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Abstract: The osprey optimization algorithm (OOA) is a metaheuristic algorithm with a simple
framework, which is inspired by the hunting process of ospreys. To enhance its searching capabilities
and overcome the drawbacks of susceptibility to local optima and slow convergence speed, this
paper proposes a modified osprey optimization algorithm (MOOA) by integrating multiple advanced
strategies, including a Lévy flight strategy, a Brownian motion strategy and an RFDB selection
method. The Lévy flight strategy and Brownian motion strategy are used to enhance the algorithm’s
exploration ability. The RFDB selection method is conducive to search for the global optimal solution,
which is a symmetrical strategy. Two sets of benchmark functions from CEC2017 and CEC2022 are
employed to evaluate the optimization performance of the proposed method. By comparing with
eight other optimization algorithms, the experimental results show that the MOOA has significant
improvements in solution accuracy, stability, and convergence speed. Moreover, the efficacy of
the MOOA in tackling real-world optimization problems is demonstrated using five engineering
optimization design problems. Therefore, the MOOA has the potential to solve real-world complex
optimization problems more effectively.

Keywords: osprey optimization algorithm; global optimization; Lévy flight; Brownian motion;
fitness–distance balance-based selection

1. Introduction

The optimization problems exist in various fields, such as engineering design [1],
resource allocation [2], scheduling and routing [3], image segmentation [4], machine learn-
ing and data mining [5]. However, finding the global optimum of complex and dynamic
problems can be computationally expensive or even impossible for the traditional opti-
mization methods, such as gradient-based techniques [6], and Newton’s method [7]. In
the last few decades, various metaheuristic algorithms (MAs) have been developed to
tackle challenging optimization problems. The metaheuristic algorithm is one type of
population-based optimization method that has the merits of flexibility and simplicity and
is gradient-free [8–10].

In each metaheuristic algorithm, exploration (global) and exploitation (local) searches
are two crucial processes for achieving the optimal solution. In the early stage of iterations,
the exploration search is emphasized to guarantee the algorithm widely explores the search
space for global optimum, while the exploitation search is desired in the later stage to
improve the quality of the obtained optimal solution. However, it is a challenging task
to strike a balance between the global search and local search. Motivated by the no free
lunch (NFL) theorem [11], which states there is no optimization algorithm that can solve
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all optimization issues, it is always needed to develop new optimizers to address newly
appeared optimization problems.

Some well-known and newly proposed optimizers are listed in Table 1, which are
sorted into four groups: swarm-based, physics/mathematics/chemistry-based, human-
based, and plant-based. In the swarm-based methods, particle swarm optimization (PSO)
is a famous algorithm that was proposed in 1995 [8] and was inspired by the foraging
behaviors of flying birds. The greater cane rat algorithm (GCRA) [12] is the newest devel-
oped algorithm that is motivated by the foraging and mating behaviors of cane rats. The
physics/mathematics/chemistry-based algorithms are those approaches that are inspired
by the laws or principles of physics, mathematics, and chemistry, such as optics-inspired
optimization (OIO) [13], the artificial electric field algorithm (AEFA) [14], the Archimedes
optimization algorithm (AOA) [10], and the material generation algorithm (MGA) [15].
The human-based category is another representative collection of metaheuristic algorithms,
which are inspired by the intelligent social behaviors of human beings, including school-
based optimization (SBO) [16], political optimizer (PO) [17], and the special forces algorithm
(SFA) [18]. The last class is the plant-based methods. As its name implies, these methods
usually simulate the group behavior of plants in nature, such as the carnivorous plant algo-
rithm (CPA) [19], the dandelion optimizer (DO) [20], and the orchard algorithm (OA) [21].
Other categories of MAs also include evolutionary-based algorithms, such as the genetic
algorithm (GA) [22] and differential evolution (DE) [23].

Table 1. A summary of advanced metaheuristic algorithms.

Category Algorithm Name Year Inspiration Application Reference

Swarm-
based

Particle swarm optimiza-
tion (PSO)

1995 The foraging behaviors of
birds

Multilayer perceptron [8]

Grey wolf optimization
(GWO)

2014 Hierarchy of Grey wolf be-
havior

29 benchmark functions, three en-
gineering design problems, optical
buffer design

[9]

Fire Hawk Optimizer
(FHO)

2022 Foraging behavior of
whistling kites, black kites,
and brown falcons

CEC2020, mechanical engineering de-
sign problems

[24]

Osprey optimization algo-
rithm (OOA)

2023 The hunting fish process of
osprey

CEC2017, CEC2011 test suite [25]

Spider wasp optimizer
(SWO)

2023 Behaviors of the female spi-
der wasps

CEC2005, CEC2014, CEC2017,
CEC2020, engineering design prob-
lems, photovoltaic models

[26]

Greater cane rat algorithm
(GCRA)

2024 Foraging and mating behav-
iors of cane rats in nature

22 classical benchmark functions, 10
CEC2020 functions, CEC2011 real-
world problems

[12]

Physics/
mathematics/
chemistry-
based

Optics-inspired optimiza-
tion (OIO)

2015 Law of reflection CEC2005, bi-objective optimization of
centrifuge pumps

[13]

Artificial electric field algo-
rithm (AEFA)

2019 Coulomb’s law of electro-
static force

CEC2015 [14]

Archimedes optimization
algorithm (AOA)

2021 Classical Archimedes’s
principle

CEC2005, 5 engineering design prob-
lems

[10]

Material generation algo-
rithm (MGA)

2021 Chemical compounds and
reactions in producing new
materials

CEC2017, 15 engineering design prob-
lems

[15]

Human-
based

School-Based Optimization
(SBO)

2018 Traditional educational pro-
cess that operates within a
multi-classroom school

Design of structural steel frames [16]

Political optimizer (PO) 2020 Multi-phased process of
politics

50 benchmark functions and 4 con-
strained engineering design problems

[17]

Special forces algorithm
(SFA)

2023 Missions of modern special
forces

CEC2005, engineering design prob-
lems

[18]

Plant-
based

Carnivorous plant algo-
rithm (CPA)

2021 Carnivorous plants adapt-
ing to survive in the harsh
environment

CEC2017, mechanical engineering de-
sign problems, controlling the orienta-
tion of robotic arm

[19]

Dandelion optimizer (DO) 2022 Process of dandelion seed
long-distance flight relying
on wind

CEC2017 and 4 real-world optimiza-
tion problems

[20]

Orchard algorithm (OA) 2023 Fruit gardening process 60 test functions, 5 engineering bench-
mark problems

[21]
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The osprey optimization algorithm (OOA) is a new swarm-based intelligence algo-
rithm that was developed in 2023 [25]. OOA is inspired by the hunting process of natural
ospreys, including two phases of hunting the fish and carrying fish to a suitable position.
Experiments on the CEC2017 test suite and twenty-two real-world optimization problems
were conducted to evaluate the optimization performance of OOA. Compared to twelve
well-known algorithms, the results demonstrate that OOA has adequate performance in
solving these problems. Moreover, the OOA also displays superior performance in solving
the economic load dispatch (ELD) problem [27]. However, like other approaches, OOA may
face the problems of insufficient global exploration, slow convergence, and local optima
when solving challenging optimization problems. To overcome the potential shortcom-
ings of the original OOA, this paper proposes a modified osprey optimization algorithm
(MOOA), which combines three advanced strategies. The main contributions of this paper
are listed as follows:

• The Lévy flight strategy is employed to help OOA jump out of local minima and
strengthen its global search capability.

• The Brownian motion strategy is introduced in Phase 1 of OOA to enable the individ-
uals to explore the promising regions.

• The RFDB selection method is used to select a high-potential solution candidate in
Phase 2 of OOA.

• The superior performance of the proposed MOOA is verified by comparing other
advanced algorithms according to the numerical results, convergence curves and box
plots of CEC2017 and CEC2022 test functions.

• The results of five practical engineering optimization problems also demonstrate the
effectiveness of the MOOA.

The remaining sections are structured as follows: Section 2 presents the standard os-
prey optimization algorithm. Then, the improvements of the osprey optimization algorithm
and the proposed MOOA are provided in Section 3. Section 4 is the experimental results
of benchmark functions for the proposed algorithm and other compared state-of-the-art
methods. The application of the proposed algorithm to real-world problems is further
discussed in Section 5. At last, Section 6 summarizes the presented work and provides
some suggestions for future research.

2. Osprey Optimization Algorithm
2.1. Inspiration

The osprey optimization algorithm (OOA) [25] is inspired by the natural hunting
behaviors of osprey, including identifying the fish’s position, hunting fish, and carrying the
fish. In OOA, the behavior of hunting fish is mathematically modeled as the exploration
phase, and the behavior of carrying fish is formulated as the exploitation phase. This
framework enables OOA to balance exploration and exploitation and obtain the optimal
solution of optimization problems. The details of OOA are given as follows.

2.2. Mathematical Modeling

In OOA, like other metaheuristic algorithms, the positions of all ospreys are randomly
generated within the search space by using Equation (1).

Xi,j = rand × (ubj − lbj) + lbj, j = 1, 2, . . . , D (1)

where rand is the random number between 0 and 1, and ubj and lbj are the upper bound
and lower bound of the search space. D is the dimension of the optimization problem. And
Xi,j is the generated position of the i-th individual in the j-th dimension.

Furthermore, in the iterative process, two phases are designed in the OOA, i.e., hunting
the fish and carrying the fish, which are introduced below.
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2.2.1. Phase 1: Exploring the Search Space and Hunting the Fish

The first stage of OOA is to perform the global search and avoid falling into local
optima. In this phase, ospreys attack fishes and try to explore the entire search space. At
first, the fishes’ positions are determined using Equation (2).

FPi = {Xk|k ∈ {1, 2, . . . , N} ∩ Fk < Fi} ∪ {Xbest} (2)

where FPi is the selected position of fish for the i-th osprey. Fi is the fitness of the i-th
individual. Xbest means the position of the best individual.

After identifying the positions of fishes, osprey will try to attack these targets, which
is mathematically modeled in Equation (3).

XP1
i,j = Xi,j + r1 × (SFi,j − Ii,j × Xi,j), i = 1, 2, . . . , N, j = 1, 2, . . . , D (3)

where r1 is a random number within [0, 1]. SFi,j is the position of fish, which is selected
from the identified fishes. Ii,j is a random integer within {1, 2}. Then, the new position will
replace the previous position if its fitness is better than the previous value, which is defined
in Equation (4).

Xi =

{
XP1

i , i f FP1
i < Fi

Xi, otherwise
(4)

where FP1
i is the fitness of the newly generated position.

2.2.2. Phase 2: Exploiting the Search Space and Carrying the Fish

In the second phase, ospreys need to find a suitable position after hunting a fish. This
stage makes the OOA perform a local search and converge to the optimal solution. The
mathematical model is shown in Equation (5).

