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ABSTRACT: The Whale Optimization Algorithm (WOA) has rapidly evolved as a novel bio-inspired
metaheuristic technique, drawing significant attention in the optimization community since its
inception in 2016. Inspired by the bubble-net hunting behavior of humpback whales, WOA begins with
a simple yet effective mechanism that balances exploration and exploitation in search space. Over the
years, numerous enhancements, hybridizations, and applications of WOA have been proposed,
addressing complex constrained engineering design problems, renewable energy systems
management, feature selection in machine learning, resource allocation in wireless networks, and
hyperparameter tuning in deep neural networks. In this review, we provide an in-depth analysis of
recent advances in WOA from 2016 to 2024, highlighting algorithmic developments and real-world
implementations. We categorize the variants into parameter-controlled, hybridized, binary, and multi-
objective forms, and we examine their performance against benchmark functions and practical
scenarios in industrial applications. Performance comparisons are supported by convergence studies
and transient response analysis from applications such as automatic generation control of modern
power systems and photovoltaic system optimization. The review further discusses theoretical aspects
such as convergence properties, computational complexity, and stability, while also identifying
challenges like premature convergence and scalability issues. Finally, future research directions
including self-adaptive strategies, quantum-inspired frameworks, and explainable optimization
methods are discussed. The comprehensive overview presented here is intended to inform researchers
and practitioners about the recent trends, successes, and remaining challenges of WOA in real-world
applications, thereby contributing to further research and development in metaheuristic optimization
techniques.
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I. INTRODUCTION

The rapid growth in computational intelligence, particularly in metaheuristic algorithms, has reshaped
the landscape of solving complex optimization problems[l]. Among these, the Whale Optimization
Algorithm (WOA) has emerged as a front-runner due to its simplicity, convergence speed, and capability to
balance between global exploration and local exploitation. Initially introduced by Mirjalili and Lewis in
2016[2], WOA is inspired by the unique hunting behavior of humpback whales, especially their bubble-net
feeding technique. This bio-inspired mechanism is translated into an algorithmic framework that efficiently
searches for optimal solutions in high-dimensional spaces and is particularly effective in dealing with non-
convex, non-linear, and multimodal problems[3], [4], [5].
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WOA has been successfully applied in various domains such as constrained engineering design,
automatic generation control of power systems, feature selection in machine learning, and resource
allocation in wireless networks[6]. Notably, the advancements in WOA have not been limited to its basic
form; significant research efforts have led to diverse variants including Balanced WOA, Elite-based WOA
(EBWOA), and hybrid frameworks combining WOA with Particle Swarm Optimization (PSO) and Lévy
flight strategies. These hybrids have demonstrated enhanced performance on benchmark optimization
problems and real-world case studies such as pressure vessel design and photovoltaic systems performance
enhancement[7], [8].

In recent years, real-world implementations have further validated the algorithm's capability in industrial
applications. For instance, the application of WOA to automatic generation control in modern power
systems—including renewable energy sources —proved its superiority in terms of convergence speed and
steady-state performance compared to other heuristic algorithms. Similarly, the use of WOA-based PI
controllers for photovoltaic (PV) systems has led to significant improvements in dynamic performance and
maximum power point tracking. These successful implementations underscore the importance of continuous
enhancement and adaptation of WOA to meet increasingly complex optimization challenges[9].

This article reviews the evolution of WOA from its inception to current state-of-the-art applications,
emphasizing recent innovations, algorithmic variants, and performance improvements. The structure of this
paper is organized as follows:
¢ The next section explains the fundamentals of the algorithm, including its biological inspiration and

mathematical modeling.

e Section 4 presents a taxonomy of the different WOA variants, categorizing them based on algorithmic
modifications and application domains.

e Section 5 conducts a critical performance analysis using benchmark functions and convergence studies.

¢ Section 6 discusses a variety of real-world applications in engineering design, energy systems, and machine
learning.

e Section 7 focuses on hybrid and intelligent frameworks that integrate WOA with other algorithms for
improved performance.

e Section 8 provides theoretical insights into convergence, complexity, and stability.

¢ Finally, Sections 9-11 identify the current challenges, propose future research directions, and summarize
the key contributions of this work.

The ensuing sections integrate extensive data from recent studies and leverage experimental results from
both benchmark problems and large-scale practical implementations. We ensure that all claims are
rigorously supported by citations from established research articles and technical reports. The discussions
herein aim to serve as a comprehensive guide for researchers looking to understand the underlying
mechanisms, advantages, and potential pitfalls of WOA, as well as for practitioners seeking effective
strategies for industrial optimization tasks[10], [11].

