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Engineering design optimization problems are often characterized by high dimensionality, complex
constraints, and multimodal search landscapes, which pose significant challenges to conventional
metaheuristic algorithms. Although the Whale Optimization Algorithm (WOA) has demonstrated
competitive performance, it still suffers from premature convergence, limited population diversity, and
an imbalanced exploration-exploitation mechanism in complex optimization scenarios. To overcome
these limitations, this paper proposes a Geometric Whale Optimization Algorithm (ESTGWOA), in
which multiple geometric strategies are systematically embedded into the canonical WOA framework
to enhance population initialization, search guidance, and position update behaviors. By incorporating
geometric-based mechanisms, ESTGWOA effectively improves search space coverage and strengthens
the coordination between global exploration and local exploitation. Comprehensive experiments

on 23 benchmark functions demonstrate that ESTGWOA, with an overall effectiveness of 97.10%,
outperformed other algorithms on benchmark functions with different dimensions of 30, 50 and 100
dimensions. And the simulations on a series of constrained engineering design problems demonstrate
that ESTGWOA consistently outperforms selected state-of-the-art metaheuristic algorithms.
Quantitative results show that ESTGWOA achieves superior average fitness values and lower standard
deviations in most cases, with statistical significance verified by Wilcoxon rank-sum and Friedman
tests. Furthermore, qualitative analyses of search history, population diversity, and convergence
behavior confirm the robustness and stability of the proposed approach. These results indicate that
ESTGWOA is a reliable and effective optimization algorithm for complex continuous engineering
design problems.
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Metaheuristic algorithms are a class of algorithms used to solve complex optimization problems by employing
search and optimization techniques to find the best or near-optimal solutions. Over the past few decades,
metaheuristic algorithms have been developed, widely researched, and applied. Due to the complexity and
diversity of many real-world problems, traditional exact algorithms often struggle to find optimized solutions
within a reasonable time frame. In contrast, metaheuristic algorithms search through the problem space by
leveraging the specific structure and domain knowledge of the problem, progressively approaching the optimal
solution with minimal computational resources. The core of metaheuristic algorithms lies in Exploration and
Exploitation. Exploration refers to thoroughly exploring the entire search space, as the optimal solution could be
located anywhere within it. Exploitation involves utilizing effective information as much as possible, as superior
solutions often exhibit certain correlations. These correlations are exploited to gradually adjust and guide the
search from the initial solution to the optimal solution. In general, metaheuristic algorithms aim to strike a
balance between Exploration and Exploitation.
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With the development of computer science, more and more researchers have begun focusing on the
development of better metaheuristic algorithms to address complex optimization problems more effectively. As
research deepened, metaheuristic algorithms evolved into diverse theoretical and application branches. Based
on their underlying inspiration mechanisms, they can generally be categorized into four groups: Evolutionary
Algorithms (EAs), Swarm Intelligence Algorithms (SIAs), Physics-Based Algorithms (PBAs), and Human-Based
Algorithms (HBAs) in Table 1.

Evolutionary Algorithms are inspired by Darwin’s theory of natural selection. Representative examples
include the Genetic Algorithm (GA)! and Differential Evolution (DE)? which evolve populations through
selection, crossover, and mutation operators, demonstrating strong global exploration capability.

Swarm Intelligence Algorithms emulate the social cooperation behaviors of animal groups®~°. For instance,
In 1992, Italian scholar Marco Dorigo proposed the Ant Colony Optimization (ACO) algorithm based on the
study of ant behavior”. In 1995, American psychologists Kennedy and electrical engineer Eberhart, inspired by
bird foraging behavior, proposed the Particle Swarm Optimization (PSO) algorithm®. In 2014, S Mirjalili et al.
proposed the Grey Wolf Optimizer (GWO). GWO simulates the social structure and hunting process of wolf
packs’. Recently proposed algorithms further expand this category. In 2019, Elhamifar and Ahmadi proposed
the Harris Hawks Optimization (HHO) algorithm by mimicking the hunting behavior of Harris hawks!?. In
2021, H Jia et al. inspired by the parasitic behavior of remora, proposed the Remora Optimization Algorithm
(ROA)!'. In 2022, Eva et al. proposed the Zebra Optimization Algorithm (ZOA), which imitates the foraging
behavior of zebras and their defense strategy against predators’ attacks'2. In 2024, S Fu et al. proposed Red-billed
Blue Magpie Optimizer (RBMO), inspired by the predation and food-storing behaviors of the Red-billed Blue
Magpie, which exhibits strong global search capabilities'®. In 2025, T Hamadneh et al. proposed Salamander
Optimization Algorithm (SOA)'. SOA is designed based on the remarkable biological characteristics of
salamanders, including their regenerative abilities, adaptability to diverse environments, and efficient movement
strategies. In 2025, X Wang inspired by the social behaviors of bighorn sheep, proposed the Bighorn Sheep
Optimization Algorithm (BSOA)'".

Physics-Based Algorithms are rooted in natural laws of energy transfer and physical dynamics
For example, Simulated Annealing (SA) controls the trade-off between global and local search through a
temperature-cooling process®’; the Attraction-Repulsion Optimization Algorithm (AROA) models gravitational
and repulsive forces?!; Thunderstorm and Cloud Algorithm (TCA) simulates atmospheric processes observed
during thunderstorms®%; Schrédinger Optimizer (SRA) is motivated by principles of quantum mechanics,
specifically Schrédinger’s equation and wave-particle duality?.

On the other hand, Human-Based Algorithms are inspired by social learning and cooperative behaviors
The Teaching-Learning-Based Optimization (TLBO) algorithm models classroom teaching and self-learning
processes?; the Soccer League Competition Algorithm (SLCA) is based on competitive team dynamics?’;
Psychologist Algorithm (PA) is inspired by psychological behaviours observed in human psychotherapy®’s
Perfumer Optimization Algorithm (POA) mimics the behavior of a perfumer when making a perfume®!.

Metaheuristic algorithms provide a universal optimization strategy, where a single algorithm can be applied
to multiple types of optimization problems without requiring a clear mathematical model of the problem.
In real-world applications, metaheuristic algorithms have been widely used in various fields due to their
strong optimization capabilities, including enhancing wireless sensor network coverage®>*, spring design

16-19

24-27

Algorithm Type | Year | Author(s) Source of Inspiration

Genetic Algorithm (GA) EAs | 1992 | Holland et al. Theory of evolution and Mendelian genetics.
Differential Evolution (DE) EAs 1995 | Storn et al. Mutation, crossover, and selection mechanisms.

Ant Colony Optimization (ACO) SIAs | 1992 | Dorigo et al. Foraging behavior of ants.

Particle Swarm Optimization (PSO) SIAs | 1995 | Kennedy et al. Social foraging behavior of birds.

Grey Wolf Optimizer (GWO) SIAs | 2014 | Mirjalili Social hierarchy and hunting behavior of grey wolves.
Harris Hawks Optimization (HHO) SIAs | 2019 | Heidari et al. Cooperative hunting strategy of Harris hawks.
Remora Optimization Algorithm (ROA) SIAs | 2021 | Jiaetal. Parasitic behavior of remora fish.

Zebra Optimization Algorithm (ZOA) SIAs | 2022 | Trojovskd et al. Foraging and defensive behavior of zebras.
Red-billed Blue Magpie Optimizer (RBMO) SIAs | 2024 | Fuetal Predation and food-storing behavior of red-billed blue magpies.
Salamander Optimization Algorithm (SOA) SIAs | 2025 | Hamadneh et al. Biological characteristics of salamanders.

Bighorn Sheep Optimization Algorithm (BSOA) SIAs | 2025 | Wang Social behaviors of bighorn sheep.

Simulated Annealing (SA) PBAs | 1987 | Van Laarhoven et al. | Physical annealing process.

Attraction-Repulsion Optimization Algorithm (AROA) | PBAs | 2024 | Cymerys et al. Gravitational attraction and repulsive forces.
Thunderstorm and Cloud Algorithm (TCA) PBAs | 2025 | Zraiqat et al. Atmospheric processes during thunderstorms.
Schrodinger Optimizer (SRA) PBAs | 2025 | Hussein et al. Principles of quantum mechanics.
Teaching-Learning-Based Optimization (TLBO) HBAs | 2011 | Raoetal. Teaching and self-learning processes.

Soccer League Competition Algorithm (SLCA) HBAs | 2014 | Moosavian et al. Competitive dynamics of soccer leagues.
Psychologist Algorithm (PA) HBAs | 2025 | Zraiqat et al. Psychological behaviors and decision-making.
Perfumer Optimization Algorithm (POA) HBAs | 2025 | Hamadneh et al. Behavior of a perfumer in fragrance creation.

Table 1. Current research on standard metaheuristic algorithms.
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(stretching/compressing)**?>%¢, welding beam design®’, neural network tuning®-*, feature selection**-**, urban

planning?®¥’, path planning*®%, antenna design optimization®, workshop scheduling®', and photovoltaic
parameter estimation®>->%. By efficiently handling complex multi-objective and multi-constrained problems,
metaheuristic algorithms significantly enhance decision-making efficiency.

However, metaheuristic algorithms also have certain limitations. These algorithms often face challenges
in balancing exploration and exploitation, as well as issues with poor population quality in the later stages of
iterations. The Particle Swarm Optimization (PSO) algorithm, when applied to complex optimization problems,
is prone to premature convergence, which often leads the algorithm to converge prematurely to a local optimum,
halting further exploration for better solutions. The Grey Wolf Optimizer (GWO) is simple in structure and easy
to implement, but in complex problems, GWO may also fall into local optima in the later stages of iterations. The
Aquila Optimizer, renowned for its strong exploration and exploitation capabilities, faces difficulties due to the
complexity of its position update mechanism, making it hard to adjust and unable to guarantee its effectiveness
in solving complex problems. Therefore, improving the balance between exploration and exploitation and
enhancing population quality have become significant challenges in enhancing the performance of metaheuristic
algorithms.

As shown in Table 2, in recent years, researchers have continuously explored integrating different methods
to improve metaheuristic algorithms. In 2004, Y. Gao et al. introduced chaotic mapping into population
initialization, generating higher-quality populations and improving the optimization ability of the PSO
algorithm to some extent™. In 2020, Chiwen Qu et al. proposed an improved Harris Hawks Optimization
(HHO) algorithm based on information exchange (IEHHO), allowing Harris hawk individuals to exchange
information from shared regions, thereby enhancing the collaborative ability of the Harris Hawks to better
balance exploration and exploitation®®. In 2023, H Jia et al. combined heat transfer and condensation strategies,
proposing an improved Snow Ablation Optimizer (SAOHTC) to address the issue of premature convergence to
local optima in high-dimensional problems®. In 2024, J. Huang et al. introduced a multi-strategy hybrid BWO
algorithm (HBWO), which integrates QOBL, adaptive spiral predation strategies, and the Nelder-Mead method,
to better handle complex high-dimensional problems®. These exceptional algorithms, which incorporate
various novel improvement strategies, offer new approaches to enhancing metaheuristic algorithms. In 2025,
Lu et al. proposed MRBMO by incorporating Good Nodes Set method and LIOBL, for antenna S-parameter
optimization®.

The Whale Optimization Algorithm (WOA), proposed by Mirjalili et al. in 2016, is a metaheuristic
optimization algorithm inspired by the hunting behavior of humpback whales*. WOA has a relatively simple
structure, making it easy to understand and implement. However, WOA has poor capabilities in balancing
exploration and exploitation, and the quality of the population tends to degrade significantly with each iteration,
leading to stagnation. In complex multi-modal optimization problems, WOA may fail to perform adequate
global exploration and can easily converge prematurely to a local optimum. Therefore, in recent years, many
scholars have made various attempts to improve the performance of WOA. In 2020, Liu et al. proposed a hybrid
WOA based on Levy flight and Differential Evolution (WOA_LFDE), which used Levy flight to enhance search
diversity and combines Differential Evolution (DE) strategies to further improve local search capability while
retaining elite individuals®. In 2022, S. Chakraborty et al. introduced a novel improved Whale Optimization
Algorithm (ImWOA), which incorporated two different exploration strategies for searching food and introduces
a new cooperative hunting strategy. InWOA aimed to address the shortcomings of traditional WOA in solution
diversity and the local optimum problem®!. In 2024, Li et al. proposed MISWOA, which incorporated an adaptive
nonlinear convergence factor with a variable gain compensation mechanism, adaptive weights, and an advanced
spiral convergence strategy, resulting in a significant enhancement in the algorithm’s global search capability,
convergence velocity, and precisionﬁz. In 2025, Gu et al. incorporated Good Nodes Set initialization and sine-
cosine method into WOA, proposed GWOA®3. Their modifications to WOA have improved its applicability to
solving more complex problems.