XP2
i,j = Xi,j +

lbj + r2 × (ubj − lbj)

t
, t = 1, 2, . . . , T (5)

where lbj and ubj are the lower and upper boundaries of the search space. r2 is a random
value within [0, 1]. t and T are the current and maximum iteration number, respectively.
Then, like in the previous phase, a better solution will be adopted by the new individual,
which is determined using Equation (6).

Xi =

{
XP2

i , i f FP2
i < Fi

Xi, otherwise
(6)

where FP2
i is the fitness of the newly generated position.

The flowchart and pseudocode of OOA are shown in Figure 1 and Algorithm 1.

Figure 1. The flowchart of OOA.
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Algorithm 1 The pseudocode of OOA.

1: Input the population size (N) and maximum iterations (T).
2: Initialize the positions of all ospreys using Equation 1.
3: for t = 1 to T do
4: for i = 1 to N do
5: Phase 1: Exploring the search space and hunting the fish
6: Determine the position of fish using Equation (2).
7: Calculate the new position of osprey using Equation (3).
8: Check the boundary conditions and update the i-th osprey using Equation (4).
9: Phase 2: Exploiting the search space and carrying the fish

10: Calculate the new position of osprey using Equation (5).
11: Check the boundary conditions and update the i-th osprey using Equation (6).
12: end for
13: end for
14: Output the best solution.

3. Proposed MOOA Approach
3.1. Shortcomings of OOA

In the standard OOA, two natural behaviors of ospreys are mathematically modeled,
i.e., hunting the fish in the selected location and carrying the fish to a suitable position.
Although OOA has shown superior performance in some optimization problems, it still has
the possibility of falling into local optima and weak exploitative abilities when solving other
types of optimization problems and failing to obtain optimal solutions on more complex and
high-dimensional problems. Thus, OOA still needs to be further improved.

3.2. Modified Methods

In this work, three improvements are applied to the basic OOA to enhance its global
search capabilities and accelerate convergence speed. These improvements are the Lévy
flight strategy, the Brownian motion strategy and the RFDB selection method. The details
are shown below.

3.2.1. Lévy Flight Strategy

In the global search process of OOA, parameter r1 limits the search area of the ospreys,
which needs to be modified. The Lévy flight strategy (LFS) is an effective method to help
optimization algorithms escape local minima [28]. The Lévy flight value is calculated
as follows:

Levy(1) =
u

|v|
1
β

(7)

σu = (
Γ(1 + β)× sin(πβ

2 )

Γ( 1+β
2 )× β × 2(

β−1
2 )

)
1
β (8)

where u and v satisfy the Gaussian distribution, u ∼ (0, σu
2), v ∼ (0, σv

2), σv = 1, β = 1.5,
and Γ is the standard gamma function.

In the MOOA, the Lévy flight strategy is applied to replace the random number r1 in
Equation (3). The new equation of hunting fish is modified in Equation (9).

XP1
i,j = Xi,j + Levy(1)× (SFi,j − Ii,j × xi,j) (9)
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3.2.2. Brownian Motion Strategy

To increase the diversity of the population, the Brownian motion strategy (BMS) is
applied in Phase 1 of OOA as another choice for hunting the fish. This strategy comes from
the Brownian movement of predators in MPA [29], which is a probabilistic exploration method
and enables the individuals to explore promising regions. Thus, it can help the ospreys search
the entire space more efficiently. The modified equation is presented as follows:

XP1
i,j = Xi,j + P × CF × randn × (randn × SFi,j − Ii,j × xi,j) (10)

CF = (1 − t
T
)(2×t/T) (11)

where P is a constant value set to 0.5. randn is a random number satisfying the standard
normal distribution.

3.2.3. RFDB Selection Method

To improve the exploitation ability of OOA, the roulette fitness–distance balance-based
(RFDB) selection method is employed in Phase 2 of OOA [30]. The RFDB selection method
considers both the fitness and distance values of individuals. Thus both the fitness and
distance values will have an impact on the selection of individuals. In this case, the RFDB
selection method can be regarded as a symmetrical method. The roulette wheel method is
used to determine the high-potential solution candidate, which can be helpful for finding the
global optimal solution. The details of the RFDB selection method are explained as follows.

1. Calculate the distance between the i-th osprey and the best osprey.

DPi =
√
(x[i,1] − x[best,1])

2 + (x[i,2] − x[best,2])
2 + · · ·+ (x[i,D] − x[best,D])

2 (12)

2. Form the distance vector.

DP ≡


d1
·
·
·

dm

 (13)

3. Calculate the score of each individual according to the fitness and distance values.

SPi = F × norm fi + (1 − F)× normDPi (14)

where F is a weight coefficient set to 0.5. norm fi and normDPi mean the normalized
values of fitness and distance for the i-th individual.

4. Form the RFDB score vector.

SP ≡


s1
·
·
·

sN

 (15)

According to the results of the score vector, the roulette wheel selection method is used
to randomly select a candidate individual. Then, refer to Equation (5), and this individual
is employed to generate a new position using Equation (16).

XP2
i,j = Xi,j +

XRFDB
t

(16)

where XRFDB is the selected candidate individual using the RFDB selection method from
the population.

The flowchart of the proposed MOOA is presented in Figure 2, and the pseudocode is
given in Algorithm 2.
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Figure 2. The flowchart of MOOA.

3.3. Time Complexity Analysis of the MOOA

The time complexity is an important indicator for the optimization algorithm [31]. The
related influence factors are the initialization, population size N, dimension of optimization
problem D, and number of maximum iterations T. In the original OOA, the time complexity
of initialization is O(N × D). The time complexity of phase one is O(N × D × T). The time
complexity of phase two is O(N × D × T). Therefore, the total time complexity of OOA is
O(N × D × (2T + 1)). For the MOOA, the Lévy flight strategy, Brownian motion strategy and
fitness–distance balance-based selection method have been applied to improve the basic OOA.
In the new phase one and phase two, the time complexity is still O(N × D × T). Accordingly,
the total time complexity of the MOOA is O(N × D × (2T + 1)), which is the same as OOA.

Algorithm 2 The pseudocode of the MOOA.

1: Input the population size (N) and maximum iterations (T).
2: Initialize the positions of all ospreys using Equation (1).
3: for t = 1 to T do
4: for i = 1 to N do
5: Phase 1: Exploring the search space and hunting the fish
6: Determine the position of fish using Equation (2).
7: if (rand < 0.5) then
8: Calculate the new position of the osprey using Equation (9).
9: else

10: Calculate the new position of the osprey using Equation (10).
11: end if
12: Check the boundary conditions and update the i-th osprey using Equation (4).
13: Phase 2: Exploiting the search space and carrying the fish
14: if (rand < 0.5) then
15: Calculate the new position of the osprey using Equation (5).
16: else
17: Calculate the new position of the osprey using Equation (16).
18: end if
19: Check the boundary conditions and update the i-th osprey using Equation (6).
20: end for
21: end for
22: Output the best solution.
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4. Analysis of Experiments and Results
4.1. Experimental Settings

To evaluate the performance of the suggested MOOA, the challenging CEC2017 [32]
and CEC2022 [33] benchmark functions are employed. Tables 2 and 3 provide the specific
details of these two test suites. More information of CEC2017 and CEC2022 can also be
found in other works [34,35].

Table 2. CEC2017 benchmark functions.

Type No. Description Fmin

Unimodal functions F1 Shifted and rotated bent cigar function 100
F3 Shifted and rotated Zakharov function 300

Simple multimodal functions

F4 Shifted and rotated Rosenbrock’s function 400
F5 Shifted and rotated Rastrigin’s function 500
F6 Shifted and rotate expanded scaffer’s F6 function 600
F7 Shifted and rotated Lunacek Bi_Rastrigin function 700
F8 Shifted and rotated non-continuous Rastrigin’s function 800
F9 Shifted and rotated Lévy function 900
F10 Shifted and rotated Schwefel’s function 1000

Hybrid functions.

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

Composition functions

F21 Composition function 1 (N = 3) 2100
F22 Composition function 2 (N = 3) 2200
F23 Composition function 3 (N = 4) 2300
F24 Composition function 4 (N = 4) 2400
F25 Composition function 5 (N = 5) 2500
F26 Composition function 6 (N = 5) 2600
F27 Composition function 7 (N = 6) 2700
F28 Composition function 8 (N = 6) 2800
F29 Composition function 9 (N = 3) 2900
F30 Composition function 10 (N = 3) 3000

Search range: [−100, 100], Dimension: 10

Table 3. CEC2022 benchmark functions.

Type No. Description Fmin

Unimodal functions F1 Shifted and fully rotated Zakharov function 300

Simple multimodal functions
F2 Shifted and fully rotated Rosenbrock’s function 400
F3 Shifted and fully rotated Rastrigin’s function 600
F4 Shifted and fully rotated non-continuous Rastrigin’s function 800
F5 Shifted and fully rotated Lévy function 900

Hybrid functions
F6 Hybrid function 1 (N = 3) 1800
F7 Hybrid function 2 (N = 6) 2000
F8 Hybrid function 3 (N = 5) 2200

Composition functions
F9 Composition function 1 (N = 5) 2300
F10 Composition function 2 (N = 4) 2400
F11 Composition function 3 (N = 5) 2600
F12 Composition function 4 (N = 6) 2700

Search range: [−100, 100], Dimension: 10

In addition, the optimization results of the MOOA are compared to eight advanced
algorithms, including six standard algorithms as follows: the osprey optimization al-
gorithm (OOA) [25], the Aquila optimization (AO) [36], the arithmetic optimization al-
gorithm (AOA) [10], the chimp optimization algorithm (ChOA) [37], the Harris hawk
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optimization (HHO) [38], the grey wolf optimizer (GWO) [9], and two modified algorithms,
representative-based grey wolf optimizer (RGWO) [39] and modified particle swarm opti-
mization (MPSO) [40]. The parameter settings of the MOOA and competitive algorithms are
given in Table 4. For a fair comparison, the population size and maximum number of itera-
tions of all methods are set to 30 and 500, respectively. Each test function is independently
performed 30 times to eliminate the effect of randomness.

Table 4. Parameter settings for optimization algorithms.