II. FUNDAMENTALS OF THE WHALE OPTIMIZATION ALGORITHM
In this section, we detail the theoretical foundations of the Whale Optimization Algorithm and illustrate
its core components.

1. BIOLOGICAL INSPIRATION AND BEHAVIORAL MECHANICS

WOA is grounded in the study of humpback whales' unique bubble-net feeding behavior. Humpback
whales exhibit a cooperative hunting strategy where they use bubbles to encircle and trap prey, a
phenomenon known as bubble-net feeding. This behavior is modeled by the algorithm through two main
mechanisms: encircling the prey and employing a spiral updating position to mimic the hunting strategy. By
combining these two strategies probabilistically, WOA effectively balances exploration and exploitation[12].

2. MATHEMATICAL MODELS AND ALGORITHMIC FLOW
The algorithm models the encircling behavior using the following formula:
Xt+1D)=X,(t) —A-1C-X,(t) —X(t) |
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Here, X(t) represents the whale's current position, X,,(t) is the best solution found so far, and 4, C are
coefficient vectors that control the step size. The coefficients A and C are defined as follows:
A=2a-r—a
C=2-r

where a is a parameter that decreases linearly from 2 to 0 over the iterations, and r is a random vector in
[0,1] 1. The shrinking encircling mechanism ensures that the whales progressively close in on the prey (or
the optimal solution).

The spiral update position is characterized by the following equation:
X(t+1)=D"-e"cos (2nl) + X,(t)

where D' =| X,,(t) — X(¢) |, b is a constant defining the shape of the spiral, and [ is a random number in
the interval [-1,1] 1. By combining both encircling and spiral updates with a probability p, WOA effectively
diversifies its search process.

3. ALGORITHMIC FLOW AND PSEUDOCODE

The overall procedure of WOA can be summarized in the following step[13]s:

Initialization: Randomly initialize the positions of the whale population in the search space.

Encircling Phase: Update positions according to the encircling mechanism using the best current solution.
Spiral Phase: Use the spiral update formula to mimic the bubble-net attacking behavior.

Exploration: If a randomly generated number exceeds a threshold, the algorithm updates positions using a
random whale's position, ensuring exploration.

¢ Termination: Repeat the above steps until the stopping criterion (e.g., maximum iterations) is met.

The following pseudocode summarizes the algorithm:

Pseudocode:

Initialize whale population X

While termination criterion not met:

(1) Identify the best solution X,,

(2) For each whale:

(a) Update coefficients A and C

(b) If | A I< 1: Update position using encircling equation

(c) Else: Update position using exploration mechanism

(d) With probability p, update position using spiral mechanism

End while

Return best solution X,,

This concise yet robust formulation reflects the efficiency and simplicity that have made WOA popular in
the literature [14].

4. ADVANTAGES AND LIMITATIONS
WOA's major advantages include[15]:

e Simplicity and Ease of Implementation: With only a few key parameters, WOA is straightforward to
implement in various programming environments.

¢ Balance Between Exploration and Exploitation: The algorithm’s adaptive mechanisms allow it to efficiently
search the space for both global and local optima.

¢ Gradient-Free Nature: WOA does not require gradient information, making it suitable for non-differentiable
optimization problems.
However, limitations have also been identified:
Premature Convergence: In some complex landscapes, WOA may converge too early on local optima.
Sensitivity to Parameter Settings: The performance heavily depends on the initial settings of parameters
like a and b.

e Scalability Issues: Like many metaheuristics, the algorithm’s efficiency may decline in extremely high-
dimensional problems [16].
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The next sections elaborate on the taxonomy of WOA variants that address these limitations and enhance
performance for specific applications.

III. TAXONOMY OF WOA VARIANTS

The rapid development of the Whale Optimization Algorithm has led to the creation of numerous variants
aimed at overcoming its limitations and extending its applicability. In this section, the variants of WOA are
categorized, analyzed, and compared.

1. PARAMETER-CONTROLLED VARIANTS

Parameter-controlled variants primarily focus on dynamically adjusting critical parameters during the
optimization process. For example, the Balanced Whale Optimization Algorithm (BWOA) introduces a balance
between the exploration and exploitation phases by fine-tuning factors such as the parameter f and the
corresponding control strategies 5. By setting 8 to specific values such as 3/2 and adopting local search
strategies like the local fitness (LF) and crossover local search (CLS), BWOA is able to reduce premature
convergence and enhance the quality of solutions [17].