Chapter 2 provided a detailed introduction to the current research on engineering design optimization
challenges. Chapter 3 primarily presented the specific principles of the Whale Optimization Algorithm (WOA),
along with its advantages and disadvantages. Chapter 4 introduced the proposed ESTGWOA. In Chapter 5, we
validated the performance of ESTGWOA through a series of experiments. Chapter 6 involves testing ESTGWOA

Algorithm Year | Authors Source of Inspiration

CPSO* 2004 | Gao etal. Chaos mapping for enhancing population diversity.
IEHHO®® 2020 | Quetal. Information exchange mechanism among agents.
WOA_LFDE® | 2020 | Liuetal. Levy flight and Differential Evolution operators.

ImWOA®! 2022 | Chakraborty et al. | Dual exploration strategies for global search enhancement.
SAOHTC* 2023 | Jiaetal. Heat transfer and condensation mechanisms.

MISWOA®? 2024 | Lietal Adaptive nonlinear convergence factor and adaptive weights.
HBWO*® 2024 | Huang et al. QOBL and adaptive spiral predation strategy.

MRBMO** 2025 | Luetal. Levy flight and Lens-Imaging Opposition-Based Learning.
GWOA® 2025 | Guetal Good Nodes Set and sine-cosine function guidance

Table 2. Current research on improved metaheuristic algorithms.
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with state-of-the-art (SOTA) metaheuristic algorithms on different engineering design optimization problems
to verify the practicality and robustness of ESTGWOA.

Current research on engineering design optimization challenges

Engineering design optimization has long been a fundamental task across aerospace, mechanical, civil, and
structural engineering. Before the emergence of metaheuristic algorithms, engineering design problems were
primarily solved using traditional mathematical optimization techniques such as linear programming, nonlinear
programming, dynamic programming, gradient-based methods, and exhaustive search strategies. Although
these classical techniques offer strong theoretical foundations, they often struggle with highly nonlinear,
multimodal, constrained, and black-box engineering problems. Their reliance on gradient information and
strict mathematical assumptions made them unsuitable for complex real-world scenarios, where the design
landscapes are typically discontinuous, nonconvex, and computationally expensive.

With the development of metaheuristic algorithms, researchers gained access to a new class of flexible
and powerful optimization tools inspired by natural processes, biological systems, and physical phenomena.
Algorithms such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO), Differential Evolution (DE),
and later more advanced strategies like Grey Wolf Optimizer (GWO) and Whale Optimization Algorithm (WOA)
demonstrated strong global search capabilities and robustness. These methods require no gradient information
and can handle complex constraints, making them particularly suitable for engineering design optimization
involving uncertain environments, noisy models, and intricate design spaces. Metaheuristics quickly became the
mainstream approach for tackling challenging engineering design tasks.

In recent years, the integration of neural networks and deep learning has further expanded the landscape
of engineering optimization. Surrogate-assisted optimization, reinforcement learning-driven design, and deep
surrogate modeling techniques have been widely employed to accelerate computation and improve solution
quality. These approaches can approximate computationally expensive engineering models, enabling rapid
evaluations and providing new ways to explore high-dimensional design spaces. Despite their effectiveness,
neural network-based optimization often requires large datasets, extensive training, and careful hyperparameter
tuning, and may still fall short in global search capability compared with well-designed metaheuristics.

Overall, metaheuristic algorithms maintain unique advantages in engineering design, particularly because
of their balance between exploration and exploitation, their independence from gradient information, and their
ability to escape local optima in complex search landscapes. These strengths have motivated the continuous
development of enhanced metaheuristic variants tailored for engineering applications.

The Whale Optimization Algorithm (WOA) is a bio-inspired metaheuristic algorithm known for its simple
structure and ease of implementation. However, its performance in engineering design optimization has been
less than satisfactory. Therefore, we proposed a novel geometric WOA with multi-strategy (ESTGWOA), aimed
at improving the performance of WOA and enabling it to compete with state-of-the-art (SOTA) metaheuristic
algorithms, while exploring additional possibilities for WOA in engineering design optimization. This paper will
explore the effectiveness and applicability of ESTGWOA in engineering design optimization, aiming to provide
a new optimizer for engineering design optimization.

WOA

Encircling prey

Humpback whales can identify the location of prey and encircle them. Since the optimal position in the search
space is unknown, the WOA assumes that the current best candidate solution represents the target prey or is
close to the optimal solution. After defining the best whale, which is called an elite, other whales attempt to
update their positions toward the elite. This behavior is represented by Egs. (1) and 2:

D=|C-X"(t) - X(¢t)| (1)

Xt+1)=X"(t)—A-D (2)
where ¢ is the current iteration; A and C are coefficient vectors; X ™ is the position of the elite; X is the position
of the whale.

If a better solution is found in each iteration, which means the fitness value of X is smaller than that of X*,
the current position X is updated as the new X *. The formulae for vector A and C are given below:

A=2a-r—a (3)

C=2-r (4)

where r is a vector of random numbers from 0 to 1; a is a convergence factor which linearly decreases to 0 during
the iteration and the calculation of the convergence factor a is shown in Eq. (5):

t
a=2 2T (5)

where t is the current number of iterations; T is the maximum number of iterations.
Fig. 1 illustrates the variation of convergence factor a.
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Fig. 1. Variation of convergence factor a during the iteration.

Spiral updating

This method first calculates the whale position X and the prey position X* in a straight line distance D’ from
the prey position as shown in Eq. (6). And then creates a spiral equation to simulate the whale spiraling up to
encircle the prey as shown in Eq. (7).

D' =|X"(t) - X(t)| (6)
X(t+1)=D"-e" - cos(2rl) + X*(t) )
a = —1— % (®)
l=(a1—1)-Rand+1 )

where X ™ is the position of the elite; and X is the position of the whales; b is a constant defining the shape of
the logarithmic helix, usually set to 1; a1 is a linearly varying parameter of [-2, -1]; ¢ is the current number
of iterations; T is the maximum number of iterations; Rand is a random number between 0 and 1; the spiral
coefficient [ takes the values [-2, 1].

Search-for-prey

When the whale moves past the location of the prey, it will abandon its previous direction and randomly search
in other directions for other prey, in order to avoid getting trapped in a local optimum. Then a whale individual
will be randomly selected from the whale population to explore the area around the position. The modeling of
the whale’s search-for-prey behavior is as follows:

D" =|C Xyana — X (t)] (10)
X(t+1) :X'V'(Lnd_A'DH (11)

where Cis a coeflicient vector calculated in Eq. (4); X rana is a random whale chosen from the current population;
A is a coefficient vector calculated in Eq. (3).

Population initialization
Like most metaheuristic algorithms, WOA uses random number initialization for population initialization.

X, = (ub—1b) - Rand + Ib (12)

where X ; is randomly produced population; ub and Ib are the upper limit and lower limit of the problem; Rand
is a random number between 0 and 1.

This approach, while simple and direct, often results in poor diversity and uneven distribution of solutions,
which can lead to inefficiency in the search process.

The pseudo-code of the WOA is shown in Algorithm 1 and the flowchart of WOA is shown in Fig. 2.
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Fig. 2. Flowchart of WOA.
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Require: Population size N, Maximum iterations 7
Ensure: Best solution X*
1: Initialize the whale population X; (i = 1,2,...,N)
2: Calculate fitness of each search agent
3: X* < best search agent
4: fort=1to T do
55 a=2-—t- % {Linearly decreases from 2 to 0 as iteration proceeds }
6:  for each search agent do
7: Update parameters A, C, [, and p
8 if p < 0.5 then
9 if [A] < I then

10: D=|C-X*(r) =X ()]

11: X(t+1)=X*(t)—A-D

12: else

13: Select a random search agent X,,,4
14: D=|C Xygna —X(t)|

15: X(t+1)=Xygna—A-D

16: end if

17: else

18: D' = |X*(r)— X (t)]

19: X(t+1)=D"-e"" - cos(2ml) + X*(t)
20: end if

21:  end for

22:  Check and correct boundary violations of all search agents
23:  Calculate fitness of all updated search agents

24:  Update X* if a better solution (higher/lower fitness) exists
25: t=t+1

26: end for

27: return X*

Algorithm 1. WOA

Advantages and disadvantages of WOA

The structure of WOA is relatively simple, with fewer parameters, making it easy to understand and implement.
By dynamically adjusting the convergence factor a, WOA is able to focus on global exploration in the early stages
of the search and on local exploitation in the later stages, preventing it from getting trapped in local optima.
However, WOA also has certain drawbacks. Despite its ability to balance exploration and exploitation, WOA
may not perform sufficient global exploration when dealing with multi-modal optimization problems, leading to
premature convergence to local optima, especially in complex search spaces. For some specific problems, WOA’s
convergence speed is slow, particularly in the later stages when the population diversity significantly decreases,
resulting in stagnation. Furthermore, WOA is quite sensitive to the initial setting of parameters, especially
the convergence factor a that controls exploration and exploitation. Therefore, there is significant room for
improvement in the WOA.

In the Geometric Whale Optimization Algorithm (ESTGWOA) proposed in this paper, we used Good Nodes
Set method to generate a uniformly distributed population, introduced a redesigned Elite Guided Search (EGS)
strategy to replace the original search-for-prey strategy, and proposed a redesigned Spiral-based Encircling Prey
(SEP) strategy to improve the logic of the original encircling prey strategy. We also introduced a Triangular-
based Spiral Hunting (TSH) strategy to enhance the original spiral updating strategy, designed a new update
mechanism of the convergence factor a to balance the exploration and exploitation, and incorporated a newly-
designed Hybrid Gaussian Mutation based on Differential Evolution to help escape from local optima.

ESTGWOA

Good nodes set initialization

The standard WOA initializes its population using pseudo-random numbers, as illustrated on the left side of
Fig. 3. Although this strategy is straightforward and easy to implement, it frequently yields populations with
limited diversity and uneven spatial coverage. Such deficiencies may cause individuals to cluster, thereby
weakening the algorithm’s search efficiency and global exploration ability.

To overcome these limitations, this study employs the Good Nodes Set (GNS) initialization method®-°¢,
which generates more uniformly distributed candidate solutions. Originating from the work of Chinese
mathematician Loo-keng Hua, GNS provides a systematic way to produce evenly spaced points. Its most notable
benefit is that the distribution quality remains consistent regardless of dimensionality, making it suitable for both
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Fig. 3. Pseodo-random number Initialization and Good Nodes Set Initialization.

low-dimensional and high-dimensional optimization tasks. Consequently, applying GNS can enhance the initial
population quality and significantly strengthen the exploration phase of WOA. The population generated by
GNS for N=300 is presented on the right side of Fig. 3, showing a notably more homogeneous layout compared
to the pseudo-random counterpart and effectively avoiding concentration of individuals.

Let UP denote a unit hypercube in a D-dimensional Euclidean space. The construction of a Good Nodes Set
is defined by Eq. (13):

PM = p(k) = (kr,kr®, .. krP)k=1,2,...,.M (13)

where x denotes the fractional part of x, M is the total number of generated nodes, and r is a deviation parameter
greater than zero. The constant C'(r, €) depends solely on r, while € is a positive constant.

Each element p(k) in P is referred to as a Good Node. Given the upper and lower bounds of the i*"
dimension of the search space, ;4. and x,,;,,, respectively, the mapping from the unit hypercube to the actual
search domain is performed using Eq. (14):

x;c = :Lj;mn +pl(k) ! (minax - m'lmzn) (14)

Elite guided searching (EGS) strategy

The original WOA searches for prey by randomly selecting a whale individual, which increases the algorithm’s
diversity to some extent. However, this mechanism makes it difficult to achieve an effective balance between
global exploration and local exploitation. As a result, the search trajectories of individuals often lack clear
directionality and regularity, which may lead to premature convergence to local optima. Moreover, the
reliance on randomly selected individuals limits the effective utilization of population information, especially
when population diversity decreases in later iterations. This randomness may also cause instability and large
performance fluctuations, particularly when the population size is small.