Algorithm Year Parameters

MOOA - r1 ∈ [0, 1], P=0.5, CF = (1 − t/T)2×t/T

OOA 2023 r1 ∈ [0, 1]
AO 2021 α = 0.1, δ = 0.1
AOA 2021 α = 5, µ = 0.499
ChOA 2020 Control parameter f ∈ [0, 2]
HHO 2019 Initial Energy E0 ∈ [−1, 1]
GWO 2014 Convergence parameter a = 2 × (1 − t/T)
RGWO 2021 σinitial = 1, σf inal = 0, Exponent = 2
MPSO 2009 Cognitive coefficient c1 = 2.55 − 2.05 × t/T,

Social coefficient c2 = 1.25 + t/T,
Inertia weight W linearly decreased in [0.9, 0.4]

4.2. Experimental Series 1: CEC2017 Benchmark Functions

Table 5 provides the mean, best, worst, Std and Friedman ranking results of the MOOA
and other comparison algorithms on the CEC2017 functions [41]. The best mean values
among these algorithms are marked in bold. By observing the results, it is found that
the MOOA obtains the lowest mean values on 19 test functions, including F1, F4, F5, F8,
F10, F12, F13, F16-F19, F21-F27, and F30, indicating the MOOA’s superior performance in
solving CEC2017 problems compared to other methods. For other benchmark functions,
the MOOA also obtains good optimal values except for F3, F6, F7, and F9. On the whole, the
MOOA outperforms the basic OOA and other algorithms, demonstrating the outstanding
search capability of the MOOA. In addition, according to the mean ranking results given
in Table 5, the MOOA obtains the smallest average rank of 1.66 and ranks first, followed
by the RGWO, MPSO, GWO, AO, HHO, ChOA, AOA, and OOA. Therefore, the global
and local search performance of basic OOA is substantially enhanced by applying effective
improvement strategies, including the Lévy flight strategy, the Brownian motion strategy
and the RFDB selection method.

Table 5. Numerical results of the MOOA and other comparison algorithms on CEC2017.

Function Index MOOA OOA AO AOA ChOA HHO GWO RGWO MPSO

F1

Mean 4.395E+05 9.913E+09 2.604E+07 7.909E+09 2.250E+09 1.590E+06 2.383E+07 1.363E+07 4.079E+08
Best 8.625E+04 3.718E+09 9.494E+05 1.730E+09 4.204E+08 1.967E+05 2.427E+04 4.898E+04 1.321E+03
Worst 4.477E+06 2.274E+10 1.760E+08 1.645E+10 4.692E+09 7.429E+06 3.721E+08 3.427E+08 1.807E+09
Std 7.917E+05 4.835E+09 3.929E+07 3.667E+09 1.701E+09 1.703E+06 8.124E+07 6.248E+07 6.142E+08
Rank 1 9 5 8 7 2 4 3 6

F3

Mean 2.553E+03 1.305E+04 2.419E+03 1.264E+04 4.702E+03 7.649E+02 3.374E+03 7.481E+02 5.709E+02
Best 1.125E+03 6.009E+03 4.706E+02 5.373E+03 1.998E+03 3.162E+02 3.168E+02 3.045E+02 3.000E+02
Worst 4.188E+03 1.996E+04 3.925E+03 1.754E+04 8.540E+03 1.842E+03 1.057E+04 2.784E+03 4.554E+03
Std 8.693E+02 3.862E+03 8.808E+02 3.207E+03 1.910E+03 4.143E+02 2.673E+03 7.698E+02 9.251E+02
Rank 5 9 4 8 7 3 6 2 1

F4

Mean 4.092E+02 1.144E+03 4.266E+02 1.143E+03 6.133E+02 4.366E+02 4.167E+02 4.188E+02 4.274E+02
Best 4.017E+02 5.695E+02 4.052E+02 5.247E+02 4.566E+02 4.004E+02 4.004E+02 4.035E+02 4.042E+02
Worst 4.385E+02 3.558E+03 5.088E+02 2.224E+03 8.835E+02 5.657E+02 4.949E+02 4.801E+02 5.156E+02
Std 7.374E+00 5.646E+02 2.646E+01 4.483E+02 1.348E+02 4.639E+01 1.935E+01 2.145E+01 3.154E+01
Rank 1 9 4 8 7 6 2 3 5

F5

Mean 5.153E+02 5.849E+02 5.350E+02 5.638E+02 5.624E+02 5.622E+02 5.174E+02 5.155E+02 5.259E+02
Best 5.065E+02 5.425E+02 5.200E+02 5.353E+02 5.388E+02 5.301E+02 5.060E+02 5.030E+02 5.080E+02
Worst 5.225E+02 6.129E+02 5.625E+02 6.244E+02 5.982E+02 6.006E+02 5.298E+02 5.433E+02 5.543E+02
Std 3.886E+00 1.916E+01 9.916E+00 1.816E+01 1.171E+01 2.102E+01 6.959E+00 9.126E+00 9.973E+00
Rank 1 9 5 8 7 6 3 2 4
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Table 5. Cont.

Function Index MOOA OOA AO AOA ChOA HHO GWO RGWO MPSO

F6

Mean 6.069E+02 6.423E+02 6.213E+02 6.405E+02 6.315E+02 6.395E+02 6.014E+02 6.011E+02 6.016E+02
Best 6.025E+02 6.234E+02 6.094E+02 6.211E+02 6.169E+02 6.179E+02 6.001E+02 6.001E+02 6.000E+02
Worst 6.119E+02 6.564E+02 6.431E+02 6.571E+02 6.547E+02 6.588E+02 6.084E+02 6.054E+02 6.101E+02
Std 2.615E+00 8.478E+00 6.768E+00 8.548E+00 1.024E+01 1.043E+01 1.791E+00 1.416E+00 2.324E+00
Rank 4 9 5 8 6 7 2 1 3

F7

Mean 7.345E+02 8.045E+02 7.563E+02 8.012E+02 8.041E+02 7.894E+02 7.311E+02 7.316E+02 7.246E+02
Best 7.204E+02 7.458E+02 7.283E+02 7.728E+02 7.543E+02 7.542E+02 7.171E+02 7.152E+02 7.066E+02
Worst 7.472E+02 8.548E+02 8.015E+02 8.209E+02 8.422E+02 8.255E+02 7.494E+02 7.780E+02 7.408E+02
Std 5.956E+00 2.762E+01 1.696E+01 1.224E+01 2.037E+01 1.769E+01 9.091E+00 1.451E+01 9.045E+00
Rank 4 9 5 7 8 6 2 3 1

F8

Mean 8.156E+02 8.538E+02 8.250E+02 8.364E+02 8.474E+02 8.321E+02 8.187E+02 8.168E+02 8.214E+02
Best 8.080E+02 8.348E+02 8.103E+02 8.177E+02 8.299E+02 8.131E+02 8.092E+02 8.070E+02 8.070E+02
Worst 8.249E+02 8.736E+02 8.370E+02 8.543E+02 8.680E+02 8.490E+02 8.460E+02 8.365E+02 8.421E+02
Std 4.396E+00 9.422E+00 6.936E+00 9.533E+00 1.023E+01 7.881E+00 7.789E+00 7.230E+00 8.964E+00
Rank 1 9 5 7 8 6 3 2 4

F9

Mean 9.536E+02 1.430E+03 1.032E+03 1.437E+03 1.461E+03 1.523E+03 9.151E+02 9.200E+02 9.010E+02
Best 9.184E+02 1.120E+03 9.293E+02 1.144E+03 9.947E+02 1.052E+03 9.005E+02 9.001E+02 9.000E+02
Worst 1.039E+03 1.902E+03 1.269E+03 1.838E+03 2.114E+03 1.864E+03 1.008E+03 1.098E+03 9.110E+02
Std 2.499E+01 1.987E+02 7.343E+01 1.692E+02 2.495E+02 2.235E+02 2.319E+01 4.032E+01 2.480E+00
Rank 4 6 5 7 8 9 2 3 1

F10

Mean 1.567E+03 2.536E+03 1.883E+03 2.298E+03 2.933E+03 2.222E+03 1.671E+03 1.791E+03 1.702E+03
Best 1.155E+03 2.023E+03 1.416E+03 1.916E+03 2.538E+03 1.759E+03 1.264E+03 1.141E+03 1.292E+03
Worst 1.833E+03 2.978E+03 2.381E+03 2.811E+03 3.139E+03 2.717E+03 2.512E+03 2.470E+03 2.353E+03
Std 1.537E+02 2.410E+02 2.553E+02 2.518E+02 1.401E+02 2.685E+02 3.157E+02 4.034E+02 2.546E+02
Rank 1 8 5 7 9 6 2 4 3

F11

Mean 1.129E+03 3.533E+03 1.280E+03 3.926E+03 1.350E+03 1.191E+03 1.158E+03 1.123E+03 1.171E+03
Best 1.108E+03 1.171E+03 1.126E+03 1.181E+03 1.184E+03 1.111E+03 1.108E+03 1.105E+03 1.101E+03
Worst 1.162E+03 1.147E+04 1.874E+03 1.245E+04 1.578E+03 1.521E+03 1.396E+03 1.153E+03 1.499E+03
Std 1.603E+01 2.631E+03 1.619E+02 3.094E+03 1.226E+02 8.578E+01 6.081E+01 1.362E+01 1.031E+02
Rank 2 8 6 9 7 5 3 1 4

F12

Mean 7.072E+04 2.995E+08 5.914E+06 2.125E+08 1.374E+07 3.615E+06 7.186E+05 5.611E+05 2.346E+06
Best 5.843E+03 2.084E+07 2.428E+04 1.116E+04 2.457E+05 3.349E+04 2.090E+04 9.694E+03 1.930E+03
Worst 5.629E+05 8.962E+08 1.848E+07 1.140E+09 2.690E+07 1.918E+07 4.643E+06 3.466E+06 2.388E+07
Std 1.076E+05 2.530E+08 5.921E+06 2.909E+08 7.578E+06 4.609E+06 1.112E+06 7.164E+05 5.138E+06
Rank 1 9 6 8 7 5 3 2 4

F13

Mean 2.615E+03 1.636E+06 1.546E+04 1.048E+04 4.417E+04 1.625E+04 1.242E+04 1.190E+04 1.414E+04
Best 1.902E+03 2.260E+03 3.319E+03 3.605E+03 9.423E+03 2.237E+03 2.487E+03 3.004E+03 1.885E+03
Worst 4.451E+03 4.099E+07 4.514E+04 3.193E+04 1.364E+05 5.636E+04 3.347E+04 3.633E+04 4.333E+04
Std 5.740E+02 7.553E+06 1.205E+04 7.638E+03 2.439E+04 1.356E+04 7.643E+03 8.218E+03 1.263E+04
Rank 1 9 6 2 8 7 4 3 5

F14

Mean 1.551E+03 2.916E+03 2.416E+03 1.188E+04 6.892E+03 1.906E+03 3.571E+03 1.511E+03 2.242E+03
Best 1.459E+03 1.461E+03 1.517E+03 1.465E+03 5.700E+03 1.488E+03 1.457E+03 1.458E+03 1.444E+03
Worst 1.699E+03 9.997E+03 6.098E+03 2.851E+04 9.512E+03 4.013E+03 7.208E+03 1.839E+03 1.024E+04
Std 6.688E+01 2.199E+03 1.082E+03 9.919E+03 8.245E+02 6.292E+02 2.165E+03 6.812E+01 2.209E+03
Rank 2 6 5 9 8 3 7 1 4