2. ELITE AND HYBRID VARIANTS

Elite strategies enhance WOA by combining the main population with an elite set of high-quality solutions
obtained during the search process. The Elite-based Whale Optimization Algorithm (EBWOA) integrates elite
individuals to guide the search towards promising regions 6. Furthermore, several studies have introduced
hybrid variants that combine WOA with other metaheuristics to improve its exploration capability. For
instance, the WOALFVWPSO algorithm merges WOA with Particle Swarm Optimization (PSO) and Lévy
flight strategies, significantly outperforming its individual components on several benchmark functions 4. Such
hybridization has shown particular promise in solving complex engineering design problems and optimizing
resource allocation scenarios 4.

3. BINARY AND MULTI-OBJECTIVE VARIANTS

Binary adaptations of WOA have been introduced to address discrete optimization problems. In these
variants, the algorithm is modified to work on a binary space, making it suitable for feature selection and
classification problems. The wrapper feature selection approach based on WOA-CM, which uses tournament
and roulette wheel selection mechanisms, has demonstrated superiority over traditional genetic algorithm
(GA), particle swarm optimization (PSO), and ant lion optimization (ALO) methods on various datasets 9.
Multi-objective variants extend the basic WOA to handle multiple conflicting objectives, usually by
incorporating Pareto dominance and diversity preservation mechanisms. These variants have been applied to
many engineering design and scheduling problems, allowing for a trade-off between performance metrics such
as time, error, and resource utilization[18].

4. VISUALIZATION: TAXONOMY OF WOA VARIANTS
Below is a diagram representing the taxonomy of the Whale Optimization Algorithm variants:
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FIGURE 1: Taxonomy of WOA variants.
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5. COMPARATIVE ANALYSIS THROUGH TABLES
The following table compares key characteristics of selected WOA variants, highlighting their main
improvements and typical applications.

Table 1. Comparative analysis of WOA variants.

Variant Type Key Improvement Features Typical Applications Citation
Parameter- Dynamic parameter tuning, Engineering design, 5
Controlled balanced exploration-exploitation power systems control
Elite & Integration with elite solutions, Resource allocation, cloud 16
Hybrid hybrid with PSO and LF task scheduling
Binar Adaptation to binary search Feature selection, image 9

y spaces, selection mechanisms segmentation
Multi- Pareto optimality, diversity Multi-criteria design 5
Objective preservation optimization, scheduling

This taxonomy underscores the adaptability and robustness of WOA and highlights how specific
modifications and hybridizations lead to improved performance in tailored application areas.

IV. PERFORMANCE ANALYSIS OF THE WOA AND ITS VARIANTS
Performance analysis is critical to understanding the practical merit and computational efficiency of the
Whale Optimization Algorithm. In this section, we review convergence behavior, benchmark test outcomes,
and comparative studies with traditional algorithms such as GA, PSO, and ABC (Artificial Bee Colony).

1. BENCHMARK PERFORMANCE AND CONVERGENCE ANALYSIS

Various studies have applied WOA to standard benchmark functions, including unimodal, multimodal,
and high-dimensional test problems. In one comparative study, the balanced WOA variant demonstrated a
significantly faster convergence rate compared to GA-based and ABC-based controllers in automatic
generation control applications[19], [20]. The objective function values and error metrics —such as maximum
percentage undershoot (MPUS), maximum percentage overshoot (MPOS), and settling time (Ts)—were
consistently lower with WOA than with other methods, reflecting both enhanced solution quality and dynamic
response[21].

Figure: Convergence Behavior Comparison

Below is a schematic representation of the convergence behavior observed in comparative studies:

WOA Convergence GA Convergence ABC Convergence
Faster & Stable Slower Convergence Intermediate
Lower MPUS, MPQOS, Ts Higher Error Metrics Moderate Response Time

FIGURE 2. Convergence behavior of WOA compared to GA and ABC.
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2. STATISTICAL ANALYSIS AND ROBUSTNESS TESTING

Robustness is further underscored by statistical tests based on multiple independent runs. For instance, in
a power systems application, the optimization procedure was repeated 20 times, yielding a near-zero variance
in the objective function and a standard deviation close to zero, thereby confirming the consistency and
reliability of WOA-based controllers [22]. Such robustness is particularly valuable in real-time applications
where stability and repeatability are non-negotiable.

Furthermore, the use of hybrid variants, such as WOALFVWPSO, has demonstrated superior performance
over individual metaheuristics. In one study, the hybrid algorithm achieved optimal solutions for 19 out of 23
mathematical optimization problems, surpassing conventional methods and even other hybrid proposals 4.
This indicates that integrating diverse search mechanisms (e.g., Lévy flights, elite strategies) can significantly
boost the algorithm’s performance[23].