To address these shortcomings, this paper proposes a novel Elite Guided Searching (EGS) strategy, as
illustrated in Fig. 4. The EGS strategy is directly inspired by cooperative hunting and predator-prey behaviors
observed in the natural world, where individuals dynamically adjust their movements by learning from the most
successful hunter (elite) in the group.

The modeling of the Elite Guided Searching strategy is shown below:

X(t+1)= (1= 7) X0 +1X" (@) Xa(0) (15)
Xalt) = 5 > Xi(0) 16)

where ¢ is the current iteration number; T is the maximum number of iterations; X represent the positions
of the whale individual; X represent the position of an elite; Xr represent the average position of all whale
individuals.

The Elite Guided Searching strategy uses the position of the current best solution and the average position
of the whale individuals to guide the whale population towards the optimal solution. As the iterations progress,
the reliance on the optimal solution gradually decreases, allowing the algorithm to naturally balance exploration
and exploitation throughout the iteration process. This strategy helps to maintain an appropriate exploration
capability in the early stages while enhancing exploitation in the later stages, thus avoiding premature exploitation
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Fig. 4. Elite Guided Searching mechanism.

in the early iterations. Furthermore, the Elite Guided Searching strategy references the average position of
the whale population, ensuring that, in the next iteration, the movement direction of a whale individual is
influenced not only by the leader’s position but also by the distribution of the entire population. This allows for
a more comprehensive use of the population’s information, making the movement of individuals more based
on the population’s structural characteristics rather than random behavior. This approach avoids excessive or
insufficient interaction among individuals, thereby improving the algorithm’s convergence speed and accuracy.
In addition, compared to the original WOA, which explores the unknown domain by randomly selecting a whale
individual, the Elite Guided Searching strategy focuses more on the relative positions of the whale individuals
and their distance from the current best solution. This reduces the impact of randomness on the algorithm’s
performance and gradually guides the whale individuals closer to the optimal solution, enhancing the algorithm’s
stability and consistency.

Spiral-based encircling prey (SEP) strategy
From Eq. (2), it can be seen that the encircling prey strategy of the original WOA primarily updates the position
of the whale based on the distance between the whale and the prey. Although this approach allows for a gradual
convergence towards the optimal solution, in complex and multi-modal problems, it may lead to an overly rapid
convergence in the early stages, causing the algorithm to get trapped in local optima. In the original WOA, due
to the simplicity of the encircling prey strategy, the position update is solely dependent on the current positions
of the prey and the whale, which may lead to insufficient exploration during the local search and make the
algorithm sensitive to the initial positions.

To address these limitations, this paper drawn inspiration from the Spiral flight mechanism and introduced a
Spiral-based Encircling Prey mechanism. This mechanism is modeled as shown in Egs. (17) to 23.

Fig. 5 is the simulation of Spiral flight. The schematic of the Spiral-based Encircling Prey is illustrated in
Fig. 6.

D=|C -X"(t)— X(t)] (17)
X(t41)=X*(t)+e?* - cos(2ms) - |A- D| (18)
A=2a-r—a (19)
D=|C-X"(t) - X(t)| (20)

C=2-r (21)

s=2-r—1 (22)

7 = Sscos(m(1—=4)) (23)

where A and C are coefficient vectors; Z and s are the spiral coeflicients; Rand denotes a random number between
0 and 1; S is the step size of spiral flight.

The Spiral-based Encircling Prey strategy incorporated the concept of spiral flight, introducing periodicity
and randomness into the position update process. This spiral motion not only enables the whale to approach the
prey but also maintains a certain degree of spatial exploration during the approach, thus preventing premature
convergence to local optima. The nonlinear trajectory of this strategy helps the algorithm to escape from
local optima, enhancing its global search capability. This strategy introduces a cosine oscillation term, which
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Fig. 5. The silulation of Spiral flight.

Fig. 6. Spiral-based Encircling Prey mechanism. The whales move in the spiral shape to attack the prey.

increases the depth of exploration of the search space by the whale individual. As a result, the whale can explore
the local space more deeply while approaching the prey. This deeper exploration helps in finding better local
solutions, preventing early convergence and local optima in complex problems. The movement trajectory of the
whale becomes more diversified and complex, which enhances the algorithm’s adaptability to various types of
problems. This complexity improves the robustness of the algorithm, making it more effective in solving a wide
range of optimization problems and mitigating the drawbacks of the original WOA.

Triangular-based spiral hunting (TSH) strategy

From Eq. (7), we can see that the spiral updating strategy of the original WOA primarily relies on position updates
around the current best solution, resulting in a high dependency on the current optimal solution. This leads to
insufficient fine-tuning ability when approaching the optimal solution. Although this strategy incorporates some
randomness, its range is relatively limited, lacking more complex multidimensional space exploration and the
ability to escape from local optima, which increases the likelihood of getting trapped in local optima. To address
these limitations, this paper proposed a novel Triangular-based Spiral Hunting Strategy to replace the original
spiral update strategy, as follows:

Scientific Reports |

(2026) 16:8526 | https://doi.org/10.1038/s41598-026-37387-0 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

r=0.1- (17 %) (24)

r=rand-m (25)

Ly =|X"(t) — X(¢)| (26)

Ly =D’ -rand (27)

vy=2- -7 rand (28)

L=+/|Li - Li+ Lo - Lo —2- Ly - Ly - cos(7)] (29)
X(t+1)=X"@t)-D' +r-L+e“t . cos(2nL) |A- D (30)

where 71 is the scaling factor; r is the random scaling factor; Rand denotes a random number between 0 and
1; L1 represents the straight-line distance between the whale and the prey; Ls is the random step size; 7y is a
random angle; L is the triangular walk step size, as illustrated in Fig. 7.

Compared to the original Spiral updating strategy, the Triangular-based Spiral Hunting Strategy introduces a
dynamic scaling random disturbance factor that gradually decreases as the iteration progresses. This guides the
particles to explore more widely in the early stages and focus on refined search in the later stages. By calculating
the random angle through a cosine function, the strategy introduces more asymmetric disturbances, increasing
the uncertainty in particle updates. This prevents all particles from converging onto a single spiral path and
further enhances the randomness and directional diversity of the search. The Triangular-based Spiral Hunting
strategy allows the population to wander around the optimal position while converging towards it, thereby
improving the algorithm’s local optimization capability.

Hybrid Gaussian mutation based on differential evolution
The standard position update strategy in WOA primarily relies on biomimetic principles, such as prey
encirclement and spiral updating. These strategies typically focus on searching in the vicinity of the current
best solution, and especially in the later stages of iterations, WOA may gradually converge to a specific region,
leading to a decreased ability to explore the search space. By introducing a mutation strategy after the position
update, new disturbances can be introduced into the solution space, creating a certain degree of variation that
allows whale individuals to escape from the current local optimum region and explore a broader solution space.

Furthermore, for algorithms like WOA that rely on the best solution in the population for search, a mutation
strategy can help individuals escape from locked regions, preventing the algorithm from converging to a
local optimum. This is particularly important when solving complex problems with multiple local optima. By
incorporating a mutation strategy into WOA, it can compensate for the limitations that may arise during the
later stages of convergence, ensuring that WOA continues to explore rather than prematurely converging to
a sub-optimal solution. In ESTGWOA, we introduced a novel designed Hybrid Gaussian Mutation based on
Differential Evolution.

First, we generate an intermediate solution X, by Differential Evolution.

Krew(t) = Xi(t) + F - (Xe(t) = Xp(t) + (Xa(t) — Xr(1))) (1)

where X; represents the current position of the individual; Xp, Xg, Xr and X¢ represent the positions of
the four different individuals randomly selected from the population respectively; F is the factor controlling the
scaling of the difference vector, which is calculated as in Eq. (32).

F =1+ tan(w - (Rand — 0.5)) (32)

Ly

Fig. 7. Step size L of Triangular Walk. L1 represents the straight-line distance between the whale and the prey;
Lo is the random step size; 7y is a random angle; L is the triangular walk step size.
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where Rand denotes a random number between 0 and 1.
Then, execute Hybrid Gaussian Mutation on the generated intermediate solutions X,

Xhew(®) = Xifeu(t) - (1 + @~ G + (1 - a) - Ga) (33)

where o is the weighting coefficient that controls the mixing ratio of the two Gaussian disturbances; G7" N (0,01) is
the first Gaussian-distributed random disturbance with standard deviation; G5 N (0,02) is the second Gaussian-
distributed random disturbance with standard deviation. In this study, we set a=0.5, 01 =0.1 and 02=0.5.

Then, after applying the mutation operation to the intermediate solution, boundary checks and adjustments
are necessary to prevent the population from degenerating. If the solution exceeds the upper or lower bounds, it
is set to the corresponding boundary value. The boundary checking method is as follows:

Xnew(t) = min(maz (X, ew(t), 1b), ub) (34)

where ub and Ib represent the upper and lower bounds of the problem respectively.

Finally, if the fitness of the mutated solution Xy is better than that of the original solution X, then use
Xnew to replace X;.

In the later iteration, WOA typically focuses on utilizing existing solutions for local search to further refine
the accuracy of the solution. Introducing this Hybrid Gaussian Mutation based on Differential Evolution can
enhance the diversity of the population. By incorporating random disturbances with different scales from
Gaussian distributions, it allows the whale population, upon finding a relatively optimal solution, to guide some
individuals out of the current region and explore a broader solution space. This improves the algorithm’s global
search ability and effectively prevents premature convergence to local optima. Such a mutation operation helps
the algorithm fine-tune the positions of solutions, increasing the final convergence accuracy and preventing the
optimal solution’s exact position from being overlooked.

Redesign of convergence factor a

Although the integration of the above strategies improves the performance of WOA, the convergence factor
a defined in the traditional WOA no longer meet the specific requirements of the ESTGWOA. The original
linear update method of convergence factor a decreases linearly from 2 to 0. This update method results in a
gradual change in the algorithm’s search behavior throughout the entire iteration process, especially towards
the end of the iterations, where the reduction is minimal, affecting the convergence speed. Therefore, this paper
proposed a new update mechanism based on the Sigmoid function for the convergence factor a, to balance
global exploration and local exploitation. The computation is given by Eq. (35). Fig. 8 compares the proposed
Sigmoid-based update with the original linear decrement.

a==e- 11 ek(F-05) (35)

where ¢t is the current number of iterations; T is the maximum number of iterations; k is the scaling factor of
Sigmoid function.

The Sigmoid function exhibits an ’S-shaped’ curve, characterized by slower variation at both ends and rapid
change near the midpoint. When applied to parameter updating, this shape produces a gradual decline during

2 T
== == original a
181 N = proposed a (k=10) | 7
N s proposed a (k=15)
16 A S proposed a (k=20) |
\ m——— proposed a (k=25)
141 N
121
S
s 17
>
0.8
0.6 [
0.4
0.2
0 I I
0 100 200 300 400 500

lteration

Fig. 8. Comparison between the proposed convergence factor a and the original a. The light blue straight line
represents the original convergence factor g; the blue, green, orange, and red curves represent the proposed
convergence factor a for (k=5), (k=10), (k=15) and (k=20), respectively®®.
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the early iterations, a sharp drop in the middle phase, and a slower reduction toward the end. Such a non-linear
adjustment pattern effectively models a more sophisticated transition process, allowing the algorithm to display
distinct convergence behaviors at different stages. Specifically, the slow early decrease broadens exploration,
the mid-phase acceleration enhances convergence speed, and the later mild reduction preserves exploratory
potential while strengthening local refinement.

This dynamic adjustment mechanism achieves a more effective balance between global exploration and
local exploitation, offering flexible convergence characteristics, mitigating premature convergence, improving
robustness across diverse search scenarios, and enhancing the precision of the final solution. The scaling factor
k in Eq. (35) governs the evolution of A and therefore directly influences the exploration-exploitation trade-off.
The optimal value of k will be determined experimentally in Experiment 5.

The pseudo-code of the complete ESTGWOA is provided in Algorithm 2 and the flowchart of ESTGWOA
is shown in Fig. 9.