F15

Mean 2.359E+03 1.211E+04 7.394E+03 1.785E+04 1.885E+04 7.624E+03 5.380E+03 2.223E+03 3.445E+03
Best 1.677E+03 1.769E+03 1.837E+03 4.179E+03 3.127E+03 1.652E+03 1.649E+03 1.541E+03 1.547E+03
Worst 4.052E+03 1.986E+04 1.597E+04 2.850E+04 3.080E+04 1.290E+04 1.071E+04 6.039E+03 1.251E+04
Std 6.405E+02 3.692E+03 4.048E+03 4.991E+03 8.513E+03 3.611E+03 2.624E+03 1.120E+03 2.499E+03
Rank 2 7 5 8 9 6 4 1 3

F16

Mean 1.656E+03 2.041E+03 1.830E+03 2.048E+03 1.997E+03 1.904E+03 1.796E+03 1.663E+03 1.689E+03
Best 1.604E+03 1.675E+03 1.635E+03 1.752E+03 1.763E+03 1.619E+03 1.611E+03 1.604E+03 1.601E+03
Worst 1.766E+03 2.328E+03 2.130E+03 2.284E+03 2.212E+03 2.079E+03 2.061E+03 1.756E+03 1.909E+03
Std 4.637E+01 1.612E+02 1.329E+02 1.596E+02 1.436E+02 1.251E+02 1.397E+02 5.013E+01 8.762E+01
Rank 1 8 5 9 7 6 4 2 3

F17

Mean 1.739E+03 1.812E+03 1.791E+03 1.872E+03 1.800E+03 1.796E+03 1.776E+03 1.751E+03 1.772E+03
Best 1.726E+03 1.753E+03 1.749E+03 1.753E+03 1.769E+03 1.725E+03 1.727E+03 1.722E+03 1.702E+03
Worst 1.757E+03 1.876E+03 1.876E+03 2.076E+03 1.867E+03 2.011E+03 1.879E+03 1.811E+03 1.888E+03
Std 8.994E+00 3.293E+01 2.999E+01 1.075E+02 2.130E+01 5.384E+01 4.311E+01 1.733E+01 4.216E+01
Rank 1 8 5 9 7 6 4 2 3

F18

Mean 4.992E+03 3.642E+06 4.052E+04 8.061E+05 1.129E+05 1.471E+04 2.988E+04 2.874E+04 2.985E+04
Best 2.372E+03 3.033E+03 9.825E+03 3.214E+03 8.016E+03 2.622E+03 4.329E+03 4.678E+03 1.864E+03
Worst 1.149E+04 4.882E+07 7.970E+04 2.352E+07 5.063E+05 3.820E+04 5.554E+04 5.534E+04 5.535E+04
Std 2.144E+03 9.986E+06 1.858E+04 4.290E+06 1.300E+05 1.117E+04 1.638E+04 1.692E+04 1.555E+04
Rank 1 9 6 8 7 2 5 3 4

F19

Mean 2.461E+03 5.171E+05 2.534E+04 9.787E+04 2.473E+04 2.479E+04 1.732E+04 5.206E+03 1.087E+04
Best 1.951E+03 2.089E+03 2.269E+03 2.071E+03 2.426E+03 2.062E+03 1.929E+03 1.921E+03 1.923E+03
Worst 3.680E+03 8.094E+06 1.981E+05 2.262E+05 3.349E+04 2.839E+05 2.759E+05 1.718E+04 9.701E+04
Std 3.687E+02 1.490E+06 4.105E+04 8.639E+04 7.022E+03 5.033E+04 4.932E+04 4.866E+03 1.788E+04
Rank 1 9 7 8 5 6 4 2 3
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Table 5. Cont.

Function Index MOOA OOA AO AOA ChOA HHO GWO RGWO MPSO

F20

Mean 2.050E+03 2.201E+03 2.131E+03 2.172E+03 2.253E+03 2.173E+03 2.109E+03 2.057E+03 2.046E+03
Best 2.025E+03 2.114E+03 2.042E+03 2.042E+03 2.067E+03 2.063E+03 2.030E+03 2.022E+03 2.002E+03
Worst 2.089E+03 2.295E+03 2.257E+03 2.346E+03 2.353E+03 2.354E+03 2.314E+03 2.160E+03 2.214E+03
Std 1.391E+01 5.531E+01 5.575E+01 9.563E+01 8.075E+01 7.294E+01 6.373E+01 4.037E+01 4.560E+01
Rank 2 8 5 6 9 7 4 3 1

F21

Mean 2.235E+03 2.348E+03 2.308E+03 2.347E+03 2.322E+03 2.331E+03 2.319E+03 2.286E+03 2.317E+03
Best 2.206E+03 2.244E+03 2.208E+03 2.265E+03 2.214E+03 2.207E+03 2.307E+03 2.201E+03 2.203E+03
Worst 2.321E+03 2.415E+03 2.352E+03 2.399E+03 2.376E+03 2.396E+03 2.336E+03 2.336E+03 2.350E+03
Std 3.619E+01 4.027E+01 4.475E+01 3.064E+01 5.860E+01 5.160E+01 8.053E+00 5.037E+01 3.233E+01
Rank 1 9 3 8 6 7 5 2 4

F22

Mean 2.302E+03 3.025E+03 2.314E+03 3.077E+03 3.616E+03 2.315E+03 2.355E+03 2.311E+03 2.316E+03
Best 2.234E+03 2.558E+03 2.308E+03 2.583E+03 2.407E+03 2.306E+03 2.301E+03 2.301E+03 2.226E+03
Worst 2.313E+03 3.878E+03 2.328E+03 3.994E+03 4.395E+03 2.325E+03 3.659E+03 2.328E+03 2.351E+03
Std 1.636E+01 3.466E+02 5.218E+00 2.975E+02 7.128E+02 4.819E+00 2.465E+02 8.211E+00 2.957E+01
Rank 1 7 3 8 9 4 6 2 5

F23

Mean 2.613E+03 2.715E+03 2.651E+03 2.762E+03 2.661E+03 2.677E+03 2.624E+03 2.616E+03 2.632E+03
Best 2.607E+03 2.659E+03 2.624E+03 2.691E+03 2.646E+03 2.625E+03 2.608E+03 2.605E+03 2.615E+03
Worst 2.619E+03 2.778E+03 2.719E+03 2.944E+03 2.682E+03 2.744E+03 2.645E+03 2.652E+03 2.662E+03
Std 3.108E+00 2.547E+01 2.142E+01 5.543E+01 7.478E+00 3.291E+01 1.029E+01 1.031E+01 1.461E+01
Rank 1 8 5 9 6 7 3 2 4

F24

Mean 2.699E+03 2.875E+03 2.764E+03 2.877E+03 2.815E+03 2.822E+03 2.754E+03 2.747E+03 2.743E+03
Best 2.507E+03 2.636E+03 2.509E+03 2.680E+03 2.784E+03 2.502E+03 2.729E+03 2.732E+03 2.500E+03
Worst 2.747E+03 3.008E+03 2.807E+03 3.034E+03 2.863E+03 2.962E+03 2.791E+03 2.778E+03 2.799E+03
Std 8.030E+01 9.975E+01 5.081E+01 6.230E+01 2.105E+01 9.811E+01 1.478E+01 1.172E+01 7.549E+01
Rank 1 8 5 9 6 7 4 3 2

F25

Mean 2.914E+03 3.504E+03 2.929E+03 3.343E+03 3.027E+03 2.934E+03 2.940E+03 2.940E+03 2.947E+03
Best 2.692E+03 3.095E+03 2.799E+03 3.024E+03 2.914E+03 2.898E+03 2.899E+03 2.913E+03 2.898E+03
Worst 2.948E+03 4.114E+03 2.971E+03 3.787E+03 3.203E+03 2.953E+03 3.031E+03 2.951E+03 3.012E+03
Std 4.535E+01 2.446E+02 3.449E+01 1.764E+02 6.594E+01 2.130E+01 2.503E+01 1.254E+01 3.234E+01
Rank 1 9 2 8 7 3 5 4 6

F26

Mean 2.959E+03 4.240E+03 3.027E+03 4.095E+03 3.877E+03 3.573E+03 3.143E+03 3.006E+03 3.195E+03
Best 2.775E+03 3.260E+03 2.623E+03 3.193E+03 3.048E+03 2.824E+03 2.829E+03 2.900E+03 2.800E+03
Worst 3.002E+03 4.851E+03 3.281E+03 4.802E+03 4.305E+03 4.411E+03 3.956E+03 3.984E+03 4.002E+03
Std 4.614E+01 3.824E+02 1.826E+02 3.694E+02 4.297E+02 5.043E+02 3.566E+02 2.582E+02 3.400E+02
Rank 1 9 3 8 7 6 4 2 5

F27

Mean 3.091E+03 3.270E+03 3.107E+03 3.261E+03 3.115E+03 3.186E+03 3.100E+03 3.092E+03 3.102E+03
Best 3.089E+03 3.132E+03 3.098E+03 3.155E+03 3.098E+03 3.110E+03 3.092E+03 3.089E+03 3.094E+03
Worst 3.097E+03 3.426E+03 3.134E+03 3.400E+03 3.151E+03 3.495E+03 3.130E+03 3.097E+03 3.119E+03
Std 2.088E+00 6.456E+01 9.264E+00 6.382E+01 2.150E+01 7.807E+01 9.474E+00 2.412E+00 6.702E+00
Rank 1 9 5 8 6 7 3 2 4

F28

Mean 3.266E+03 3.803E+03 3.425E+03 3.794E+03 3.246E+03 3.464E+03 3.359E+03 3.343E+03 3.376E+03
Best 3.165E+03 3.333E+03 3.193E+03 3.368E+03 3.233E+03 3.174E+03 3.065E+03 3.174E+03 3.224E+03
Worst 3.412E+03 3.893E+03 3.605E+03 4.077E+03 3.266E+03 3.650E+03 3.460E+03 3.413E+03 3.732E+03
Std 9.074E+01 1.288E+02 9.223E+01 1.799E+02 7.358E+00 9.409E+01 1.034E+02 9.108E+01 1.346E+02
Rank 2 9 6 8 1 7 4 3 5

F29

Mean 3.175E+03 3.385E+03 3.244E+03 3.433E+03 3.385E+03 3.351E+03 3.219E+03 3.173E+03 3.195E+03
Best 3.138E+03 3.214E+03 3.157E+03 3.271E+03 3.237E+03 3.212E+03 3.154E+03 3.132E+03 3.134E+03
Worst 3.212E+03 3.581E+03 3.316E+03 3.887E+03 3.470E+03 3.554E+03 3.315E+03 3.231E+03 3.305E+03
Std 1.962E+01 9.974E+01 3.969E+01 1.398E+02 6.398E+01 9.027E+01 5.791E+01 2.574E+01 4.518E+01
Rank 2 8 5 9 7 6 4 1 3

F30

Mean 8.983E+04 2.370E+07 8.582E+05 3.172E+07 8.622E+06 1.931E+06 7.932E+05 1.783E+05 4.786E+05
Best 6.195E+03 1.063E+06 7.075E+03 1.821E+06 4.522E+05 9.724E+04 7.051E+03 6.112E+03 7.080E+03
Worst 4.146E+05 7.272E+07 5.519E+06 1.324E+08 3.191E+07 8.382E+06 3.366E+06 1.295E+06 2.115E+06
Std 1.296E+05 1.758E+07 1.262E+06 3.265E+07 7.441E+06 2.289E+06 1.042E+06 3.746E+05 6.074E+05
Rank 1 8 5 9 7 6 4 2 3

Mean rank 1.66 8.34 4.86 7.86 7.00 5.66 3.79 2.28 3.55
Final rank 1 9 5 8 7 6 4 2 3

The Wilcoxon rank sum test [42] is applied to analyze the significant difference in
accuracy between the MOOA and each rival algorithm. The test results are displayed in
Table 6, whereas the signs “+”, “=”, and “−” mean that the MOOA shows worst, equivalent,
and better results than compared optimizers at the 95% significance level, respectively.
According to the data in Table 6, the MOOA outperforms other optimizers on most of the
functions. In particular, the MOOA obtains better solutions to all problems compared to
OOA, AOA, and ChOA, proving its clear advantage.