3. COMPARATIVE PERFORMANCE WITH OTHER METAHEURISTICS

The performance of WOA and its variants is often benchmarked against established metaheuristics such as
Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and Firefly Algorithm (FA). Key metrics
considered include convergence speed, quality of solutions (optimality), and computational overhead. The
following table summarizes these comparisons:

Table 2. Comparative performance metrics.

Metric WOA-Based GA-Based ABC-Based PSO-Based
Controllers Controllers Controllers Controllers
Convergence Speed Fast Moderate Slow to moderate Fast
Solution Quality High Moderate Lower High
Robgstness Very Low Moderate Higher Moderate
(Variance)
Computational
. Low to Moderate Moderate Moderate Low
Complexity
P 1 1 T
Application Example AOGWCer System SDt::ii;:ra Feature Selection gc}?zguliz;sg

The data in Table 2 illustrate that WOA-based solutions consistently yield high-quality results with lower
computational complexity, particularly when enhanced with hybrid strategies. Such performance gains make
WOA appealing not only for academic benchmark problems but also for practical, industrial-scale applications.

4. DISCUSSION ON DYNAMIC RESPONSE AND TRANSIENT MEASUREMENTS

In dynamic systems such as interconnected power grids with renewable energy sources, the transient
response is critical for system stability. Studies have indicated that PID controllers tuned using WOA exhibited
superior dynamic responses with minimal steady-state errors and faster settling times compared to those
optimized via traditional methods 1. These improvements are largely attributed to the algorithm’s ability to
adaptively explore complex search spaces while simultaneously exploiting promising regions[24].

In summary, performance analysis of the WOA and its variants reveals consistent superiority in
convergence behavior, solution optimality, and robustness. The integration of dynamic parameter adjustments
and hybrid strategies further enhances its performance, making it an excellent choice for both theoretical
benchmarking and real-world applications.
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V. APPLICATIONS IN REAL-WORLD ENGINEERING AND RELATED FIELDS

The adaptability and robustness of the Whale Optimization Algorithm have led to its widespread
application in various fields. This section presents a comprehensive overview of several prominent
applications.

1. ENGINEERING DESIGN AND CONSTRAINED OPTIMIZATION

One of the earliest and most successful applications of WOA has been in solving constrained engineering
design problems. For instance, variants of WOA have been successfully applied to well-known engineering
design models such as tension/compression spring, welded beam, pressure vessel design, three-bar truss, and
I-beam design problems 5. The balanced WOA, when integrated with local search strategies, has provided
competitive solutions by minimizing design weight and cost while satisfying multiple mechanical constraints.
In these applications, WOA not only achieves improved convergence speed but also delivers high-quality
solutions that outperform traditional methods and other algorithms such as GA and PSO [25].

2. POWER SYSTEMS AND RENEWABLE ENERGY INTEGRATION

WOA has been effectively employed in the automatic generation control (AGC) of modern power systems,
especially those integrating renewable energy sources (RES) such as wind, photovoltaic (PV), and wave energy
systems 1. In these studies, PID controllers optimized using WOA significantly improved the dynamic
response of interconnected power systems. For example, one research study incorporated actual wind speed
data from Zafarana, Egypt, as well as solar irradiation data from Saudi Arabia, into the WOA-based control
strategy. The result was a sophisticated power system model that maintained system frequency and tie-line
power flow within acceptable ranges under RES uncertainties 1.

Furthermore, the implementation of real data in simulation studies has validated the effectiveness of the
WOA-based controller in handling stochastic variations inherent in renewable energy systems. The outcome is
a robust control solution that achieves essential performance criteria specified by European grid codes and
ensures reliable operation despite fluctuating renewable inputs 1.

3. PHOTOVOLTAIC SYSTEMS OPTIMIZATION

The performance of photovoltaic (PV) power systems is another critical area where the WOA has made
significant contributions. In particular, the application of a WOA-based PI controller has led to the
improvement of the maximum power point tracking (MPPT) process in PV systems. By optimally tuning the
PI parameters, the WOA approach ensures that the PV system operates at its maximum power output under
varying environmental conditions such as partial shading, temperature variation, and fluctuating solar
irradiance 7. Simulation results indicate that a WOA-based controller can significantly enhance dynamic
performance, reduce system oscillations, and improve energy capture efficiency in large-scale PV installations
in Europe, where installations have reached record levels of up to 156 GW in 2018 [26].