Begin

v

Initialize the Whale Population X
by Good Nodes Set method

v

Calculate the fitness of each agent

v

Update A, C, |, t and p;
Update a by Equation 35,

v

NO YES
if p<0.5 ><_ if|Al<1

NO YES
Y L i

Update Position Update Position Update Position
by Equation 30 by Equation 15 by Equation 18

\ 4

Y

Hybrid Gaussian
Mutation based on (<€
Differential Evolution

\ 4

YES

t<T

NO

‘ Obtained best position

|

End

Fig. 9. Flowchart of ESTGWOA.
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Require: Population size N, Maximum iterations T
Ensure: Best solution X*
1: Initialize the whale population X; (i = 1,2,...,N)
2: Calculate fitness of each search agent
3: X* < best search agent
4: fort=1to T do

Calculate the mean position of the whales Xg(t) = %Z.

X(t+1)=X*(t)-D +r-L+e*L-cos(2nL)-|A-D|

5: a=2— W

6:  for each search agent do

7: Update parameters A, C, [, and p

8: if p < 0.5 then

9: if |[A| < 1 then

10: X(t+1) =X*(t) +e**-cos(2ms) - |A- D
11 else

12:

13: X(r+1)=(1—%)-X*(t) + [X*(t) — Xr(1)]
14: end if

15: else

16:

17: end if

18:  end for
19:  Execute Hybrid Gaussian Mutation based on Differential Evolution

21:  Calculate fitness of all updated search agents

Check and correct boundary violations of all search agents

22:  Update X* if a better solution (higher/lower fitness) exists
23: t=t+1
24: end for
25: return X* Algo-
rithm 2. ESTGWOA
Function | Function’s Name Type Dimension (Dim) | Best Value
F1 Sphere Uni-modal, Scalable 30 /50/100 0
F2 Schwefel’s Problem 2.22 Uni-modal, Scalable 30/50/100 0
F3 Schwefel’s Problem 1.2 Uni-modal, Scalable 30/50/100 0
F4 Schwefel’s Problem 2.21 Uni-modal, Scalable 30/50/100 0
F5 Generalized Rosenbrock’s Function | Uni-modal, Scalable 30/50/100 0
F6 Step Function Uni-modal, Scalable 30/50/100 0
F7 Quartic Function Uni-modal, Scalable 30/50/100 0
F8 Generalized Schwefel’s Function Multi-modal, Scalable 30/50/100 -418.98 Dim
F9 Generalized Rastrigin’s Function Multi-modal, Scalable 30/50/100 0
F10 Ackley’s Function Multi-modal, Scalable 30/50/100 0
F11 Generalized Griewank’s Function Multi-modal, Scalable 30/50/100 0
F12 Generalized Penalized Function 1 Multi-modal, Scalable 30/50/100 0
F13 Generalized Penalized Function 2 | Multi-modal, Scalable 30/50/100 0
F14 Shekel’s Foxholes Function Multi-modal, Unscalable |2 0.998
F15 Kowalik’s Function Composition, Unscalable | 4 0.0003075
Fl6 Six-Hump Camel-Back Function Composition, Unscalable | 2 -1.0316
F17 Branin Function Composition, Unscalable | 2 0.398
F18 Goldstein-Price Function Composition, Unscalable | 2 3
F19 Hartman’s Function 1 Composition, Unscalable | 3 -3.8628
F20 Hartman’s Function 2 Composition, Unscalable | 6 -3.32
F21 Shekel’s Function 1 Composition, Unscalable | 4 -10.1532
F22 Shekel’s Function 2 Composition, Unscalable | 4 -10.4029
F23 Shekel’s Function 3 Composition, Unscalable | 4 -10.5364
Table 3. Classical Benchmark Functions®’.
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Metrics

ETSGWOA (k=10)

ETSGWOA (k=15)

ETSGWOA (k=20)

ETSGWOA (k=25)

Average Friedman Value

3.2174

2.5987

2.0765

2.1074

Rank

4

3

1

2

Table 4. Friedman test results of ESTGWOAs with different values of k.

Algorithm | Average Friedman Value | Rank | +/=/-
ESTGWOAL | 4.0957 5 71719
ESTGWOA?2 | 4.7884 6 13/7/3
ESTGWOA3 | 3.7072 4 5/7/11
ESTGWOAA4 | 5.0036 7 14/7/2
ESTGWOAS | 3.4094 2 21/0/2
ESTGWOAS6 | 3.6667 3 6/7/10
ESTGWOA | 3.3290 1

Table 5. Non-parametric results of the algorithms in the ablation study.

Time complexity analysis
Time complexity of WOA
Assume that the time complexity of initialization in WOA is O(ND). During each iteration, the time complexity
of boundary checking is O(ND), the time complexity of fitness evaluation is O(ND), and the total time complexity
of position updates is O(ND). Therefore, the total time complexity per iteration is O(ND). If the algorithm
iterates T times, the total time complexity is calculated as:

Total Time Complexityl = Initialization + T * (the total time complexity per iteration) = O(ND) + T * O(ND)
=0(T « ND)

Time complexity of ESTGWOA
Assume that the time complexity of initialization in ESTGWOA is O(ND). During each iteration, the time
complexity of boundary checking is O(ND), the time complexity of fitness evaluation is O(ND), and the total
time complexity of position updates is O(ND). Therefore, the total time complexity per iteration is O(ND). If the
algorithm iterates T times, the total time complexity is calculated as:

Total Time Complexity2 = Initialization + T * (the total time complexity per iteration) =O(ND) + T * O(ND)
=0O(T « ND)

In summary, the time complexity of ESTGWOA and WOA are the same, both are O(T" * N D).

Experiments and analysis

The experimental environment for this study is as follows: Windows 11 (64-bit), Intel(R) Core(TM) i5-8300H
CPU @ 2.30GHz processor, 8GB RAM, and Matlab R2023a as the simulation platform. To verify the performance
and effectiveness of ESTGWOA, the following five experiments were designed. The algorithm is tested on a set of
23 selected benchmark functions, as shown in Table 3, and engineering design optimization tests are conducted
in Chapter 6.

o Parameter sensitivity analysis experiment The four values of the scaling factor k in Eq. (35) were tested on
the selected 23 benchmark functions in CEC2005 to determine the optimal value of k that best balances the
exploration and exploitation capabilities of the ESTGWOA®’.

o Ablation study Five improved strategies were sequentially removed from the ESTGWOA, and an ablation
study was conducted on the benchmark functions;

 Qualitative analysis experiment A qualitative analysis experiment was performed by applying ESTGWOA on
the 23 benchmark functions to comprehensively evaluate the performance, robustness and exploration-ex-
ploitation balance of ESTGWOA in different kinds of optimization problems, by assessing agents’ search
behavior, exploration-exploitation ratio and population diversity;

o Comparative experiment ESTGWOA was compared with other SOTA MAs on the benchmark functions on
dimension of 30;

o Scalability experiment ESTGWOA was compared with the SOTA MAs on the benchmark functions in higher
dimensions on higher dimension of 50 and 100.

Parameter sensitivity analysis experiment
In WOA, the convergence factor a controls the balance between the exploration and exploitation phases of
the algorithm. The traditional linear update approach indicates that as the iterations progress, the convergence
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Fig. 10. Iteration curves of the algorithms in ablation study.

factor a linearly decreases from 2 to 0, implying a strong exploration phase in the early iterations and a
gradually increasing exploitation phase in the later iterations. However, when a more precise adjustment of the
exploration-exploitation balance is required, the linearly varying convergence factor a may limit the adaptability
of WOA, making it difficult to balance exploration and exploitation effectively. To address this issue, the update
mechanism of convergence factor a based on a Sigmoid function was proposed in this study, replacing the linear
update approach and further enhancing WOA's ability to balance exploration and exploitation. However, since
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the trend of the Sigmoid-based convergence factor a depends on the value of k, the selection of k is crucial in
determining WOA'’s balance between exploration and exploitation.

The objective of this experiment is to adjust the value of k to influence the trend of convergence factor g,
thereby identifying the optimal value of k for the algorithm, enabling a more flexible adjustment of the switch
between exploration and exploitation phases. We selected k=10, k=15, k=20, and k=25 for comparison, with the
corresponding trends of convergence factor a shown in Fig. 8. ESTGWOA with these values of k were tested on
23 benchmark functions using the Friedman test, and the results were presented in Table 4. The results indicated
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Fig. 11. Results of qualitative analysis experiment (F1-F8).
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Fig. 12. Results of qualitative analysis experiment (F9-F16).

that, among the 23 benchmark functions, the ESTGWOA with k=20 performed the best overall. Therefore, in
this study, the scaling factor k=20 was chosen for the Sigmoid-based updating mechanism.

Ablation study
In the ablation study, we removed six improvement strategies from ESTGWOA respectively as follows:
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Fig. 13. Results of qualitative analysis experiment (F17-F23).

o ESTGWOAL: The ESTGWOA that Good Nodes Set Initialization was replaced by Pseudo-random number
initialization;

o ESTGWOA2: The ESTGWOA that the update method of convergence factor a was replaced by the one in
original WOA;

o ESTGWOA3: The ESTGWOA that the Elite Guided Search strategy was replaced with the original WOA
search-for-prey strategy;
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o ESTGWOA4: The ESTGWOA that the Spiral-based Encircling Prey strategy was replaced with the original
WOA encircling prey strategy;

o ESTGWOAS: The ESTGWOA that the Triangular-based Spiral Hunting Strategy was replaced with spiral
updating strategy in the original WOA;

o ESTGWOAG6: The ESTGWOA without the Hybrid Gaussian Mutation based on Differential Evolution.

Furthermore, the number of iterations was set to T=500 and the population size was set to N=30 for all
experiments. Each algorithm was run 30 times on 23 benchmark functions to perform a performance analysis.
Parametric and non-parametric results of the algorithms were recorded in Table 5. The iteration curves were
shown in Fig. 10.

From Fig. 10, it could be observed that the Good Nodes Set Initialization produced a more uniformly
distributed population, which was advantageous for solving complex multi-modal problems such as F21-F23,
significantly improving the algorithm’s convergence accuracy and stability. In the Elite Guided Search strategy,
as the iterations progress, the movement of the whale individuals gradually decreased their dependence on the
optimal solution, allowing the algorithm to more naturally balance exploration and exploitation throughout
the iterations. This improved the convergence speed of WOA on F1-F4 and F9-F11 and increases solution
accuracy for problems such as F5, F6, F12-F15. The Spiral-based Encircling Prey strategy introduced a certain
level of periodicity and randomness through the oscillation term, allowing the algorithm to continually escape
local optima. The Triangular-based Spiral Hunting Strategy resulted in faster convergence speed and higher
convergence accuracy when solving both simple uni-modal problems such as F1-F4 and complex problems
like F9-F11, quickly converging to the optimal value. Additionally, the Sigmoid-based updating method for
convergence factor a, as proposed in this study, endowed ESTGWOA with a better balance between global
exploration and local exploitation, further enhancing the solution accuracy. This allowed the algorithm to better
focus on local exploitation in the later stages of iterations, continuously searching for better solutions. The novel
Hybrid Gaussian Mutation based on Differential Evolution increased the diversity of the population, enabling
the algorithm to escape from local optima more effectively. As shown in Table 5, the average Friedman value of
ESTGWOA is 3.3290, ranking first. This indicates that ESTGWOA is the optimal choice.

Qualitative analysis experiment

In the qualitative analysis experiments, the maximum number of iterations was fixed at 7' = 500, and the
population size was set to N = 30. Under these settings, ESTGWOA was independently executed on 23
benchmark test functions listed in Table 3 to investigate its search history, exploration and exploitation ratio,
and population diversity. To enhance interpretability and comparative analysis, the corresponding landscapes
and iteration curves for each test function are also illustrated. The qualitative results are summarized in Fig. 11,
Fig. 12, and Fig. 13, which mainly consist of the following aspects:

o Landscapes of the benchmark functions;

o Search history of the whale population;

« Exploration and exploitation ratio curves;

« Population diversity curves;

o Iterative convergence curves of ESTGWOA.

The search history diagram illustrates the spatial distribution of individuals throughout the optimization
process. In this visualization, red markers denote the global best solution, whereas blue trajectories represent
the movement paths of individual agents. As observed, ESTGWOA is capable of thoroughly covering the search
space during the optimization process.

For uni-modal benchmark problems (e.g., F1-F6), ESTGWOA converges rapidly, enabling individuals to
locate optimal solutions within a limited number of iterations, which leads to a swift aggregation of agents
around the optimum. In contrast, when addressing more challenging landscapes (e.g., F7-F8, F14, and F17-F23)
characterized by numerous local optima, ESTGWOA emphasizes extensive global exploration during the initial
phases, followed by intensified local refinement in later stages. Consequently, the majority of search trajectories
span a broad region of the solution space while gradually clustering near high-quality solutions.