Table 7 provides the average running time results of the MOOA and other algorithms. It
is observed that the runtime of the MOOA is relatively longer than other methods except for
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the ChOA. However, the MOOA obtains the optimal solutions among these algorithms. It can
be acceptable that the MOOA achieves better convergence accuracy while taking more time.

Table 6. The results of the Wilcoxon rank sum test p-values between the MOOA and other algorithms
on CEC2017.

Function MOOA
vs. OOA

MOOA
vs. AO

MOOA
vs. AOA

MOOA vs.
ChOA

MOOA
vs. HHO

MOOA
vs. GWO

MOOA vs.
RGWO

MOOA vs.
MPSO

F1 3.020E-11 6.066E-11 3.020E-11 3.020E-11 3.646E-08 5.298E-01 1.809E-01 1.000E+00
F3 3.020E-11 7.394E-01 3.020E-11 6.283E-06 1.464E-10 4.734E-01 1.429E-08 4.183E-09
F4 3.020E-11 1.248E-04 3.020E-11 3.020E-11 2.282E-01 1.715E-01 5.746E-02 1.091E-04
F5 3.020E-11 8.153E-11 3.020E-11 3.020E-11 3.020E-11 2.905E-01 4.376E-01 2.678E-06
F6 3.020E-11 6.066E-11 3.020E-11 3.020E-11 3.020E-11 7.380E-10 2.610E-10 9.260E-09
F7 3.338E-11 3.081E-08 3.020E-11 3.020E-11 3.020E-11 5.188E-02 2.813E-02 1.635E-05
F8 3.020E-11 1.194E-06 1.206E-10 3.020E-11 6.722E-10 1.495E-01 6.952E-01 5.084E-03
F9 3.020E-11 7.043E-07 3.020E-11 3.690E-11 3.020E-11 7.695E-08 2.154E-06 2.859E-11
F10 3.020E-11 8.883E-06 3.020E-11 3.020E-11 4.077E-11 4.825E-01 7.245E-02 4.060E-02
F11 3.020E-11 2.372E-10 3.020E-11 3.020E-11 4.118E-06 1.765E-02 1.669E-01 8.883E-01
F12 3.020E-11 1.174E-09 3.825E-09 3.690E-11 2.154E-10 9.521E-04 1.861E-06 5.592E-01
F13 4.616E-10 8.993E-11 1.206E-10 3.020E-11 5.072E-10 3.820E-10 1.464E-10 5.462E-06
F14 6.765E-05 4.311E-08 1.157E-07 3.020E-11 3.988E-04 2.052E-03 3.034E-03 5.395E-01
F15 4.616E-10 6.010E-08 3.020E-11 4.975E-11 7.695E-08 5.600E-07 6.972E-03 9.823E-01
F16 7.389E-11 5.533E-08 3.338E-11 3.338E-11 4.183E-09 1.748E-05 6.520E-01 3.953E-01
F17 4.077E-11 8.153E-11 4.077E-11 3.020E-11 1.011E-08 1.249E-05 2.266E-03 4.084E-05
F18 9.514E-06 3.338E-11 5.462E-09 3.690E-11 6.765E-05 5.967E-09 1.287E-09 2.028E-07
F19 1.174E-09 2.831E-08 3.820E-10 1.613E-10 1.311E-08 2.707E-01 7.845E-01 4.060E-02
F20 3.020E-11 9.756E-10 2.670E-09 4.077E-11 4.975E-11 1.167E-05 4.643E-01 1.302E-03
F21 5.072E-10 4.801E-07 2.154E-10 1.473E-07 1.873E-07 3.825E-09 8.684E-03 5.092E-08
F22 3.020E-11 2.154E-10 3.020E-11 3.020E-11 3.820E-10 7.245E-02 3.501E-03 6.204E-01
F23 3.020E-11 3.020E-11 3.020E-11 3.020E-11 3.020E-11 5.091E-06 3.329E-01 5.567E-10
F24 3.081E-08 5.573E-10 2.872E-10 3.020E-11 7.119E-09 1.529E-05 1.221E-02 1.473E-07
F25 3.020E-11 5.012E-02 3.020E-11 1.957E-10 1.564E-02 1.302E-03 7.199E-05 5.264E-04
F26 3.020E-11 1.988E-02 3.020E-11 3.020E-11 1.019E-05 9.883E-03 4.841E-02 2.437E-09
F27 3.020E-11 3.020E-11 3.020E-11 3.020E-11 3.020E-11 7.773E-09 1.537E-01 1.770E-10
F28 6.696E-11 2.390E-08 1.206E-10 5.011E-01 3.497E-09 1.106E-04 4.218E-04 5.938E-05
F29 3.020E-11 5.967E-09 3.020E-11 3.020E-11 3.020E-11 6.972E-03 5.592E-01 2.010E-01
F30 3.020E-11 1.249E-05 3.020E-11 3.020E-11 3.497E-09 7.959E-03 4.376E-01 1.023E-01

+/=/− 0/0/29 0/1/28 0/0/29 0/0/29 1/1/27 2/9/18 6/13/10 5/9/15

Table 7. Comparison results of average running time (seconds) over 30 independent runs on CEC2017.

Function MOOA OOA AO AOA ChOA HHO GWO RGWO MPSO

F1 1.840E-01 9.462E-02 1.278E-01 5.040E-02 4.355E-01 1.249E-01 4.688E-02 1.165E-01 4.759E-02
F2 3.816E-01 4.024E-01 4.062E-01 2.046E-01 4.911E-01 5.858E-01 2.626E-01 5.534E-01 1.940E-01
F3 1.843E-01 9.648E-02 1.281E-01 4.893E-02 4.439E-01 1.190E-01 4.615E-02 1.167E-01 4.621E-02
F4 1.799E-01 9.385E-02 1.270E-01 4.986E-02 4.489E-01 1.186E-01 4.575E-02 1.142E-01 4.669E-02
F5 1.926E-01 1.038E-01 1.371E-01 5.460E-02 4.460E-01 1.398E-01 5.267E-02 1.358E-01 5.168E-02
F6 2.220E-01 1.329E-01 1.644E-01 6.737E-02 4.563E-01 1.742E-01 6.813E-02 1.782E-01 6.642E-02
F7 2.064E-01 1.153E-01 1.490E-01 6.012E-02 4.525E-01 1.513E-01 5.733E-02 1.481E-01 5.719E-02
F8 1.954E-01 1.042E-01 1.377E-01 5.493E-02 4.483E-01 1.421E-01 5.363E-02 1.386E-01 5.278E-02
F9 1.971E-01 1.122E-01 1.447E-01 5.857E-02 4.499E-01 1.475E-01 5.531E-02 1.453E-01 5.561E-02
F10 2.012E-01 1.128E-01 1.461E-01 5.942E-02 4.484E-01 1.493E-01 5.581E-02 1.501E-01 5.640E-02
F11 1.893E-01 1.024E-01 1.338E-01 5.249E-02 4.387E-01 1.403E-01 5.000E-02 1.288E-01 4.983E-02
F12 1.926E-01 1.042E-01 1.367E-01 5.367E-02 4.398E-01 1.369E-01 5.100E-02 1.311E-01 5.094E-02
F13 1.984E-01 1.135E-01 1.433E-01 5.986E-02 4.485E-01 1.458E-01 5.416E-02 1.403E-01 5.500E-02
F14 2.003E-01 1.150E-01 1.484E-01 5.842E-02 4.511E-01 1.500E-01 5.681E-02 1.450E-01 5.502E-02
F15 1.866E-01 9.917E-02 1.316E-01 5.248E-02 4.429E-01 1.339E-01 5.036E-02 1.268E-01 5.029E-02
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Table 7. Cont.

Function MOOA OOA AO AOA ChOA HHO GWO RGWO MPSO

F16 1.920E-01 1.071E-01 1.369E-01 5.419E-02 4.357E-01 1.395E-01 5.256E-02 1.339E-01 5.223E-02
F17 2.199E-01 1.312E-01 1.664E-01 6.939E-02 4.579E-01 1.740E-01 6.567E-02 1.754E-01 6.610E-02
F18 1.949E-01 1.065E-01 1.392E-01 5.574E-02 4.431E-01 1.467E-01 5.300E-02 1.361E-01 5.228E-02
F19 3.565E-01 2.692E-01 3.015E-01 1.357E-01 5.293E-01 3.430E-01 1.326E-01 3.777E-01 1.350E-01
F20 2.221E-01 1.309E-01 1.648E-01 6.833E-02 4.664E-01 1.794E-01 6.654E-02 1.778E-01 6.906E-02
F21 2.307E-01 1.393E-01 1.774E-01 7.247E-02 4.653E-01 1.796E-01 6.972E-02 1.882E-01 6.903E-02
F22 2.436E-01 1.555E-01 1.887E-01 8.012E-02 4.662E-01 2.001E-01 7.935E-02 2.134E-01 7.910E-02
F23 2.496E-01 1.603E-01 1.957E-01 8.404E-02 4.791E-01 2.109E-01 8.202E-02 2.218E-01 8.092E-02
F24 2.684E-01 1.738E-01 2.101E-01 9.064E-02 4.858E-01 2.218E-01 8.609E-02 2.384E-01 8.611E-02
F25 2.405E-01 1.502E-01 1.832E-01 7.896E-02 4.662E-01 1.894E-01 7.474E-02 2.041E-01 7.463E-02
F26 2.718E-01 1.826E-01 2.185E-01 9.679E-02 4.937E-01 2.321E-01 9.077E-02 2.525E-01 9.000E-02
F27 2.871E-01 1.942E-01 2.269E-01 1.001E-01 5.021E-01 2.396E-01 9.724E-02 2.652E-01 9.471E-02
F28 2.613E-01 1.713E-01 2.076E-01 8.917E-02 4.781E-01 1.914E-01 8.507E-02 2.336E-01 8.472E-02
F29 2.591E-01 1.662E-01 2.051E-01 8.750E-02 4.793E-01 2.214E-01 8.626E-02 2.285E-01 8.489E-02
F30 3.912E-01 3.034E-01 3.367E-01 1.518E-01 5.422E-01 3.686E-01 1.474E-01 4.227E-01 1.521E-01

The convergence curves of all algorithms on the CEC2017 test set are shown in
Figures 3 and 4. It is observed that the MOOA has the ability to find newer optimal values,
while other algorithms display the problem of stagnation. In the early stage, the MOOA
shows remarkable exploration ability compared to other algorithms on F1, F5, F10, F12, F13,
F15, F19, F21, F24, F28, and F30. Meanwhile, the MOOA also presents sufficient optimiza-
tion accuracy on F1, F10, F12, F16, F21, F24, and F29 in the later stage. Thus, the convergence
analysis confirms the optimizing capabilities of the MOOA during the iterations.