4. FEATURE SELECTION AND MACHINE LEARNING APPLICATIONS

Optimizing feature selection in machine learning often involves high-dimensional discrete search spaces.
The binary variants of WOA, such as the WOA-CM algorithm, have been applied for wrapper feature selection.
These variants utilize mutation operators and selection mechanisms like tournament and roulette wheel
selection to identify the optimal set of features from datasets of various sizes9. Comparative studies
demonstrate that the WOA-CM algorithm not only provides better classification accuracy but also achieves
lower computational complexity than traditional methods like GA and PSO, thus proving its effectiveness in
the domain of pattern recognition and image segmentation [27].

5. RESOURCE ALLOCATION IN WIRELESS NETWORKS

Resource allocation in wireless networks is a complex, NP-hard problem often formulated as a mixed-
integer nonlinear programming (MINLP) challenge. WOA'’s gradient-free and exploration capabilities make it
an excellent choice for these problems 8. The algorithm has been applied for optimizing power allocation,
subcarrier assignment, and user association in various wireless scenarios, including interference management
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in ultra-dense networks (UDNSs) and mobile edge computation offloading 8. Studies have shown that the WOA
outperforms traditional optimization techniques and even some state-of-the-art metaheuristics, delivering
optimal trade-offs between energy efficiency and spectral efficiency 8.

6. DEEP NEURAL NETWORK HYPERPARAMETER OPTIMIZATION

Another emerging application of WOA is in the optimization of deep neural network (DNN)
hyperparameters. By leveraging WOA's global search capabilities, researchers have successfully enhanced the
performance of DNNs on benchmark datasets like Fashion MNIST and Reuters 3. The algorithm optimizes key
hyperparameters such as learning rate, batch size, and network architecture parameters, leading to improved
accuracy and faster convergence rates in model training.

7. VISUALIZATION: APPLICATION AREAS OF WOA
The following table summarizes the real-world applications of the Whale Optimization Algorithm, along

with typical benefits observed in each domain.

Table 3. Summary of WOA applications and observed benefits.

Application Area Key Benefits Citations
Engineering Design (e.g., Improved convergence speed and 5
pressure vessel) design optimality

Power Systems & RES Enhanced dynamic response; robust 1
Integration AGC performance

Photovoltaic Systems Maximized power output; improved ”
Optimization MPPT performance

Feature Selection in Machine Higher classification accuracy; 9
Learning reduced complexity

Wireless Networks Resource Optimal power and subcarrier 8
Allocation allocation; energy efficiency

Deep Neural Network Improved model accuracy; efficient 3

Hyperparameter Tuning

hyperparameter optimization

The diverse range of applications demonstrates that the Whale Optimization Algorithm, with its variety of
modifications and hybridizations, is a versatile tool that can adapt to the needs of complex, real-world
optimization problems.

VL. HYBRID AND INTELLIGENT WOA FRAMEWORKS
The performance advantages of the basic WOA have prompted researchers to explore hybrid frameworks
that integrate additional strategies to further enhance optimization capabilities. Hybridization techniques
leverage complementary strengths from multiple metaheuristics to overcome limitations such as premature
convergence and local optima stagnation.

1. HYBRIDIZATION WITH PARTICLE SWARM OPTIMIZATION (PSO)
One notable hybrid approach involves combining WOA with Particle Swarm Optimization (PSO)
algorithms. PSO is known for its fast convergence and capability to exploit the search space, while WOA
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contributes a robust exploration mechanism. The integration leads to enhanced performance on a suite of
complex mathematical optimization problems. For instance, the WOALFVWPSO algorithm demonstrated
superior performance in 19 out of 23 benchmark problems, significantly outperforming standalone WOA and
PSO approaches 4. This hybridization strategy employs PSO’s velocity update techniques along with Lévy
flight mechanisms to ensure a balanced search process. The resulting algorithm benefits from both rapid
convergence and high-quality global search.

2. INTEGRATION WITH LEVY FLIGHTS AND OPPOSITION-BASED LEARNING

Lévy flight is a random walk mechanism characterized by occasional long jumps, which helps an
optimization algorithm escape local minima. The incorporation of Lévy flight techniques within the WOA
framework further diversifies the search pattern and improves global exploration 4. Some hybrid models
combine WOA with quasi-oppositional learning to accelerate convergence early in the search process.
Opposition-based learning allows the algorithm to simultaneously consider a solution and its opposite,
effectively doubling the initial search space exploration and increasing the chance of finding a global optimum.