Algorithm Year | Author(s) Source of Inspiration

Remora Optimization Algorithm (ROA)!! 2021 | Jiaetal The Remora fish’s parasitic behavior in the ocean.

Zebra Optimization Algorithm ZOA!2 2022 | Trojovska et al. Foraging and defense strategy of zebras.

Grey Wolf Optimizer (GWO)° 2014 | Seyedali Mirjalili et al. | The leadership hierarchy and hunting system of gray wolves.
Attraction-Repulsion Optimization Algorithm (AROA)*' | 2024 | Cymerys Attraction-repulsion phenomenon.

Harris Hawk Optimization algorithm (HHO)!? 2019 | Heidari et al. The predatory behavior of Harris’s hawks.

MSWOA® 2022 | Yangetal. Adaptive inertia weight w, dynamic convergence.

MWOAS®S 2021 | Anitha et al. The cosine function, the correction factors.

IPSO* 2024 | Wei et al. Inertia weight, levy flight and adaptive ¢-distribution.
Whale Optimization Algorithm (WOA)* 2016 | Seyedali Mirjalili et al. | The hunting behavior of humpback whales.

Table 6. Details of the MAs in comparative experiments.
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Algorithm | Parameter(s) Value
C 0.1
ROA! Velocity Factor V 2 decreasing to 0
Convergence Factor a -1 decreasing to -2
ZOA® R 0.1
GWO° Convergence Factor a 2 decreasing to 0
Attraction factor ¢ 0.95
Local search scaling factor 1 | 0.15
Local search scaling factor 2 | 0.6
Attraction probability 1 0.2
AROA?! Local search probability 0.8
Expansion factor 0.4
Local search threshold 1 0.9
Local search threshold 2 0.85
Local search threshold 3 0.9
HHOW Threshold 0.5
Energy E |2]to0
Convergence Factor a 2 decreasing to 0
MSWOA® | Spiral Factor b 1
Inertia Weight w From 0.5 to 4.5
Convergence Factor a 2 decreasing to 0
Spiral Factor b 1
MWOA®®
CFy 2.5
CFs 2.5
Inertia Weight w 0.9 decreasing to 0
IPSO* Cq 2
Cy 2
WOAS Convergence Factor a 2 decreasing to 0
Spiral Factor b 1
Convergence Factor a 2 decreasing to 0
k 20
ESTGWOA | Spiral Factor b 1
Step size S for Spiral Flight | 1
Spiral Factor s 1

Table 7. Parameter settings for the metaheuristic algorithm in this research.

From the perspective of exploration-exploitation coordination, ESTGWOA exhibits strong adaptive
regulation throughout the iterative process. For functions F1-F13, the algorithm maintains a high exploratory
tendency at the beginning, then progressively strengthens exploitation, reflecting its robust global optimization
capability. Conversely, for functions F17-F23, a stronger exploitation behavior is observed in the early iterations,
which then decreases steadily over time, highlighting the algorithm’s effectiveness in balancing global and local
search strategies.

Moreover, for highly multi-modal functions such as F5-F8 and F12-F23, the population diversity curve of
ESTGWOA remains highly fluctuating while sustaining relatively high diversity levels. This behavior indicates
that the algorithm effectively prevents premature convergence by avoiding excessive individual aggregation.
Overall, ESTGWOA demonstrates superior performance in terms of search coverage, convergence efficiency,
and robustness, achieving an effective balance between global exploration and local exploitation.

Comparative experiment

To further assess the performance of ESTGWOA, we conducted comparative experiments involving several well-
known MAs, including the Remora Optimization Algorithm (ROA)!!, Zebra Optimization Algorithm (ZOA)'?,
GWO?, Attraction-Repulsion Optimization Algorithm (AROA)?!, HHO!?, MWOA®, MSWOA®’, IPSO*, and
WOA. These methods were tested on the benchmark suite listed in Table 3. Algorithm descriptions are provided in
Table 6, while their corresponding parameter settings are summarized in Table 7. For consistency, all algorithms
were executed with a fixed number of iterations (T=500) and a population size of N=30. Each approach was
independently executed 30 times across the 23 benchmark problems. Performance metrics-including average
fitness (Ave), standard deviation (Std), p-values from the Wilcoxon rank-sum test, and Friedman rankings-were
collected for comprehensive evaluation. The outcomes of these experiments are presented in Fig. 14, Table 8,
and Table 9.

Scientific Reports |

(2026) 16:8526 | https://doi.org/10.1038/s41598-026-37387-0 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

10° 10°
10°
10 10710 1071 10
9 g 2 2
H H i H
o o o [
o oo oo -
o . o oo
0 W 1 20 2 W W0 40 40 50 0 w0 20 0 0 w0 a0 a0 0 0 1 w0 20 20 0 ®o 0 0 50
Iteration Iteration Iteration Iteration
F5 F6 F7 F8
.
.
10f 1ot { 102
] R
sam
10° 102!
———— aom ]
 10* 0 10 3
3 E S O PPN FRHPER (PR EARVIR SRR | § -5000 q
102 107 1 -6000
i \ | 7000
\ 104 1 E
100 900
I i o0
i " ~10000
2f 1o | -11000
10°F ! -12000
0 1 @ 20 20 W ® 0 0 0 0 0 @ 20 20 W ® a0 D 0 0 1 w0 20 20 %0 w0 s 0 w0 R
Iteration Iteration Iteration Iteration

it

F9 F1 Fi12

Y O P O O WO |

100

0k

Fitness.
% z
Fitness
g 3 2
Fitness.
3 3 3

10 d
S 100 150 200 250 300 350 400 450 500 50 100 1 200 250 00 30 40 450 500 S 100 150 200 250 300 35 400 450 500 5 100 150 200 20 300 30 400 450 500
teration teration teration Hteration

F13

F15 F16

| 06
\‘\ R

ﬁT |

5 100 150 200 250 300 350 400 450 500 5 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500
lteration lteration Iteration Iteration
F17 F18 F19 R F20

of

Fitness
Sﬂ/
Fitness
|
Fitness
5R 8 6 & &

S ;
=

o

Fitness

5 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500
lteration lteration lteration Iteration

F21 F22 F23

ZOA
ROA
GWO
AROA
HHO
MWOA

Fitness
Fitness

\E MSWOA

N
IPSO

10"

\

WOA

ESTGWOA

5 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500 50 100 150 200 250 300 350 400 450 500
lteration Iteration lteration

Fig. 14. Iteration curves of different algorithms in comparison experiment.