Figure 3. Cont.
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Figure 3. Convergence curves of the MOOA and other algorithms on CEC2017 (F1, F3–F16).

Figure 4. Convergence curves of the MOOA and other algorithms on CEC2017 (F17–F30).
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Figures 5 and 6 show the box diagrams of the MOOA and competing algorithms on
CEC2017 test functions. It is evident that the MOOA has the narrowest box plots on the
majority of functions, such as F4, F5, F7, F8, F10, F11, F13–F20, F22–F27, and F29, indicating
that the MOOA has stable and robust performance on these functions. Moreover, the
MOOA also achieves lower positions on most of the functions, such as F4, F13, F16–F19,
F21, F23, and F27, suggesting that the MOOA has the ability to obtain an optimal solution
with higher precision. In addition, the MOOA shows fewer outliers (+) on most of the test
functions, which means the MOOA is more stable when solving these problems.

Figure 5. Boxplots of the MOOA and other algorithms on CEC2017 (F1, F3–F16).
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Figure 6. Boxplots of the MOOA and other algorithms on CEC2017 (F17–F30).

Figure 7 shows the ranking radar maps of the MOOA and other compared algorithms.
It is evident that the shaded area of the MOOA is the smallest, and RGWO follows it. And
the OOA, AOA and ChOA display a larger shaded area. In fact, according to Table 5,
the MOOA ranks first on most of the test functions. Therefore, the MOOA has better
performance in solving CEC2017 problems compared to other methods.
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Figure 7. Radar plots of the MOOA and other algorithms on CEC2017.

4.3. Experimental Series 2: CEC2022 Benchmark Functions

The statistical results of all algorithms on the CEC2022 functions are provided in
Table 8. The MOOA obtains the best mean values in 8 of 12 test functions, which are F2, F4,
F6, and F8-F12. However, the MOOA did not achieve good performance in F1 and only
ranked seventh. Nevertheless, compared to the basic OOA, the MOOA shows obvious
improvements in all test functions. According to the results of the Friedman ranking test,
the MOOA ranks first with a mean rank value of 2.17, suggesting the MOOA’s superior
performance on CEC2022.

Table 8. Numerical results of the MOOA and other comparison algorithms on CEC2022.

Function Index MOOA OOA AO AOA ChOA HHO GWO RGWO MPSO

F1

Mean 6.826E+03 8.624E+03 4.388E+03 1.251E+04 5.364E+03 1.133E+03 3.077E+03 6.476E+02 4.805E+02
Best 1.748E+03 3.858E+03 6.956E+02 6.645E+03 2.473E+03 4.044E+02 3.975E+02 3.048E+02 3.000E+02
Worst 1.190E+04 1.163E+04 1.161E+04 2.520E+04 1.100E+04 2.569E+03 9.171E+03 4.312E+03 3.236E+03
Std 2.351E+03 1.953E+03 2.278E+03 4.353E+03 1.763E+03 5.671E+02 2.276E+03 7.656E+02 6.756E+02
Rank 7 8 5 9 6 3 4 2 1

F2

Mean 4.077E+02 1.573E+03 4.695E+02 1.621E+03 6.587E+02 4.454E+02 4.231E+02 4.238E+02 4.589E+02
Best 4.016E+02 6.778E+02 4.095E+02 5.369E+02 4.624E+02 4.005E+02 4.002E+02 4.005E+02 4.079E+02
Worst 4.094E+02 2.902E+03 6.876E+02 5.189E+03 1.128E+03 5.933E+02 4.713E+02 4.734E+02 8.159E+02
Std 2.178E+00 5.835E+02 6.675E+01 9.755E+02 1.727E+02 4.492E+01 2.165E+01 2.507E+01 9.458E+01
Rank 1 8 6 9 7 4 2 3 5

F3

Mean 6.068E+02 6.418E+02 6.212E+02 6.406E+02 6.319E+02 6.408E+02 6.014E+02 6.019E+02 6.018E+02
Best 6.036E+02 6.238E+02 6.057E+02 6.246E+02 6.156E+02 6.206E+02 6.001E+02 6.001E+02 6.000E+02
Worst 6.135E+02 6.578E+02 6.400E+02 6.521E+02 6.699E+02 6.620E+02 6.060E+02 6.092E+02 6.051E+02
Std 2.448E+00 9.478E+00 7.997E+00 7.013E+00 1.137E+01 1.056E+01 1.558E+00 2.372E+00 1.630E+00
Rank 4 9 5 7 6 8 1 3 2

F4

Mean 8.128E+02 8.477E+02 8.241E+02 8.389E+02 8.431E+02 8.273E+02 8.189E+02 8.181E+02 8.215E+02
Best 8.031E+02 8.231E+02 8.120E+02 8.219E+02 8.251E+02 8.120E+02 8.060E+02 8.061E+02 8.070E+02
Worst 8.205E+02 8.662E+02 8.363E+02 8.632E+02 8.560E+02 8.409E+02 8.560E+02 8.418E+02 8.447E+02
Std 3.782E+00 1.021E+01 5.862E+00 9.129E+00 7.897E+00 7.730E+00 1.175E+01 8.262E+00 9.560E+00
Rank 1 9 5 7 8 6 3 2 4

F5

Mean 9.434E+02 1.382E+03 1.079E+03 1.352E+03 1.288E+03 1.425E+03 9.231E+02 9.174E+02 9.020E+02
Best 9.066E+02 1.091E+03 9.533E+02 1.108E+03 1.057E+03 1.114E+03 9.001E+02 9.000E+02 9.000E+02
Worst 9.942E+02 1.931E+03 1.374E+03 1.833E+03 1.795E+03 1.904E+03 1.028E+03 1.051E+03 9.063E+02
Std 2.195E+01 1.930E+02 8.643E+01 1.675E+02 2.002E+02 1.945E+02 3.134E+01 3.185E+01 2.105E+00
Rank 4 8 5 7 6 9 3 2 1
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Table 8. Cont.

Function Index MOOA OOA AO AOA ChOA HHO GWO RGWO MPSO

F6

Mean 2.582E+03 6.020E+06 3.932E+04 3.013E+07 2.877E+06 7.765E+03 6.725E+03 5.979E+03 5.244E+03
Best 2.029E+03 2.080E+03 3.219E+03 2.092E+03 1.878E+05 2.414E+03 2.942E+03 2.114E+03 1.856E+03
Worst 3.700E+03 4.924E+07 4.056E+05 3.917E+08 7.808E+06 2.075E+04 1.043E+04 9.115E+03 8.247E+03
Std 3.763E+02 1.245E+07 7.216E+04 9.509E+07 1.887E+06 4.850E+03 2.071E+03 2.636E+03 2.282E+03
Rank 1 8 6 9 7 5 4 3 2

F7

Mean 2.024E+03 2.089E+03 2.059E+03 2.107E+03 2.065E+03 2.087E+03 2.033E+03 2.024E+03 2.023E+03
Best 2.010E+03 2.038E+03 2.028E+03 2.060E+03 2.044E+03 2.022E+03 2.011E+03 2.002E+03 2.021E+03
Worst 2.035E+03 2.139E+03 2.125E+03 2.247E+03 2.083E+03 2.164E+03 2.071E+03 2.038E+03 2.031E+03
Std 4.637E+00 2.234E+01 2.450E+01 3.411E+01 9.121E+00 3.999E+01 1.321E+01 7.235E+00 2.431E+00
Rank 3 8 5 9 6 7 4 2 1

F8

Mean 2.223E+03 2.234E+03 2.231E+03 2.319E+03 2.348E+03 2.236E+03 2.226E+03 2.223E+03 2.231E+03
Best 2.208E+03 2.222E+03 2.225E+03 2.226E+03 2.236E+03 2.225E+03 2.219E+03 2.202E+03 2.202E+03
Worst 2.227E+03 2.269E+03 2.243E+03 2.548E+03 2.366E+03 2.269E+03 2.234E+03 2.232E+03 2.353E+03
Std 4.390E+00 1.026E+01 4.844E+00 1.043E+02 2.783E+01 1.363E+01 3.854E+00 8.456E+00 3.241E+01
Rank 1 6 4 8 9 7 3 2 5

F9

Mean 2.529E+03 2.749E+03 2.601E+03 2.738E+03 2.596E+03 2.618E+03 2.583E+03 2.558E+03 2.548E+03
Best 2.529E+03 2.660E+03 2.538E+03 2.629E+03 2.549E+03 2.536E+03 2.529E+03 2.529E+03 2.529E+03
Worst 2.530E+03 2.838E+03 2.674E+03 2.967E+03 2.786E+03 2.687E+03 2.676E+03 2.685E+03 2.683E+03
Std 2.498E-01 4.207E+01 3.092E+01 6.818E+01 4.350E+01 4.541E+01 4.925E+01 3.726E+01 4.395E+01
Rank 1 9 6 8 5 7 4 3 2

F10

Mean 2.501E+03 2.719E+03 2.576E+03 2.702E+03 3.145E+03 2.596E+03 2.589E+03 2.531E+03 2.579E+03
Best 2.500E+03 2.519E+03 2.501E+03 2.510E+03 2.501E+03 2.501E+03 2.500E+03 2.500E+03 2.500E+03
Worst 2.501E+03 3.349E+03 2.642E+03 3.256E+03 4.313E+03 2.684E+03 2.973E+03 2.633E+03 2.994E+03
Std 1.443E-01 1.854E+02 6.202E+01 1.764E+02 7.502E+02 7.535E+01 9.129E+01 5.161E+01 1.023E+02
Rank 1 8 3 7 9 6 5 2 4