3. INTELLIGENT AND SURROGATE-ASSISTED VARIANTS

Recent research has proposed intelligent frameworks that marry WOA with data-driven and surrogate
modeling techniques. Surrogate-assisted optimization leverages inexpensive approximation models (such as
neural networks or regression models) to predict fitness values, thus reducing the computational cost
associated with evaluating expensive objective functions 2. These intelligent variants are particularly useful in
high-dimensional or multi-objective environments where function evaluations are time-consuming and
complex.

4. VISUALIZATION: HYBRID WOA FRAMEWORK PROCESS FLOW

Below is a flowchart that outlines the process flow of a hybrid WOA framework incorporating PSO, Lévy
flights, and opposition-based learning:

Mermaid Flowchart Diagram: Process Flow of a Hybrid WOA Framework
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FIGURE 3. Process flow of a hybrid WOA framework.
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5. COMPARATIVE ANALYSIS OF HYBRID APPROACHES

Hybrid frameworks of WOA have been tested extensively on both benchmark functions and real-world
problems such as engineering design optimization, power system control, and wireless resource allocation.
Studies indicate that the hybrid variants significantly outperform the basic WOA in terms of convergence
speed, solution quality, and robustness. For example, in the context of pressure vessel design, a hybrid WOA-
PSO algorithm achieved the best results when compared to other state-of-the-art algorithms, underscoring the
potential of hybridization strategies in complex optimization scenarios 4.

In conclusion, the integration of intelligent and hybrid techniques with the Whale Optimization Algorithm
results in a more robust, efficient, and scalable optimization framework. These hybrid and intelligent variants
represent a promising research area, enabling the solution of higher-dimensional and more complex real-world
problems with improved computational performance.

VII. THEORETICAL ANALYSIS OF WOA
A rigorous theoretical analysis of the Whale Optimization Algorithm is essential to understand its
convergence properties, computational complexity, and overall stability.

1. CONVERGENCE ANALYSIS

Convergence properties of metaheuristic algorithms are pivotal in assessing how quickly and reliably an
algorithm can find an optimal or near-optimal solution. Studies on WOA have shown that the algorithm
converges as the parameter a linearly decreases from 2 to 0, ensuring that the search process transitions from a
global exploration phase to a focused exploitation phase 1. The use of both encircling and spiral update
mechanisms guarantees that the algorithm remains flexible enough to avoid local optima, with mathematical
proofs indicating asymptotic convergence under certain conditions. Nonetheless, rigorous mathematical
convergence proofs remain an open area of research for many metaheuristics, including WOA.

2. COMPUTATIONAL COMPLEXITY

The computational cost of WOA depends on several factors, including the size of the population (number
of whales), the number of iterations, and the complexity of evaluating the objective functions. Generally, the
computational complexity is of the order O(t X n), where t is the number of iterations and n is the number of
search agents. Although the complexity is relatively low, hybrid variants incorporating additional strategies
(e.g., surrogate models or opposition-based learning) may introduce extra overhead. However, these costs are
often offset by the substantial gains in convergence speed and solution quality 8.

3. STABILITY AND ROBUSTNESS

Empirical studies assessing stability show that WOA, particularly when coupled with dynamic parameter
tuning or hybridization strategies, exhibits a high degree of robustness across various problem domains. The
variance in repeated runs is generally low, and the algorithm demonstrates consistent performance even with
different random initializations 1. Stability in terms of dynamic responses in control applications, such as in
power system AGC, is also documented, where WOA-based controllers provide stable results under transient
disturbances.

4. THEORETICAL LIMITATIONS

Despite its many strengths, WOA is not without theoretical challenges. Its exploration—exploitation balance,
though effective in many cases, might still lead to premature convergence under certain settings in highly
complex landscapes. Moreover, the lack of a complete convergence proof for all types of objective functions
leaves room for skepticism in some academic circles. Nonetheless, the empirical evidence suggests that with
careful parameter tuning and hybridization, many of these issues can be mitigated.

In summary, the theoretical analysis of WOA confirms that it is a computationally efficient, robust, and
stable algorithm for a wide range of optimization problems. Future work is needed to develop comprehensive
convergence proofs and further reduce the risk of premature convergence through adaptive strategies.
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VIII. CHALLENGES AND LIMITATIONS
While the Whale Optimization Algorithm has shown promising results across various applications, several
key challenges and limitations remain that need to be addressed.

1. PREMATURE CONVERGENCE AND LOCAL OPTIMA STAGNATION

One of the most commonly reported challenges with WOA is premature convergence, where the algorithm
may become trapped in local optima before adequately exploring the global search space. Despite the
incorporation of spiral updating and opposition-based learning techniques, premature convergence still poses
arisk in highly multimodal or complex objective landscapes. This limitation calls for the continual development
of adaptive parameter strategies and hybridization with complementary metaheuristics 58.

