between global and local search stages), this paper proposes an
improved African vultures optimization algorithm (HWEAVOA) with three ef-
ficient optimization strategies. First, the Henon chaotic mapping theory and
elite population strategy improve the randomness and diversity of the initial
vulture population. Furthermore, the nonlinear adaptive incremental inertial
weight factor introduced in the location update phase satisfies requirements for
exploration and exploitation abilities in different phases and prevents the al-
gorithm from falling into local optima. The addition of the reverse learning
competition strategy allows the algorithm to expand the discovery field for opti-
mal solutions, accelerate convergence speed, and strengthen the ability to escape
local optima. In simulation tests, HWEAVOA and other advanced comparison
algorithms solve classical and CEC2022 test functions. Through comparative
analysis of experimental results and convergence curves, HWEAVOA’s optimiza-
tion ability and convergence speed for solving complex functions are obviously
better than other advanced algorithms. Meanwhile, HWEAVOA reaches a gen-
eral level in algorithmic complexity, and its overall performance is competitive
among swarm intelligence algorithms.

Future possible works are as follows: Although HWEAVOA improves al-
gorithm performance in optimization ability, convergence speed, and solution
stability, it still has room for improvement in time consumption and algorithmic
complexity. Follow-up work will further optimize HWEAVOA for these issues.
Furthermore, large-scale problems and dynamic problems represent current de-
velopment trends in swarm intelligence, but many algorithms perform poorly
and are prone to local optimization when solving these problems. We will con-
tinue studying based on HWEAVOA to improve the application space of swarm
intelligence algorithms.
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Appendix 1

Classical Test Functions

Function Type Function Equation Range Optimal
Unimodal
Benchmark
Functions
F1 ∑𝑛

𝑖=1 𝑥2
𝑖 [-

100,100]
0

F2 ∑𝑛
𝑖=1 |𝑥𝑖| + ∏𝑛

𝑖=1 |𝑥𝑖| [-10,10] 0
F3 ∑𝑛

𝑖=1 (∑𝑖
𝑗=1 𝑥𝑗)

2
[-
100,100]

0

F4 max𝑖{|𝑥𝑖|, 1 ≤ 𝑖 ≤ 𝑛} [-
100,100]

0

F5 ∑𝑛−1
𝑖=1 [100(𝑥𝑖+1 − 𝑥2

𝑖 )2 +
(𝑥𝑖 − 1)2]

[-30,30] 0

F6 ∑𝑛
𝑖=1(𝑥𝑖 + 0.5)2 [-

100,100]
0

F7 ∑𝑛
𝑖=1 𝑖𝑥4

𝑖 + random[0, 1) [-
1.28,1.28]

0

Multimodal
Benchmark
Functions
F8 ∑𝑛

𝑖=1 −𝑥𝑖 sin(√|𝑥𝑖|) [-
500,500]

-418.9829 ×
n

F9 ∑𝑛
𝑖=1[𝑥2

𝑖 − 10 cos(2𝜋𝑥𝑖) +
10]

[-
5.12,5.12]

0

F10 −20 exp (−0.2√ 1
𝑛 ∑𝑛

𝑖=1 𝑥2
𝑖 )−

exp ( 1
𝑛 ∑𝑛

𝑖=1 cos(2𝜋𝑥𝑖)) +
20 + 𝑒

[-32,32] 0

F11 1
4000 ∑𝑛

𝑖=1 𝑥2
𝑖 −

∏𝑛
𝑖=1 cos ( 𝑥𝑖√

𝑖 ) + 1
[-
600,600]

0

F12 𝜋
𝑛 {10 sin2(𝜋𝑦1) + ∑𝑛−1

𝑖=1 (𝑦𝑖 − 1)2[1 + 10 sin2(𝜋𝑦𝑖+1)] + (𝑦𝑛 − 1)2}+
∑𝑛

𝑖=1 𝑢(𝑥𝑖, 10, 100, 4)
[-50,50] 0

F13 0.1 {sin2(3𝜋𝑥1) + ∑𝑛−1
𝑖=1 (𝑥𝑖 − 1)2[1 + sin2(3𝜋𝑥𝑖+1)] + (𝑥𝑛 − 1)2[1 + sin2(2𝜋𝑥𝑛)]}+

∑𝑛
𝑖=1 𝑢(𝑥𝑖, 5, 100, 4)

[-50,50] 0
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Function Type Function Equation Range Optimal
Fixed-Dimension
Multimodal
Benchmark
Functions

F14 ( 1
500 + ∑25

𝑗=1
1

𝑗+∑2
𝑖=1(𝑥𝑖−𝑎𝑖𝑗)6 )

−1
[-65,65] 1

F15 ∑11
𝑖=1 [𝑎𝑖 − 𝑥1(𝑏2

𝑖 +𝑏𝑖𝑥2)
𝑏2

𝑖 +𝑏𝑖𝑥3+𝑥4
]

2
[-5,5] 0.00030

F16 4𝑥2
1 − 2.1𝑥4

1 + 1
3 𝑥6

1 +
𝑥1𝑥2 − 4𝑥2

2 + 4𝑥4
2

[-5,5] -1.0316

F17 (𝑥2 − 5.1
4𝜋2 𝑥2

1 + 5
𝜋 𝑥1 − 6)2 +

10(1 − 1
8𝜋 ) cos(𝑥1) + 10

[-5,5] 0.398

F18 [1 + (𝑥1 + 𝑥2 + 1)2(19 −
14𝑥1 + 3𝑥2

1 − 14𝑥2 +
6𝑥1𝑥2+3𝑥2

2)]×[30+(2𝑥1 −
3𝑥2)2(18 − 32𝑥1 + 12𝑥2

1 +
48𝑥2 − 36𝑥1𝑥2 + 27𝑥2

2)]

[-2,2] 3

F19 − ∑4
𝑖=1 𝑐𝑖 exp (− ∑3

𝑗=1 𝑎𝑖𝑗(𝑥𝑗 − 𝑝𝑖𝑗)2)[0,1] -3.86
F20 − ∑4

𝑖=1 𝑐𝑖 exp (− ∑6
𝑗=1 𝑎𝑖𝑗(𝑥𝑗 − 𝑝𝑖𝑗)2)[0,1] -3.32

F21 ∑4
𝑖=1 [(𝑋 − 𝑎𝑖)(𝑋 − 𝑎𝑖)𝑇 + 𝑐𝑖]

−1[0,10] -10
F22 ∑4

𝑖=1 [(𝑋 − 𝑎𝑖)(𝑋 − 𝑎𝑖)𝑇 + 𝑐𝑖]
−1[0,10] -10

F23 ∑4
𝑖=1 [(𝑋 − 𝑎𝑖)(𝑋 − 𝑎𝑖)𝑇 + 𝑐𝑖]

−1[0,10] -10

Appendix 2

CEC2022 Test Functions

Function Type Functions
Unimodal Function Shifted and full Rotated

Zakharov Function
Basic Functions Shifted and full Rotated

Rosenbrock’s FunctionShifted
and full Rotated Expanded
Schaffer’s f6 FunctionShifted
and full Rotated
Non-Continuous Rastrigin’s
FunctionShifted and full
Rotated Levy Function
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Function Type Functions
Hybrid Functions Hybrid Function 1 (N =

3)Hybrid Function 2 (N =
6)Hybrid Function 3 (N = 5)

Composition Functions Composition Function 1 (N =
5)Composition Function 2 (N
= 4)Composition Function 3
(N = 5)Composition Function
3 (N = 6)

Search range: [-100, 100]^D

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv — Machine translation. Verify with original.
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