F11

Mean 2.696E+03 4.089E+03 2.755E+03 3.310E+03 3.693E+03 2.837E+03 2.971E+03 2.861E+03 2.908E+03
Best 2.621E+03 3.197E+03 2.635E+03 2.773E+03 3.243E+03 2.606E+03 2.610E+03 2.605E+03 2.600E+03
Worst 2.748E+03 4.818E+03 2.946E+03 4.197E+03 4.606E+03 2.936E+03 3.216E+03 3.049E+03 3.854E+03
Std 3.872E+01 4.771E+02 8.043E+01 3.531E+02 3.063E+02 1.057E+02 1.316E+02 1.180E+02 2.176E+02
Rank 1 9 2 7 8 3 6 4 5

F12

Mean 2.862E+03 3.090E+03 2.868E+03 3.055E+03 2.881E+03 2.951E+03 2.869E+03 2.864E+03 2.869E+03
Best 2.859E+03 2.943E+03 2.864E+03 2.921E+03 2.866E+03 2.866E+03 2.863E+03 2.859E+03 2.862E+03
Worst 2.864E+03 3.380E+03 2.877E+03 3.315E+03 2.945E+03 3.163E+03 2.888E+03 2.865E+03 2.924E+03
Std 1.382E+00 9.803E+01 2.675E+00 1.046E+02 2.084E+01 7.642E+01 7.984E+00 1.722E+00 1.103E+01
Rank 1 9 3 8 6 7 5 2 4

Mean rank 2.17 8.25 4.58 7.92 6.92 6.00 3.67 2.50 3.00
Final rank 1 9 5 8 7 6 4 2 3

The Wilcoxon rank sum test results between the MOOA and other algorithms on
CEC2022 benchmarks are reported in Table 9. According to the statistical results of
”+/=/−”, the MOOA outperforms OOA and AOA on all test functions. And the re-
sults compared to other algorithms are 1/0/11 (AO), 1/0/11 (ChOA), 1/0/11 (HHO),
3/1/8 (GWO), 3/1/8 (RGWO), and 4/2/6 (MPSO). Overall, the MOOA shows significant
differences and better performance compared with other methods.

Table 10 provides the results of runtime. From Table 10, the MOOA requires more
time when solving these problems. It is still worth it for the MOOA to obtain the optimal
solution with higher convergence accuracy.

Table 9. The results of the Wilcoxon rank sum test p-values between the MOOA and other algorithms
on CEC2022.

Function MOOA vs.
OOA

MOOA vs.
AO

MOOA vs.
AOA

MOOA vs.
ChOA

MOOA vs.
HHO

MOOA vs.
GWO

MOOA vs.
RGWO

MOOA vs.
MPSO

F1 1.518E-03 1.041E-04 1.850E-08 3.848E-03 5.494E-11 8.198E-07 5.494E-11 4.975E-11
F2 3.020E-11 3.020E-11 3.020E-11 3.020E-11 1.221E-02 1.868E-05 6.377E-03 4.684E-06
F3 3.020E-11 8.891E-10 3.020E-11 3.020E-11 3.020E-11 1.957E-10 1.429E-08 2.372E-10
F4 3.020E-11 3.197E-09 3.020E-11 3.020E-11 8.891E-10 5.555E-02 3.183E-03 1.493E-04
F5 3.020E-11 2.872E-10 3.020E-11 3.020E-11 3.020E-11 1.325E-04 3.094E-06 3.020E-11
F6 8.485E-09 3.690E-11 3.157E-05 3.020E-11 4.200E-10 8.153E-11 7.695E-08 2.133E-05
F7 3.020E-11 9.919E-11 3.020E-11 3.020E-11 6.121E-10 6.669E-03 5.369E-02 1.518E-03
F8 5.573E-10 8.891E-10 4.504E-11 3.020E-11 1.206E-10 3.265E-02 4.841E-02 1.537E-01
F9 3.020E-11 3.020E-11 3.020E-11 3.020E-11 3.020E-11 3.352E-08 6.736E-06 3.011E-01
F10 3.020E-11 5.494E-11 3.020E-11 3.338E-11 2.154E-10 7.617E-03 3.032E-02 3.834E-06
F11 3.020E-11 4.084E-05 3.020E-11 3.020E-11 1.254E-07 1.287E-09 1.429E-08 1.067E-07
F12 3.020E-11 3.020E-11 3.020E-11 3.020E-11 3.020E-11 4.183E-09 6.765E-05 1.703E-07

+/=/− 0/0/12 1/0/11 0/0/12 1/0/11 1/0/11 3/1/8 3/1/8 4/2/6
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Table 10. Comparison results of average running time (seconds) over 30 independent runs
on CEC2022.

Function MOOA OOA AO AOA ChOA HHO GWO RGWO MPSO

F1 1.612E-01 7.441E-02 1.018E-01 4.434E-02 4.295E-01 9.798E-02 3.899E-02 8.892E-02 3.795E-02
F2 1.515E-01 6.800E-02 9.653E-02 4.119E-02 4.189E-01 8.813E-02 3.681E-02 8.448E-02 3.472E-02
F3 1.870E-01 1.059E-01 1.340E-01 5.959E-02 4.378E-01 1.406E-01 5.684E-02 1.438E-01 5.347E-02
F4 1.589E-01 7.933E-02 1.092E-01 4.776E-02 4.197E-01 1.098E-01 4.248E-02 1.035E-01 4.101E-02
F5 1.691E-01 8.775E-02 1.161E-01 5.051E-02 4.213E-01 1.190E-01 4.598E-02 1.112E-01 4.395E-02
F6 1.568E-01 7.332E-02 1.018E-01 4.318E-02 4.168E-01 1.008E-01 3.853E-02 8.897E-02 3.769E-02
F7 2.152E-01 1.267E-01 1.561E-01 7.078E-02 4.511E-01 1.684E-01 6.633E-02 1.734E-01 7.116E-02
F8 2.389E-01 1.496E-01 1.800E-01 8.293E-02 4.663E-01 1.970E-01 7.774E-02 2.084E-01 7.821E-02
F9 2.049E-01 1.178E-01 1.520E-01 6.772E-02 4.498E-01 1.526E-01 6.322E-02 1.625E-01 6.152E-02
F10 1.972E-01 1.114E-01 1.431E-01 6.340E-02 4.441E-01 1.460E-01 5.819E-02 1.486E-01 5.634E-02
F11 2.345E-01 1.467E-01 1.776E-01 8.355E-02 4.726E-01 1.849E-01 7.670E-02 2.022E-01 7.440E-02
F12 2.418E-01 1.531E-01 1.851E-01 8.592E-02 4.697E-01 1.976E-01 7.895E-02 2.149E-01 7.781E-02

Figure 8 presents the convergence curves of all algorithms on the CEC2022 test set. It is noted
that the MOOA has a faster convergence speed than other algorithms on all functions except for F1
and F3. For the unimodal function F1 and simple multimodal function F3, the MOOA still performs
better than the OOA. Hence, the proposed MOOA has good convergence speed and accuracy in
solving the problems of CEC2022.

Figure 8. Convergence curves of the MOOA and other algorithms on CEC2022.
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Figure 9 shows the boxplots of the MOOA and other algorithms on CEC2022 test functions. It is
observed that the MOOA shows the narrowest and lowest box plots on functions F2, F4, F6, F8, F9,
F10, and F12, indicating that it has good algorithm stability in solving these problems. The MOOA
also displays comparable results on other functions. This further confirms the superior performance
of the MOOA on CEC2022.

Figure 9. Boxplots of the MOOA and other algorithms on CEC2022.

Figure 10 displays the ranking radar maps of the MOOA and other compared algorithms
on CEC2022. It is shown that the MOOA has better or comparable ranking results than other
compared methods on all test functions except for the F1. Compared to the original OOA, the
proposed method exhibits excellent performance on CEC2022 functions, indicating the efficacy of
the applied improvements.
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Figure 10. Radar plots of the MOOA and other algorithms on CEC2022.

5. Applicability of the MOOA for Solving Engineering Problems
In this section, the MOOA’s ability in handling practical engineering applications is tested using

five engineering optimization problems, including the welded beam design problem, the three-bar
truss design problem, the tension/compression spring design problem, the pressure vessel design
problem, and the tubular column design problem. In these engineering design optimization problems,
variables need to be optimized with the given multiple inequality constraints [43]. The experimental
conditions and comparison algorithms are consistent with the previous experiments.

5.1. Welded Beam Design Problem
The objective of the welded beam design problem is to optimize four variables with seven

constraints to reduce the cost of fabricating [44], as shown in Figure 11. These decision variables
include the welding thickness (h), rod attachment length (l), rod height (t), and rod thickness (b). The
mathematical model of this issue can be expressed in Equation (17).

Table 11 displays the optimal results of the MOOA and other algorithms. The results indicate
that the MOOA provides the best solution in dealing with this issue. The lowest cost obtained by
the MOOA is 1.702268716, and the corresponding design variables are [0.204451219, 3.277077923,
9.034062643, 0.206541308].

Figure 11. Structural parameters of the welded beam design problem.



Symmetry 2024, 16, 1173 22 of 28

Consider variable z⃗ = [z1, z2, z3, z4] = [h, l, t, b].

Minimize
z⃗

f (⃗z) = 1.10471z2
1z2 + 0.04811z3z4(14 + z2).

Subject to g1 (⃗z) = τ(z)− τmax ⩽ 0.

g2 (⃗z) = σ(z)− σmax ⩽ 0.

g3 (⃗z) = z1 − z4 ⩽ 0.

g4 (⃗z) = 0.10471z2
1 + 0.04811z3z4(14 + z2)− 5 ⩽ 0.

g5 (⃗z) = 0.125 − z1 ⩽ 0.

g6 (⃗z) = δ(z)− δmax ⩽ 0.

g7 (⃗z) = P − Pc(z) ⩽ 0.

Variable range 0.1 ⩽ z1, z4 ⩽ 2.

0.1 ⩽ z2, z3 ⩽ 10.

where τ(z) =
√
(τ′)2 + 2τ′τ′′ z2

2R
+ (τ′′)2.

τ′ =
P√

2z1z2
, τ′′ =

MR
J

.

M = P
(

L +
z2
2

)
.

R =

√
z2

2
4

+

(
z1 + z3

2

)2
.

J = 2

{
√

2z1z2

[
z2

2
12

+

(
z1 + z3

2

)2
]}

.

σ(z) =
6PL
z4χ2

3
, δ(z) =

4PL3

Ez3
3z4

.