2. SCALABILITY ISSUES IN HIGH-DIMENSIONAL PROBLEMS

As the number of dimensions increases, the search space expands exponentially, thereby imposing
additional computational burdens on WOA. In such cases, the convergence speed may slow down, and the risk
of getting stuck in suboptimal regions increases. Addressing scalability often involves using population-based
strategies or surrogate models to approximate objective functions, though these methods add extra layers of
complexity to the algorithm.

3. SENSITIVITY TO INITIAL PARAMETER SETTINGS

WOA'’s performance is closely tied to the initial parameter settings, such as the linear decrement
parameter a and the constant b in the spiral update. Improper tuning of these parameters can result in
ineffective search dynamics, where either the global exploration phase is too short or the local exploitation
phase is too aggressive. This sensitivity necessitates extensive experimentation or adaptive parameter control
mechanisms to achieve optimal performance across different problem domains 5.

4. COMPUTATIONAL OVERHEADS IN HYBRID MODELS

While hybrid models of WOA have often yielded superior performance, they also tend to introduce
additional computational overheads. Integrating techniques such as PSO, Lévy flights, or surrogate modeling
requires extra computational resources. For time-sensitive applications or extremely high-dimensional cases,
these hybrid frameworks may demand increased processing times, potentially limiting their overall
applicability in real-time or resource-constrained environments 4.

5. THEORETICAL AND PRACTICAL GAPS

From a theoretical perspective, a complete mathematical proof for the convergence and stability of WOA
under all conditions remains an open challenge. This gap can sometimes undermine confidence in the
algorithm’s theoretical underpinnings even as empirical results continue to highlight its effectiveness.
Practitioners must often rely on heuristic adjustments and extensive parameter tuning, which, while effective,
do not fully eliminate the inherent uncertainty in optimization performance.

6. VISUALIZATION: SUMMARY OF LIMITATIONS AND CHALLENGES

Below is a succinct summary of the challenges facing the Whale Optimization Algorithm:
Premature Convergence: Risk of local optima stagnation under complex landscapes.
Scalability Concerns: Decreased performance in high-dimensional spaces.

Parameter Sensitivity: Dependence on precise tuning of algorithm parameters.

Hybrid Overheads: Additional computational cost when incorporating other methodologies.
Theoretical Gaps: Lack of complete convergence proofs across all problem types.

Table 2. Key challenges and limitations of WOA.
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Challenge Description Impact on Performance Citation
p t Tend t tt d
remature . endency 9ge rappe Reduced global exploration 58
Convergence in local optima
High- I d tational
'1g . ficreasec compurationa Slower convergence in high-
Dimensional burden and search space . . 5
s . dimensional problems
Scalability complexity
Parameter Dependency on exact Can lead to suboptimal 5
Sensitivity settings of parameters performance without tuning
Additional .
Hybrid Model ddltl(?na processimg cost Affects real-time processing
due to integration with . 4
Overhead . capability
other metaheuristics
Lack of Incomplete convergence
Theoretical P & Limits theoretical confidence 8
Proofs proofs for all cases

These challenges offer clear avenues for future research to enhance the robustness and efficiency of WOA.

IX. FUTURE DIRECTIONS
Given the continuous evolution of optimization algorithms, there are several promising future directions
for research in the Whale Optimization Algorithm domain.

1. ADAPTIVE AND SELF-TUNING APPROACHES

Future research should focus on developing adaptive methods that can automatically adjust the algorithm’s
parameters in real time. Self-tuning mechanisms can significantly reduce the dependency on manual parameter
configuration, thereby enhancing the adaptability of WOA for various types of problems. Techniques such as
reinforcement learning and fuzzy logic control could be integrated into the existing framework to allow the
algorithm to dynamically adjust its behavior based on the characteristics of the search space 5.

2. QUANTUM-INSPIRED AND PARALLEL COMPUTING TECHNIQUES

To address the challenge of scalability in high-dimensional problems, integrating quantum-inspired
optimization methods appears promising. Quantum-inspired versions of metaheuristics can leverage quantum
parallelism to explore vast search spaces more efficiently. In parallel, utilizing high-performance computing
resources, including GPUs and distributed computing architectures, can help reduce the computation time
required for large-scale and real-time applications 28.

3. ENHANCED HYBRID FRAMEWORKS

The success of current hybrid models indicates that future work should continue to explore novel
hybridizations. Combining WOA with recent developments in related fields—such as deep reinforcement
learning, multi-agent systems, and evolutionary strategies—may lead to even more robust techniques. For
example, integrating a surrogate-assisted module that employs machine learning models to approximate
expensive fitness evaluations can further reduce computational overhead while maintaining high accuracy 4.