Parametric analysis

The parametric experimental results demonstrated that ESTGWOA outperformed all other algorithms
comprehensively, with a significant improvement in overall performance compared to the original WOA. From
Fig. 14 and Table 8, it could be seen that in solving the 23 benchmark functions, ESTGWOA performed the best
in terms of both mean and standard deviation across all algorithms. For the majority of functions, ESTGWOA
could quickly find the optimal solution, exhibiting fast solution speed and high accuracy, which proves that
ESTGWOA had good adaptability and robustness in handling various types of problems.
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Function | Metrics | ZOA ROA GWO AROA HHO MWOA MSWOA IPSO WOA ESTGWOA
Ave 4.7827E-249 | 3.4143E-13 | 1.0868E-27 | 4.2403E+00 | 7.5119E-72 | 0.0000E+00 | 1.0998E-148 | 0.0000E+00 | 7.9065E-73 | 0.0000E+00
H Std 5.8640E-249 | 1.8694E-12 1.5217E-27 | 3.7448E+00 | 3.8853E-71 | 0.0000E+00 | 4.9824E-148 | 0.0000E+00 | 7.9065E-73 | 0.0000E+00
Ave 1.0595E-131 | 8.7186E-08 | 1.0801E-16 | 7.7261E-01 1.0673E-36 | 1.5230E-229 | 7.5956E-81 | 0.0000E+00 | 8.6116E-51 | 0.0000E+00
£ Std 4.2324E-131 | 2.6727E-07 | 8.9467E-17 | 2.2061E-01 | 3.2260E-36 | 3.2540E-229 | 1.3748E-80 | 0.0000E+00 | 4.2091E-50 | 0.0000E+00
Ave 2.9921E-159 | 6.3888E-11 | 9.0210E-06 | 2.4139E+02 | 4.3711E-69 | 0.0000E+00 | 3.2595E-138 | 0.0000E+00 | 4.6242E+04 | 0.0000E+00
B Std 1.3928E-158 | 3.4932E-10 | 3.0565E-05 | 2.8941E+02 | 1.6135E-68 | 0.0000E+00 | 5.0813E-138 | 0.0000E+00 | 1.3252E+04 | 0.0000E+00
Ave 7.3762E-113 | 4.5822E-09 | 7.6302E-07 | 1.6511E+00 | 3.0048E-35 1.8959E-200 | 1.6591E-70 | 0.0000E+00 | 5.5732E+01 | 0.0000E+00
F Std 3.9055E-112 | 1.6396E-08 1.0751E-06 | 6.5084E-01 1.2289E-34 | 6.7580E-200 | 1.0996E-70 | 0.0000E+00 | 2.4466E+01 | 0.0000E+00
Ave 2.8311E+01 | 6.2364E-01 | 2.6971E+01 | 6.8446E+01 | 1.5843E+01 | 2.8681E+01 | 5.7916E+00 |2.8957E+01 | 2.7854E+01 | 3.3540E-03
F Std 4.3081E-01 1.4055E+00 | 7.8884E-01 | 3.5585E+01 | 1.4132E+01 | 1.0514E-01 1.1623E+01 | 5.9787E-02 | 4.8050E-01 | 3.1925E-03
Ave 2.6897E+00 | 2.1949E-03 | 7.7250E-01 | 9.8772E+00 | 6.5343E-02 | 1.3594E+00 | 1.1669E-03 | 5.3949E+00 | 4.2999E-01 | 6.3342E-08
F Std 6.3008E-01 | 5.3141E-03 | 3.9325E-01 | 2.3398E+00 | 1.2972E-01 | 3.9393E-01 1.0052E-03 | 5.0030E-01 1.9134E-01 | 2.8733E-08
Ave 1.3892E-04 | 3.5802E-04 | 1.5519E-03 | 2.9988E-02 | 8.3992E-05 | 8.1412E-05 1.9592E-04 | 1.0292E-04 | 2.3502E-03 | 7.8903E-05
7 Std 1.0183E-04 | 5.6660E-04 | 8.7381E-04 | 2.2690E-02 | 7.5200E-05 | 7.3075E-05 1.4485E-04 | 6.6270E-05 | 2.1733E-03 | 2.1623E-05
Ave -6.6432E+03 | -1.2565E+04 | -5.9445E+03 | -4.4486E+03 | -1.2558E+04 | -4.5655E+03 | -9.8258E+03 | -3.1511E+03 | -9.8352E+03 | -1.2569E+04
ks Std 6.7769E+02 | 2.3363E+01 | 9.2971E+02 | 8.5539E+02 | 6.5075E+01 | 1.7963E+03 | 1.7337E+03 | 9.0291E+02 | 1.7574E+03 | 2.9505E-03
Ave 0.0000E+00 | 1.5158e-14 3.6776E+00 | 66.1221 0.0000E+00 | 0.0000E+00 | 1.1778E-01 | 0.0000E+00 | 1.8948E-15 | 0.0000E+00
o Std 0.0000E+00 | 8.3025E-14 | 4.4609E+00 | 7.4843E+01 | 0.0000E+00 | 0.0000E+00 | 4.4975E-01 | 0.0000E+00 | 1.0378E-14 | 0.0000E+00
Ave 4.4409E-16 | 5.1079E-09 | 9.8262E-14 | 7.7583E-01 | 4.4409E-16 | 4.4409E-16 | 4.4409E-16 |4.4409E-16 | 4.3521E-15 | 4.4409E-16
Fo Std 0.0000E+00 | 2.6780E-08 | 1.3447E-14 | 3.2884E-01 | 0.0000E+00 | 0.0000E+00 | 0.0000E+00 | 0.0000E+00 | 2.3511E-15 | 0.0000E+00
F11 Ave 0.0000E+00 | 2.8039E-12 | 8.4167E-03 | 9.7717E-01 | 0.0000E+00 | 0.0000E+00 | 0.0000E+00 | 0.0000E+00 | 5.6075E-03 | 0.0000E+00
Std 0.0000E+00 | 1.5323E-11 | 9.8646E-03 | 1.4233E-01 | 0.0000E+00 | 0.0000E+00 | 0.0000E+00 | 0.0000E+00 | 3.0714E-02 | 0.0000E+00
Ave 1.8127E-01 1.1265E-04 | 3.9932E-02 | 1.3457E+00 | 1.2661E-03 | 7.1424E-02 | 2.6060E-04 | 8.0409E-01 | 2.2420E-02 | 3.7114E-06
2 Std 1.0487E-01 | 2.2805E-04 | 1.6392E-02 | 3.5737E-01 | 3.0240E-03 | 3.2367E-02 | 2.7281E-04 | 2.1450E-01 1.1526E-02 | 6.4836E-06
Ave 2.2493E+00 | 2.3699E-03 | 6.7495E-01 | 4.1071E+00 | 5.4806E-02 | 6.5476E-01 1.1737E-02 | 2.8845E+00 | 5.6839E-01 | 7.5772E-04
3 Std 3.6771E-01 | 3.4465E-03 | 2.6061E-01 | 8.9328E-01 |9.5711E-02 | 1.7772E-01 | 2.0980E-02 | 1.3686E-01 | 2.8309E-01 | 2.8444E-03
Ave 3.0655E+00 | 9.9800E-01 | 2.4855E+00 | 7.8486E+00 | 9.9800E-01 | 8.4658E+00 | 1.3815E+00 |2.5621E+00 |2.3717E+00 | 9.9800E-01
1 Std 2.9108E+00 | 1.2126E-10 | 1.0706E+00 | 5.2032E+00 | 3.8971E-07 | 4.4422E+00 | 6.5957E-01 | 3.6463E+00 | 3.0258E+00 | 5.0471E-16
Ave 3.7402E-04 | 4.8204E-04 | 5.7560E-03 | 8.3260E-03 | 4.0450E-04 |5.8117E-04 | 1.9642E-03 |8.5771E-03 | 6.8524E-04 | 3.2317E-04
s Std 2.0475E-04 | 3.5087E-04 | 8.9620E-03 | 1.0555E-02 | 1.5511E-04 | 1.8498E-04 |3.9615E-03 | 1.3517E-02 | 3.8567E-04 | 7.3354E-05
Ave -1.0316E+00 | -1.0316E+00 | -1.0316E+00 | -1.0311E+00 | -1.0316E+00 | -9.8447E-01 | -1.0310E+00 | -1.0316E+00 | -1.0316E+00 | -1.0316E+00
F16 Std 9.713e-10 8.1717e-05 1.2772e-08 2.5532E-03 | 1.407e-06 8.9601E-02 | 2.4541E-03 | 1.7161E-03 | 1.2836e-09 3.9025e-13
Ave 3.9789E-01 | 3.9854E-01 |3.9789E-01 | 3.9878E-01 |3.9798E-01 |4.1940E-01 |3.9810E-01 |4.0228E-01 | 3.9790E-01 | 3.9789E-01
7 Std 4.2624E-08 | 1.7219E-03 | 2.1391E-06 | 3.7107E-03 | 2.0556E-04 | 2.0652E-02 | 2.6422E-04 | 5.4481E-03 | 2.2604E-05 |7.1209E-12
Ave 3.9000E+00 | 3.0016E+00 | 3.0000E+00 | 3.0020E+00 | 5.7025E+00 | 8.8477E+00 | 3.0005E+00 | 5.7124E+00 | 3.0000E+00 | 3.0000E+00
Fs Std 4.9295E+00 | 5.4157E-03 | 3.7595E-05 | 7.3617E-03 | 8.2442E+00 | 9.9427E+00 | 1.6754E-03 | 1.4829E+01 | 8.4750E-05 | 2.0753E-05
Ave -3.8625E+00 | -3.8110E+00 | -3.8616E+00 | -3.8548E+00 | -3.7129E+00 | -3.6977E+00 | -3.8612E+00 | -3.8205E+00 | -3.8599E+00 | -3.8628E+00
9 Std 2.8834E-04 | 6.5732E-02 | 2.0999E-03 | 1.2397E-02 | 2.3760E-01 | 2.4344E-01 | -3.8612E+00 | 1.0629E-01 | 2.8260E-03 | 2.4915E-05
Ave -3.2927E+00 | -2.8755E+00 | -3.2656E+00 | -3.1999E+00 | -2.4544E+00 | -2.8954E+00 | -3.1168E+00 | -3.0094E+00 | -3.2098E+00 | -3.3179E+00
F20 Std 5.3636E-02 | 1.9346E-01 | 9.1188E-02 |7.6728E-02 | 6.2403E-01 |2.9012E-01 | 3.2598E-02 |2.0562E-01 | 8.5788E-02 | 2.2391E-02
Ave -9.8129E+00 | -1.0151E+01 | -9.5641E+00 | -5.4302E+00 | -3.5669E+00 | -4.7371E+00 | -8.5233E+00 | -9.8122E+00 | -8.7696E+00 | -1.0153E+01
Fa Std 1.2933E+00 | 3.2134E-03 | 1.8285E+00 | 3.0970E+00 | 1.8165E+00 | 7.5983E-01 | 2.3136E+00 | 1.6877E+00 | 2.2957E+00 | 3.2595E-09
Ave -9.6941E+00 | -1.0396E+01 | -1.0401E+01 | -6.6719E+00 | -3.1577E+00 | -4.4668E+00 | -6.6748E+00 | -1.0363E+01 | -7.7806E+00 | -1.0403E+01
k2 Std 1.8377E+00 | 1.5061E-02 | 1.0590E-03 | 3.3229E+00 | 1.4325E+00 | 4.3245E-01 | 3.9909E+00 | 2.4932E-02 | 3.0424E+00 | 2.0166E-09
Ave -1.0176E+01 | -1.0533E+01 | -1.0535E+01 | -5.0686E+00 | -3.7557E+00 | -4.6435E+00 | -8.0062E+00 | -1.0502E+01 | -7.5664E+00 | -1.0536E+01
F3 Std 1.3720E+00 | 5.8658E-03 | 9.8808E-04 | 3.3012E+00 | 1.1318E+00 | 7.0162E-01 | 3.4981E+00 | 2.4035E-02 | 3.5474E+00 | 2.6581E-09

Table 8. Results of parametric tests of different algorithms. Ave represents average fitness and Std represents
standard deviation.

In the performance evaluation of algorithms, the average fitness and standard deviation were commonly used
to measure the convergence and stability of algorithms. However, they did not intuitively reflect the performance
quality of the algorithm. Relying solely on the average fitness and standard deviation for performance comparison
has certain limitations. Therefore, non-parametric tests, such as the Wilcoxon rank-sum test and Friedman test,
are often introduced. These statistical tests provide deeper analysis and reliability verification.
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Algorithm | Average Friedman Value | Rank | +/=/-
ZOA 4.2152 2 20/3/0
ROA 5.3333 4 23/0/0
GWO 5.9406 7 23/0/0
AROA 8.4913 10 23/0/0
HHO 5.5920 5 20/3/0
MWOA 6.4442 9 18/5/0
MSWOA 5.2833 3 21/2/0
IPSO 6.0993 8 16/7/0
WOA 5.8058 6 23/0/0
ESTGWOA | 1.7949 1 -

Table 9. Results of non-parametric tests of different algorithms (Dim=30).

Dimension | Algorithm | Average Friedman Value | Rank | +/=/-
ZOA 4.2116 2 20/3/0
ROA 5.2819 4 22/0/1
GWO 5.8899 7 23/0/0
AROA 8.5072 10 23/0/0
HHO 5.5928 5 20/3/0

Dim=50
MWOA 6.3783 9 18/5/0
MSWOA 5.1493 3 21/2/0
IPSO 6.2406 8 16/7/0
WOA 5.6645 6 22/1/0
ESTGWOA | 2.0841 1
ZOA 4.2420 2 19/3/1
ROA 5.0811 4 22/1/0
GWO 6.3739 9 23/0/0
AROA 8.5101 10 23/0/0

Dim=100 HHO 5.4986 5 20/3/0
MWOA 6.1812 8 19/4/0
MSWOA 5.0739 3 21/2/0
IPSO 6.0971 7 15/7/1
WOA 5.7522 6 21/2/0
ESTGWOA | 2.1899 1 -

Table 10. Results of non-parametric tests of the algorithms in higher dimensions.

ZOA ROA |GWO | AROA | HHO | MWOA | MSWOA | IPSO WOA | ESTGWOA
Metrics | (w/t/l) | (w/t/l) | (w/t/l) | (wit/l) | (w/t/]) | (w/t/l) | (wit/]) (wit/l) | (witll) | (wit/l)
Dim=30 | 0/3/20 | 0/0/23 | 0/0/23 | 0/0/23 | 0/3/20 | 0/5/18 0/2/21 0/7/16 | 0/0/23 | 16/7/0
Dim=50 | 0/3/20 |1/0/22 | 0/0/23 | 0/0/23 | 0/3/20 |0/5/18 0/2/21 0/7/16 0/2/21 | 15/7/1
Dim=100 | 1/3/19 | 0/1/22 | 0/0/23 | 0/0/23 | 0/3/20 | 0/4/19 0/2/21 1/7/15 | 0/2/21 | 15/7/1
Total 1/9/59 | 1/1/67 | 0/0/69 | 0/0/69 | 0/9/60 |0/14/55 | 0/6/63 1/21/47 | 0/4/65 | 46/21/2

OE 14.49% | 2.90% | 0.00% | 0.00% | 13.04% | 20.29% | 8.70% 31.88% | 5.80% |97.10%

Table 11. Effectiveness of ESTGWOA and other algorithms with Dim=30, 50 and 100. w, t, and [ represent the
number of wins, ties, and losses respectively.

Non-parametric analysis

In this section, non-parametric statistical methods are employed to evaluate the significance of performance
differences among the compared algorithms. Specifically, the Wilcoxon rank-sum test is used to perform pairwise
comparisons between ESTGWOA and each of the baseline methods, assessing whether the observed differences
are statistically significant. As shown in Table 9, ESTGWOA had significant differences compared to ROA, GWO
and AROA across all benchmark functions. However, ESTGWOA did not show significant differences compared
to ZOA, HHO, MWOA, MSWOA and IPSO on F9-F11, as all three algorithms found the optimal value at a

Scientific Reports |

(2026) 16:8526 | https://doi.org/10.1038/s41598-026-37387-0 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

similar speed. Similarly, ESTGWOA did not show significant differences from MWOA on F1 and F3, as both
algorithms quickly converged to the optimal value.

Additionally, the Friedman test is conducted to provide a global ranking of all algorithms based on their
performance across multiple benchmark functions. These non-parametric approaches are suitable for algorithm
evaluation since they do not assume normality in the data distributions. Based on the average Friedman values
of each algorithm, Table 9 showed that ESTGWOA had the lowest average Friedman value of 1.7949, ranking
first and far surpassing the second-place ZOA (4.2152). MSWOA, ROA, HHO, WOA and GWO had average
Friedman values of 5.2833, 5.3333, 5.5920, 5.8058 and 5.9406, ranking third, fourth, fifth, sixth and seventh,
respectively. IPSO, MWOA and AROA had average Friedman values of 6.0993, 6.4442 and 8.4913, ranking
eighth, ninth and tenth.

In summary, ESTGWOA demonstrated the best overall performance among all algorithms, showing strong
competitiveness compared to other excellent MAs.

Scalability experiment

Among the 23 benchmark functions, F1-F13 are scalable in dimensionality, while F14-F23 are limited to fixed
dimensions. To assess the adaptability of ESTGWOA to varying problem scales and complexities, the dimensions
of F1-F13 were extended to 50 and 100, whereas F14-F23 retained their original dimensionality. Comparative
experiments were conducted between ESTGWOA and several other algorithms, including ZOA, ROA, GWO,
AROA, HHO, MWOA, MSWOA, IPSO, and WOA, under settings of Dim=50 and Dim=100. The parameters
used for each method are detailed in Table 7, with the iteration count set to T=500 and population size to
N=30. Each algorithm was independently executed 30 times on the test suite. For performance evaluation, the
Wilcoxon rank-sum test and Friedman test were applied, and the outcomes are presented in Table 10.