Pc(z) =
4.013E

√
z2z5

36

L2

(
1 − z3

2L

√
E

4G

)
.

P = 6000 lb, L = 14 in, E = 30 × 106 psi, G = 12 × 106 psi,

τmax = 13,600 ps, σmax = 30,000 psi, δmax = 0.25 in.

(17)

Table 11. Comparison of optimization results for welded beam design problem.

Algorithm
Optimal Values for Variables

Optimal Cost
h l t b

MOOA 0.204451219 3.277077923 9.034062643 0.206541308 1.702268716
OOA 0.125211615 6.968881248 8.906767944 0.214356155 2.046744398
AO 0.16846836 4.473191471 8.825467151 0.22420134 1.898793692
AOA 0.193723284 3.665171957 10 0.205982882 1.902541601
ChOA 0.18225704 3.626627825 9.476918306 0.205193925 1.7821413
HHO 0.177337115 3.759610923 9.541952824 0.203338557 1.788390057
GWO 0.197813447 3.403387574 9.032696795 0.206102119 1.705843204
RGWO 0.20056831 3.364777682 9.038637479 0.205775649 1.703353286
MPSO 0.201386666 3.087096048 10 0.201380645 1.793785741

5.2. Pressure Vessel Design Problem
The pressure vessel design problem aims at minimizing the cost of raw materials for a pressure

vessel [45]. As shown in Figure 12, four structural parameters are required to be optimized, including
the thickness of shell (Ts), thickness of head (Th), inner radius (R), and length of headless cylindrical
section (L). The mathematical formulas are described in Equation (18).

Table 12 gives the optimal results of the MOOA. It is observed that the MOOA has the lowest
cost with 5735.548303, and GWO follows it. And the optimal variables [Ts, Th, R, L] obtained by the
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MOOA are [0.740087552, 0.370680718, 40.31983229, 199.999164]. Therefore, the proposed algorithm
has the superiority in solving this design problem.

Figure 12. Structural parameters of the pressure vessel problem.

Consider variable y⃗ = [y1, y2, y3, y4] = [Ts, Th, R, L].

Minimize
y⃗

f (⃗y) = 0.6224y1y3y4 + 1.7781y2y2
3+

3.1661y2
1y4 + 19.84y2

1y3.

Subject to g1 (⃗y) = −y1 + 0.0193y.

g2 (⃗y) = −y2 + 0.00954y3 ⩽ 0.

g3 (⃗y) = −πy2
3y4 − 4/3πy3

3 + 1296, 000 ⩽ 0.

g4 (⃗y) = y4 − 240 ⩽ 0.

Variable range 0 ⩽ y1, y2 ⩽ 99.

10 ⩽ y3, y4 ⩽ 200.

(18)

Table 12. Comparison of optimization results for the pressure vessel design problem.

Algorithm
Optimal Values for Variables

Optimal Cost
h l t b

MOOA 0.740087552 0.370680718 40.31983229 199.999164 5735.548303
OOA 4.792398789 4.017954008 60.42998669 32.44395666 61832.69084
AO 0.842322333 0.379594948 44.87225728 145.0998081 6021.401007
AOA 0.022655643 1.029523791 41.01793224 200 62330.97627
ChOA 0 0.427474984 40.33158559 200 61826.98971
HHO 0.945927184 0.466339982 50.73848623 92.77408339 6211.997644
GWO 0.740927138 0.366485948 40.32884403 199.9022614 5737.618222
RGWO 0.744027303 0.366888522 40.42888035 198.5316579 5741.931252
MPSO 0.90382049 0.440300815 48.31912462 112.2665527 6078.183974

5.3. Tubular Column Design Problem
The objective of the tubular column design problem is to minimize the cost while withstanding

the compression loads of P [46]. Figure 13 illustrates the structure of a uniform tubular column and
its cross-section. Two variables need to be determined: the average column diameter (d) and the
tube thickness (t). In this issue, the length of column l is 250 cm. The modulus of elasticity E is
0.85106 kgf/cm2, and the yield stress σy is 500 kgf/cm2. The mathematical model of this problem is
given in Equation (19).

As shown in Table 13, the MOOA has obtained the lowest cost, which is 26.53261381. The
corresponding variables are 5.451801164, 0.291930864, respectively. Thus, the MOOA shows good
performance in solving this problem compared to other methods.
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Figure 13. Structural parameters of the tubular column design problem.

Minimize f (d, t) = 9.8dt + 2d

Subject to g1 =
P

πdtσy
− 1 ⩽ 0

g2 =
9PL2

π3Edt(d2 + t2)
− 1 ⩽ 0

g3 =
2.0
d

− 1 ⩽ 0

g4 =
d
14

− 1 ⩽ 0

g5 =
0.2
t

− 1 ⩽ 0

g6 =
t

0.8
− 1 ⩽ 0

Variable range 0.01 ⩽ d, t ⩽ 100

(19)

Table 13. Comparison of optimization results for the tubular column design problem.

Algorithm
Optimal Values for Variables

Optimal Cost
d t

MOOA 5.451801164 0.291930864 26.53261381
OOA 5.605087619 0.284065515 26.84569808
AO 5.542489228 0.288159103 26.76868431
AOA 5.723901675 0.278064003 27.07742347
ChOA 5.431743862 0.296824343 26.69601648
HHO 5.429447697 0.29545272 26.61163051
GWO 5.452810323 0.291862615 26.53626955
RGWO 5.450408776 0.292253423 26.54310167
MPSO 5.470173495 0.29084307 26.6998997

5.4. Three-Bar Truss Design Problem
The goal of the three-bar truss design problem is to obtain the minimum weight of the three-

bar truss structure [47]. As shown in Figure 14, two variables are required to be optimized: the
cross-sectional regions A1 and A2. The formulas are described in Equation (20).

Table 14 provides the optimal results obtained by the MOOA and other compared approaches.
It is shown that the MOOA outperforms other algorithms with a minimum weight of 263.8523476,
whereas MPSO follows it with a close result of 263.8523691.
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Figure 14. Structural parameters of the three-bar truss design problem.

Consider variable y⃗ = [y1, y2] = [A1, A2].

Minimize
y⃗

f (⃗y) =
(

2
√

2y2 + y2

)
× l.

Subject to g1 (⃗y) =
√

2y1 + y2√
2y2

1 + 2y1y2
P − σ ⩽ 0.

g2 (⃗y) =
y2√

2y2
1 + 2y1y2

P − σ ⩽ 0.

g3 (⃗y) =
y2

y1 +
√

2y2
P − σ ⩽ 0.

Variable range 0 ⩽ y1, y2 ⩽ 1.

Where l = 10cm, P = 2KN/cm2, σ = 2KN/cm2.

(20)

Table 14. Comparison of optimization results for the three-bar truss design problem.

Algorithm
Optimal Values for Variables

Optimal Weight
A1 A2

MOOA 0.788422741 0.4080882 263.8523476
OOA 0.801601097 0.372060283 263.9744812
AO 0.798247262 0.380200906 263.9637515
AOA 0.801494929 0.372319834 263.9726633
ChOA 0.788102737 0.409126196 263.8533748
HHO 0.790802975 0.401402021 263.8565027
GWO 0.788575469 0.407598478 263.8525933
RGWO 0.789695287 0.404498448 263.853552
MPSO 0.788584239 0.407642067 263.8523691

5.5. Tension/Compression Spring Design Problem
The tension/compression spring design problem aims to minimize the spring weight by opti-

mizing three variables with four inequality constraints [48], as shown in Figure 15 and Equation (21).
The decision variables are mean coil diameter (D), wire diameter (d), and the number of active
coils (N).

Table 15 gives the optimal solutions of all algorithms in solving this problem. It is noted that the
MOOA obtains the best results compared to other methods, and the minimum weight is 0.011174195.

Figure 15. Structural parameters of the tension/compression spring design problem.



Symmetry 2024, 16, 1173 26 of 28

Consider variables z⃗ = [z1, z2, z3] = [d, D, N].

Minimize
z⃗

f (⃗z) = (z3 + 2)z2z2
1

Subject to g1 (⃗z) = 1 − z3
2z3/(71785z4

1) ⩽ 0.

g2 (⃗z) = 4z2
2 − z1z2/12566(z2z3

1 − z4
1) + 1/5108z2

1 − 1 ⩽ 0.

g3 (⃗z) = 1 − 140.45z1/z2
2z3 ⩽ 0.

g4 (⃗z) = (z2 + z1)/1.5 − 1 ⩽ 0.

Variable range 0.05 ⩽ z1 ⩽ 2.

0.25 ⩽ z2 ⩽ 1.3.

2 ⩽ z3 ⩽ 15.

(21)

Table 15. Comparison of optimization results for the tension/compression spring design problem.

Algorithm
Optimal Values for Variables

Optimal Weight
d D N

MOOA 0.05 0.355941091 10.55735374 0.011174195
OOA 0.060622644 0.677161681 3.122473338 0.012747993
AO 0.055901016 0.515478019 6.173513397 0.013166136
AOA 0.058981869 0.623069676 3.591682654 0.01212038
ChOA 0.059522545 0.640762158 3.425067068 0.012315867
HHO 0.059773263 0.649077517 3.350980104 0.012409203
GWO 0.058420246 0.605035817 3.775234562 0.011925525
RGWO 0.058714517 0.613346926 3.697405443 0.012046873
MPSO 0.05 0.373590618 10.15177501 0.011349473

6. Conclusions and Future Work
In this paper, an improved version of the osprey optimization algorithm, named the MOOA, is

proposed for solving the global optimization problems. Three aspects of improvements have been
made to the basic OOA. First is the Lévy flight strategy, which is used to expand the search range
of hunting fish. And then the Brownian motion strategy is employed to increase the population’s
diversity and explore the promising regions. The last is the RFDB selection method, which is
used to select individuals with high quality and identify the global optima. The experimental
results of CEC2017 and CEC2022 test functions demonstrate that the proposed MOOA has superior
performance compared to the other eight advanced optimization algorithms. Meanwhile, the results
of the MOOA in five engineering design optimization problems also indicate that the MOOA has
merit in real-world optimization problems. Therefore, the MOOA integrated with three improvement
strategies is a powerful optimizer in solving these optimization problems, which can be used to solve
more complex and challenging tasks.

Although the MOOA shows superiority in most test functions and some practical optimization
problems, the MOOA still faces some drawbacks and can be enhanced further, such as the slow
convergence speed on the unimodal function F1 of CEC2022. In addition, compared with other
algorithms, the MOOA takes more computing time. Thus, the MOOA can be further improved by
using other methods, such as a disturbance factor, or hybridizing with other optimization methods
while not increasing the computational complexity. Future endeavors can also focus on applying the
MOOA to solve more complex optimization problems, such as UAV path planning, feature selection,
and scheduling problems.
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