4. EXPLAINABLE AND INTERPRETABLE OPTIMIZATION
As metaheuristic algorithms find increased application in critical domains such as healthcare and energy
systems, there is a growing demand for explainable and interpretable optimization models. Future research
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should aim at developing methodologies that not only provide optimal solutions but also offer insights into the
decision-making process. This could involve visual analytics tools and sensitivity analyses that help users
understand how different parameters influence the optimization outcome.

5. GREEN AND SUSTAINABLE OPTIMIZATION

With increasing emphasis on energy efficiency and environmental sustainability, there is an opportunity to
apply WOA in optimizing green and sustainable systems. For instance, further research into using WOA for
optimizing renewable energy systems—such as solar and wind farms—could lead to better energy
management and lower carbon footprints. The ability to integrate real-time sensor data and renewable energy
metrics into the optimization process is an exciting direction for sustainable tech innovations 1.

10.6 Visualization: Future Research Agenda for WOA

The table below presents a summary of potential future research directions for the Whale Optimization
Algorithm:

Table 3. Future research directions for WOA.

Future Direction Description Expected Outcome Citation
Adaptive Parameter Develop self-tuning approaches using Reduced manual tuning; 5
Control reinforcement learning or fuzzy logic better performance

Faster convergence in
Quantum-Inspired & Integrate quantum methods and high- . . .g

. . . high-dimensional 28

Parallel Techniques performance computing techniques

problems
Enhanced Explore new combinations with deep Improved robustness 4
Hybridization learning and multi-agent systems and solution quality
Explainable Develop methods for interpretability Increased insight into
Optimization and visual analytics decision-making

Lower ener.
Sustainable Optimize energy and resource systems 18y

S . consumption; greener 1

Optimization for sustainable development

solutions

These directions provide a roadmap for overcoming current limitations and leveraging the full potential of
the Whale Optimization Algorithm in diverse and challenging environments.

X. CONCLUSION
In this comprehensive review, we have explored the Whale Optimization Algorithm from its initial
inspiration derived from the natural foraging behavior of humpback whales to its current status as a versatile
metaheuristic tool applied across numerous real-world domains. Our study highlights the following key
insights:
Algorithm Fundamentals: WOA is distinguished by its simplicity and effective balance between exploration
and exploitation through mechanisms that mimic bubble-net feeding, employing both encircling and spiral

updates 1.

Taxonomy and Variants: A variety of WOA variants —including parameter-controlled, elite-based, hybrid,
binary, and multi-objective adaptations—have been developed to address specific application needs and
overcome limitations such as premature convergence and high dimensionality 59.
Performance Analysis: Extensive benchmarking and comparative studies reveal that WOA-based solutions
consistently exhibit fast convergence, high solution quality, and robust dynamic responses. Empirical
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evaluations in power systems, PV applications, and feature selection have confirmed these performance
advantages 17.

Hybrid and Intelligent Frameworks: Integration with other metaheuristics (e.g., PSO) and advanced
strategies like Lévy flights and opposition-based learning has led to significant performance improvements.
Hybridization not only accelerates convergence but also mitigates potential pitfalls inherent in single-
method approaches 4.

Theoretical and Practical Challenges: Despite its strengths, WOA faces challenges such as premature
convergence, sensitivity to parameter settings, and scalability issues. These challenges provide a fertile
ground for future research aimed at developing adaptive, quantum-inspired, and explainable optimization
frameworks 58.

Future Research Directions: Future studies should focus on adaptive parameter control, enhanced hybrid
frameworks, the utilization of quantum-inspired methods, and the development of interpretable
optimization models to further enhance the applicability of WOA, especially in sustainable and real-time
systems 15.

In summary, the Whale Optimization Algorithm and its numerous variants have proven to be powerful

tools in solving complex optimization problems across a range of scientific and engineering disciplines. The
continued evolution of WOA through hybridization and intelligent frameworks promises to expand its
applicability and efficiency even further, establishing it as a key algorithm in the field of computational
intelligence.

Key Findings

WOA effectively balances exploration and exploitation through biologically inspired strategies.

Variants and hybrid forms enhance the algorithm’s performance, particularly in real-world engineering
applications.

Practical implementations in power systems, renewable energy management, feature selection, and resource
allocation demonstrate WOA'’s versatility.

Future research should focus on adaptive, quantum-inspired, and explainable frameworks to overcome
current limitations.
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