The experimental results indicate that ESTGWOA exhibited superior scalability. In both 50- and
100-dimensional tasks, it ranked first in the Friedman evaluation, as shown in Table 10. Furthermore, the
Wilcoxon test revealed statistically significant differences between ESTGWOA and the compared state-of-the-
art (SOTA) methods in both dimensional settings. These results confirm ESTGWOA’ robust optimization
ability and highlight its strong competitiveness among advanced MAs.

A comprehensive summary of performance, measured by the overall effectiveness (OE) metric, is shown in
Table 11. Here, w, t, and [ represent the number of wins, ties, and losses respectively. OE scores were calculated
using Eq. (36) as referenced in”".

N—-L

OF = N

-100 (36)

where N is the total number of tests; L is the total number of losing tests for each algorithm.

The results demonstrate that ESTGWOA, with an OE of 97.10%, outperformed other algorithms on
benchmark functions with different dimensions of Dim=30, Dim=>50, and Dim=100. It proved to be the most
effective algorithm among the competitors.

Engineering design optimization challenges

In modern engineering, design optimization plays a critical role in enhancing system performance, reducing
costs, and satisfying a wide range of constraints. Engineering design problems are often characterized by
nonlinearity, multimodality, strong constraints, and complex variable interactions. Traditional optimization
techniques such as gradient-based methods and linear programming often struggle to address these challenges
due to limitations like the curse of dimensionality, local optima entrapment, and reliance on gradient or problem-
specific information.

MAs have gained increasing attention as robust alternatives, owing to their global search ability, independence
from derivative information, and flexibility across diverse problem domains. Algorithms such as PSO®, DE?
and GWO?® have been widely applied to solve complex engineering design problems by mimicking natural
phenomena or evolutionary processes.

In order to ensure transparency and reproducibility, the mathematical formulations of all seven engineering
design problems considered in this study are explicitly provided in this section, including decision variables,
objective functions, and nonlinear constraints. These problems are not only well-established benchmarks in
the optimization literature but also originate from real-world engineering contexts such as automotive systems
(multi-disk clutch brake), energy infrastructure (gas transmission compressor), chemical processes (reactor
network), and structural/mechanical design (I-beam, piston lever, truss, and spring). Their inherent nonlinearity,
multimodality, and constraint-coupling reflect the complexity faced in real-world industrial optimization tasks,
which are difficult to address effectively with traditional gradient-based or mathematical programming methods.
This justifies the adoption of metaheuristic algorithms such as ESTGWOA for robust and scalable optimization.

Despite its popularity due to simplicity and ease of implementation, WOA has shown only moderate
performance in many engineering optimization tasks®. Its limitations, such as slow convergence and premature
stagnation, have restricted its broader applicability in this domain. Therefore, the primary objective of this study
is to propose an enhanced variant of WOA-namely, ESTGWOA-to improve optimization performance and
further explore the untapped potential of WOA in engineering design optimization.

To rigorously validate the proposed algorithm, this chapter investigates a set of representative engineering
design problems, including the multi-disk clutch brake, gas transmission compressor, reactor network, I-beam,
piston lever, three-bar truss and tension/compression spring design. These case studies span structural design,
mechanical systems, and energy optimization, providing a comprehensive benchmark to assess the robustness
and effectiveness of ESTGWOA under constrained and high-complexity conditions. To handle the constraints
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X2

Fig. 15. The structure of a multiple-disc clutch brake.

inherent in these problems, the penalty function method is adopted, transforming constrained optimization
problems into unconstrained ones by incorporating constraint violations into the objective function.

All engineering design optimization problems investigated in this study are constrained optimization
problems involving nonlinear inequality constraints. To handle these constraints in a unified and implementation-
consistent manner, a static penalty function approach is adopted. Specifically, constraint violations are
incorporated into the objective function through a quadratic penalty term.

The penalty function is defined as:

punishment = 10% - Z max (0, g:(x))>, (37)

i=1

where # indicates the number of inequality constraints; g;(x) < 0 denotes the i*" inequality constraint. The
penalized fitness function is then formulated as:

F(x) = f(x) + punishment, (38)

where f(x) represents the original objective function.

This penalty mechanism assigns increasingly large fitness values to infeasible solutions, thereby discouraging
constraint violations and guiding the population toward the feasible region during the optimization process. The
same constraint handling strategy is consistently applied to all engineering design problems to ensure fairness
and comparability of the optimization results.

Multi-disk clutch brake
The multi-disk clutch brake (MDCB), as shown in Fig. 15, is a critical mechanical component widely used in
automotive transmissions and industrial machinery to transmit torque and control rotational motion. The design
of an MDCB involves optimizing several geometric and operational parameters to achieve desired performance
while minimizing size, weight, or material cost under multiple constraints.

In this study, the MDCB design problem is formulated as a constrained optimization problem with five
decision variables:

o Xi:inner radius of the friction disks;

o Xo: outer radius;

o Xs3: thickness of the disks;

o X4: actuating force applied to engage the clutch;
o X5: number of friction surfaces.

The objective is typically to minimize the total mass or cost of the clutch brake system while ensuring sufficient
torque transmission capacity and compliance with geometric and physical constraints. Due to the nonlinear
and constrained nature of the problem, MAs offer an effective solution approach. The objective function for the
MDCB design problem can be described as:

Variable:

x = [x1, T2, T3, T4, Ts5]
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Minimize:
2 2 .
Y = TL3P (xg — xl) (x5 + 1). + punishment
Subject to:
gi(z) = Ar + 21 — 22 <0
g2(z) = (x5 + 1) (23 + ) — lmax < 0;
93(1') = Prz - P’maz S 0,
94(-'17) = Prz . ‘/sr - Pmaz . Vs‘rmaz S 07
95(33) = ‘/s'r - Vs'rmaz S 07
96(37) =T - Tma;v S 03
gr(x) =s- My, — M, <0;
gs(z) =T <0
Where:
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Fig. 16. Iteration curves of the algorithms in MDCB design.
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Fig. 17. The structure of a gas transmission compressor system.
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Fig. 18. Iteration curves of the algorithms in GTC design.
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Fig. 19. The structure of a reactor network.

In this study, we conducted comparative tests between ESTGWOA and ZOA, ROA, GWO, AROA, HHO,
MWOA, MSWOA, IPSO and WOA. The configuration parameters for all algorithms are detailed in Table 7. The
iteration count was uniformly set at T=500, with a population size of N=30. To ensure reliability, each algorithm
was executed independently 30 times on the multi-disk clutch brake design problem. The performance metrics,
including Ave and Std, were recorded for evaluation. The experimental results are shown in Fig. 16 and Table 12.
As shown in Table 12, ESTGWOA demonstrated significantly superior optimization accuracy and stability
compared to other algorithms. This indicated that ESTGWOA had a substantial advantage in handling such
problems.

Gas transmission compressor
The gas transmission compressor (GTC), as shown in Fig. 17, plays a vital role in energy infrastructure,
responsible for transporting natural gas from production facilities to end users through a network of pipelines
and compressor stations*. The design of an efficient gas transmission system requires a careful balance between
construction costs, operational efficiency, and safety constraints, as well as compliance with physical and flow-
related limitations.

In this study, the gas transmission system design problem is formulated as a constrained nonlinear
optimization task involving four decision variables:

 21: the distance between compressor stations;

o x2: the compression ratio, defined as the ratio of inlet to outlet pressure at the compressor;
o z3: the inner diameter of the pipeline;

o x4: the gas velocity at the output side of the pipeline.

The main objective is to minimize the total annual cost, which typically includes pipeline construction, compressor
installation, and operational expenses. The optimization must also satisfy a set of nonlinear constraints related
to gas dynamics, pressure loss, pipe capacity, and speed limits. Due to the highly nonlinear and coupled nature
of the design parameters, metaheuristic optimization algorithms offer a practical and effective approach for this
complex engineering problem. The objective function for the GTC design problem can be described as:
Variable:
x = [x1, T2, T3, T4
Minimize:
s 1L _2 _1 _ 5 .
y=8.61-10°z2x0x, >, 2 +3.69-10"x3 + 7.72 - 10%z, 252" — 765.43 - 1021 " + punishment (48)
Subject to:
-2 -2
g=xax5 +x5 —1<0; (49)
Where:
punishment = 10° - max (0, g(x))*
Variable range:

20 <21 <50; 1<22<10; 20<x3 <45 0.1<z4 <60
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Fig. 20. Iteration curves of the algorithms in RNW design.
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Fig. 21. The structure of an I-beam.

In this study, we conducted comparative tests between ESTGWOA and ZOA, ROA, GWO, AROA, HHO,
MWOA, MSWOA, IPSO and WOA. The configuration parameters for all algorithms are detailed in Table 7. The
iteration count was uniformly set at T=500, with a population size of N=30. To ensure reliability, each algorithm
was executed independently 30 times on the gas transmission compressor design problem. The performance
metrics, including Ave and Std, were recorded for evaluation. The experimental results are shown in Fig. 18 and
Table 12. As shown in Table 12, ESTGWOA demonstrated significantly superior optimization accuracy and
stability compared to other algorithms. This indicated that ESTGWOA had a substantial advantage in handling
such problems.

Reactor network
The reactor network (RN'W) design problem, as shown in Fig. 19, is a critical task in chemical process engineering,
aiming to determine the optimal arrangement and operating conditions of chemical reactors to enhance overall
process efficiency™. It involves strategic decisions regarding the flow distribution, concentration control, and
sequencing of reactors to maximize the final product yield or concentration, while satisfying chemical and
physical constraints.

In this study, the reactor network is modeled with four key decision variables, each representing concentrations
at various stages of the reaction process:
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e x71:reactant concentration entering the first reactor;

o x2: product concentration leaving the first reactor;
 x3:reactant concentration entering the second reactor;
« x4: final product concentration at the output.

The optimization focuses on improving reaction performance through fine-tuning reactor configurations and
operating parameters, with consideration for reaction equilibrium, mass conservation, and conversion efficiency.
Several nonlinear constraints govern the relationships among stages to ensure physical feasibility and chemical
consistency. Given the coupled and nonlinear nature of the system, MAs offer a robust approach to solve this
class of problems efficiently.

The reactor network optimization problem is subject to several nonlinear constraints to ensure chemical
feasibility and system integrity. Specifically, the constraints k1 (x) through hs(x) are defined as follows:

o hi(z): ensures the balance of reactants and products within the first reactor, reflecting stoichiometric con-
sistency;

« ha(z): enforces mass conservation between the outlet of the first reactor and the inlet of the second reactor;

o h3(z): maintains equilibrium in the reactant concentration levels between the two reactors, accounting for
reaction kinetics and system continuity;

o h4(z): ensures overall mass conservation between intermediate and final products, preserving system closure
and yield accuracy;

These constraints are essential for maintaining realistic chemical behavior in the reactor network and preventing
physically infeasible or chemically inconsistent configurations. The objective function for the RNW design
problem can be described as:

Variable:

x = [x1, T2, X3, T4, T5, Tg]
Minimize:

y = x4 + punishment (50)

Subject to:
9(2) = VT + VET—4 <0 G1)
hi(z) =xz1+ k1 -22-25 —1=0; (52)
hy =x2 — 21 + k2 - 22 - 26 = 0; (53)
hs(x) =x3+x1 + ks -z3-25 —1=0; (54)

hi =4 —23+ 22 — 21 +ks-24-26 =0; (55)

Where:
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Fig. 22. Iteration curves of the algorithms in I-beam design.
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Fig. 23. Structure of a piston lever.

k1 =0.09755988; k2 =0.99-k1; ks =0.0391908; ks =0.9- ks;

4
punishment = 10° - max (0, g(z))* + 10” - Z hi(z)?
i=1

Variable range:

0.00001 <z1 <1; 0.00001 <z2 <1; 0.00001 <z3<1; 0.00001 <z4<1;
0.00001 < z5 < 16; 0.00001 < z¢ < 16;

In this study, we conducted comparative tests between ESTGWOA and ZOA, ROA, GWO, AROA, HHO, MWOA,
MSWOA, IPSO and WOA. The configuration parameters for all algorithms are detailed in Table 7. The iteration
count was uniformly set at T=500, with a population size of N=30. To ensure reliability, each algorithm was
executed independently 30 times on the reactor network design problem. The performance metrics, including
Ave and Std, were recorded for evaluation. The experimental results are shown in Fig. 20 and Table 12. As shown
in Table 12, ESTGWOA demonstrated significantly superior optimization accuracy and stability compared to
other algorithms. This indicated that ESTGWOA had a substantial advantage in handling such problems.

I-beam

The I-beam (IB) design optimization problem, as shown in Fig. 21, is a constrained structural design task aimed
at minimizing material usage while ensuring mechanical strength3>. It involves four decision variables: the web
height (1), flange width (x2), web thickness (z3), and flange thickness (z4). Two nonlinear constraints, g1 ()
and g2 (x), are imposed to ensure the design meets stress and deflection requirements under loading conditions.
The problem reflects typical scenarios in civil and mechanical engineering where lightweight and strength-
efficient designs are essential.

The objective function for the I-beam design problem can be described as:

Variable:
T = [T1, T2, 3, Td]
Maximize:
5000 ,
- —224)3 |, w2-ad 5 + punishment
13(z112 z4)? 4 64 + 20 - 24 (%)
Subject to:
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Fig. 24. Iteration curves of the algorithms in Piston Lever design.

Fig. 25. The structure of a three-bar truss.

g1(z) = 2x2 - x5 + x3 - (11 — 224) — 300 < 0;
18 - 10%z;

g2(z) = <0
(@) x3 (1 — 2:54)3 + 22 - w3 (422 + 331 - (71 — 274))
Where:
k1 = 0.09755988; ko =0.99-k1; ks =0.0391908; k4 =0.9-ks;
2
punishment = 10° - Z max (0, g;(z))*
=1

Variable range:

10<21 <80; 10<22<50; 09<z3<5; 09< x4 <5
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In this study, we conducted comparative tests between ESTGWOA and ZOA, ROA, GWO, AROA, HHO,
MWOA, MSWOA, IPSO and WOA. The configuration parameters for all algorithms are detailed in Table 7. The
iteration count was uniformly set at =500, with a population size of N=30. To ensure reliability, each algorithm
was executed independently 30 times on the I-beam design problem. The performance metrics, including Ave
and Std, were recorded for evaluation. The experimental results are shown in Fig. 22 and Table 12. As shown in
Table 12, ESTGWOA demonstrated significantly superior optimization accuracy and stability compared to other
algorithms. This indicated that ESTGWOA had a substantial advantage in handling such problems.

Piston lever

The piston lever (PL) optimization problem, as shown in Fig. 23, focuses on designing a mechanical lever system
that transmits force efficiently®. The problem includes four design variables: 21 and x2 represent the primary
length and width dimensions that define the overall geometry of the lever; 23 denotes the radius of the cross-
section at the force application point, which directly affects the stress distribution; and x4 relates to the geometry
around the support point. The objective is typically to minimize weight or maximize load-bearing efficiency
while satisfying geometric and mechanical constraints.

The objective function for the piston lever design problem can be described as:

Variable:
x = [z1, T2, T3, T4 (56)
Minimize:
y = 0.257rx§(L2 — L1) + punishment (57)
Subject to:
g1(z) = QLcosd — RF < 0; (58)
gg(l') = Q(L — 354) - Mmax S 07 (59)
gs(x) = 1.2(La — L1) — L1 < 0; (60)
x
ga(r) = 5 — 22 <0; (61)
Variable range:
0.05 <z <500; 0.05 <z <500; 0.05 < x4 <500; 0.05 <23 <1205 (62)
Where:
4
punishment = 10°- Z max (0, g;(z))*
i=1
Q = 10000; P =1500; L =240; Mpmax = 1.8 x 10% (63)
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Fig. 26. Iteration curves of the algorithms in Three-bar Truss design.
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Fig. 27. The structure of a tension/compression spring.

Ly =+/(za—x2)2+22; Lo= \/(x4sin0 + 21)2 + (w2 — 34 cos 0)2; (64)

R— | — za(xasind + x1) + x1(x2 — x4cos0)| (65)
(x4 — 32)2 + 22 7

F = 0.257Pz3; (66)

In this study, we conducted comparative tests between ESTGWOA and ZOA, ROA, GWO, AROA, HHO, MWOA,
MSWOA, IPSO and WOA. The configuration parameters for all algorithms are detailed in Table 7. The iteration
count was uniformly set at T=500, with a population size of N=30. To ensure reliability, each algorithm was
executed independently 30 times on the piston lever design problem. The performance metrics, including Ave
and Std, were recorded for evaluation. The experimental results were shown in Fig. 24, and Table 12. As shown
in Table 12, in the piston lever design problem, ESTGWOA demonstrated significantly superior optimization
accuracy and stability compared to other algorithms. This indicated that ESTGWOA had a substantial advantage
in handling such problems.

Three-bar truss
The three-bar truss (TBT) design problem, as shown in Fig. 25, is a well-known benchmark in structural
optimization, involving two continuous decision variables: the cross-sectional areas 21 and 236, The objective is
to minimize the total volume of the truss under loading conditions. The problem includes a nonlinear objective
function and three nonlinear inequality constraints that ensure stress and displacement limits are not violated.
This compact yet challenging design problem serves as a standard test for evaluating the capabilities of MAs in
handling nonlinearity and constraints.

The objective function for the three-bar truss design problem can be described as follows:

Variable:

x = [x1, 2]

Minimize:
y = (2V2x1 + x2) - | + punishment
Subject to:
2
gl(x)zw.p_ggo;
\/ixl + 2x1 - T2
€2
)= ————"—"—— -P—-0<0;
92 () \/im%Jerl - o -7
1
g3(x) = ——F%=— P —-0<0
T+ \/5232
Where:
4
punishment = 10°- Z max (0, gi(z))?
i=1

[=100; P=2;, o=2;

Variable range:
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Tension/Compression Spring
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Fig. 28. Iteration curves of the algorithms in tension/compression spring design.

Full name Abbreviation
Metaheuristic Algorithm MA
State-of-the-art SOTA
Good Nodes Set GNS
Elite Guided Searching EGS
Spiral-based Encircling Prey SEP
Triangular-based Spiral Hunting | TSH
Differential Evolution DE
Average fitness Ave
Standard deviation Std
Overall Effectiveness OE
Multi-disk Clutch Brake MDCB
Gas Transmission Compressor | GTC
Reactor Network RNW
I-beam 1B
Piston lever PL
Three-bar Truss TBT
Tension/Compression Spring TCS

Table 13. List of abbreviations and their corresponding full names used in this paper.

10<2, <80; 10<22<50; 09<x3<5H; 09<x4<5;

In this study, we conducted comparative tests between ESTGWOA and ZOA, ROA, GWO, AROA, HHO, MWOA,
MSWOA, IPSO and WOA. The configuration parameters for all algorithms are detailed in Table 7. The iteration
count was uniformly set at T=500, with a population size of N=30. To ensure reliability, each algorithm was
executed independently 30 times on the three-bar truss design problem. The performance metrics, including Ave
and Std, were recorded for evaluation. The experimental results were shown in Fig. 26 and Table 12. As shown in
Table 12, ESTGWOA demonstrated significantly superior optimization accuracy and stability compared to other
algorithms. This indicated that ESTGWOA had a substantial advantage in handling such problems.

Tension/compression spring

The tension/compression spring (TCS) design problem, as shown in Fig. 27, is a classical constrained engineering
task widely used in mechanical design®>3%. It involves three decision variables: the wire diameter (d), the mean
coil diameter (D), and the number of active coils (N).

o d: the wire diameter;
o D: the mean coil diameter;
« N: the number of active coils.
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The objective is to minimize the spring’s weight while maintaining structural integrity and mechanical
performance. Four nonlinear constraints, denoted as g1 () to g (), are used to enforce limits on shear stress,
free length, deflection, and surge frequency. These constraints ensure that the spring remains safe and functional
under operational conditions. The objective function for the tension/compression spring design problem can be
described as:

Variable:
x =[d, D, N] = [z1, 2, %3]
Minimize:
y=(x3+2) 22 - z3 + punishment (67)
Subject to:
(z)=1— @ wy (68)
IR = T 1785 =
422 — 21 - 29 1
= —-1<0 69
92(%) = 15566 (x5 o7 —xz) T Bl08Z S (69)
140.451}1
— ] 2T
g3(z) =1 P (70)
g4(x):m_1§0 (71)
1.5
Where:

4
punishment = 10> Z max (0, g;(2))?
i=1

Variable range:

005<z1<2 025<2,<13, 20<z3<15

In this study, we conducted comparative tests between ESTGWOA and ZOA, ROA, GWO, AROA, HHO,
MWOA, MSWOA, TIPSO and WOA. The configuration parameters for all algorithms are detailed in Table 7. The
iteration count was uniformly set at T=500, with a population size of N=30. To ensure reliability, each algorithm
was executed independently 30 times on the tension/compression spring design problem. The performance
metrics, including Ave and Std, were recorded for evaluation. The experimental results are presented in Fig. 28,
and Table 12. As shown in Table 12, ESTGWOA demonstrated significantly superior optimization accuracy and
stability compared to other algorithms. This indicated that ESTGWOA had a substantial advantage in handling
such problems.

It is worth noting that although classical optimization techniques (e.g., nonlinear programming, penalty
methods) have been applied to these problems in prior studies, their performance is often limited due to the
highly non-convex and constrained search spaces. In contrast, ESTGWOA demonstrates robust optimization
accuracy and stability across all cases, confirming its suitability for complex engineering applications.

Discussion

ESTGWOA effectively addresses several limitations of the canonical WOA, including premature convergence,
low population diversity in later iterations, slow convergence speed, low convergence accuracy, and an imbalance
between exploration and exploitation. As demonstrated by the experimental results, ESTGWOA exhibits strong
competitiveness when compared with other state-of-the-art optimization algorithms.

From a theoretical perspective, the time complexity analysis presented in Section 4.7 shows that ESTGWOA
and WOA share the same asymptotic time complexity, i.e., O(1 * N.D). However, in practice, ESTGWOA
generally requires slightly more computational time than the canonical WOA due to the introduction of the
Hybrid Gaussian Mutation based on Differential Evolution strategy, which increases the number of arithmetic
operations and fitness evaluations per iteration. This additional computational cost represents a trade-off for
improved convergence accuracy, robustness, and population diversity.

Consequently, while ESTGWOA may not be the most suitable choice for large-scale real-time optimization
tasks with strict time constraints, it demonstrates strong potential for solving complex real-world optimization
problems. Its application scope includes mechanical design optimization, path planning, production scheduling,
and neural network parameter tuning, where high-dimensional search spaces and practical constraints are
commonly encountered. In addition, with appropriate encoding schemes and solution representation, ESTGWOA
can be extended to address discrete and combinatorial optimization problems, such as feature selection, job-
shop scheduling, and routing problems. ESTGWOA is particularly well suited for problems requiring a balanced
exploration-exploitation mechanism, such as three-dimensional traveling salesman problems, manufacturing
process simulation, and multi-objective engineering design. Future work will focus on deploying ESTGWOA
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in practical industrial environments, exploring discrete and combinatorial variants, and further improving its
computational efficiency under dynamic and uncertain conditions.
Abbreviations and their corresponding full names used in this paper are listed in Table 13.

Conclusion

ESTGWOA introduced Good Nodes Set Initialization to generate a uniformly distributed whale population.
It employed newly-designed strategies including the Elite-guided Searching strategy, Spiral-based Encircling
Prey strategy, Triangular-based Spiral Hunting strategy, and Hybrid Gaussian Mutation based on Differential
Evolution. ESTGWOA adopted the newly-designed convergence factor a to balance global exploration and
local exploitation. Experimental results demonstrated that ESTGWOA effectively balances exploration and
exploitation during the optimization process, achieving high convergence accuracy, fast convergence, and
maintaining population diversity.

To validate the effectiveness of the improvements in ESTGWOA, distinct tests were conducted, including
Parameter sensitivity analysis experiment, Ablation study, Comparative experiment with SOTA algorithms,
to verify ESTGWOAS superiority. And ESTGWOA was applied to seven engineering design optimization
challenges, verifying its feasibility in engineering design optimization. ESTGWOA provided a novel approach
for the application of WOA in engineering design.

Data availability

To support the experimental study in this paper, we used the Standard Benchmark Functions. The relevant data
has been uploaded to Figshare, and the link for the specific modeling of Standard Benchmark Functions is:
https://doi.org/10.6084/m9.figshare.28440863 , only for reference and further analysis by the readers. The spec
ific modeling of engineering optimization challenges in this study has been uploaded to Figshare, and the link
is: https://figshare.com/articles/thesis/engineering_m/28673777file=53256305, only for reference and further
analysis by the readers.

Code availability
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