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Abstract: Metaheuristic algorithms depend on population initialization to ensure an
effective balance between exploration and exploitation in complex search spaces.
Randomly initialized populations result in uneven coverage and premature
convergence, especially in high-dimensional or multimodal problem landscapes. In
this study, we investigate traditional and seven advanced population initialization
techniques, including quasi-random sequence, chaotic map, opposition-based,
knowledge-based, hybrid, and machine learning-based approaches. We discuss
their theoretical foundations, computational complexity, and practical effectiveness.
Findings suggest quasi-random initialization improves convergence for medium-
dimensioned problems, chaotic population initialization improves convergence for
multimodal search landscapes, and machine learning techniques adapt to very-
high-dimensional  optimization problems. Advanced techniques increase
computational cost but significantly improve convergence rate and algorithm
robustness. Such insights can assist researchers and practitioners in selecting
appropriate initialization techniques for the complexity of their problems, and also
indicate the direction of future research into intelligent and adaptive initialization
techniques.

Keywords: Metaheuristic optimization, Population initialization, Quasi-random
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1. Introduction

Metaheuristic algorithms are nature-inspired optimization methods for solving
complex, nonconvex, and high-dimensional problems where traditional techniques
fail [1]. They efficiently explore poorly understood search spaces and are mainly
classified into population-based methods, including evolutionary algorithms and
swarm intelligence approaches, which maintain diversity and reduce the risk of
local optima through collective solution search [2]. By maintaining a population of
candidate solutions that evolve through iterations, metaheuristics balance
exploration (searching new areas) and exploitation (refining known solutions) [3].
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A critical aspect of this process is population initialization, which sets the starting
distribution of solutions in the search space. The initial population influences the
search by diversity and local optima avoidance [4]. The initial population influences
the exploration of the search space, computational cost, and convergence speed.
Randomly generated initial population is common in most metaheuristic
optimization algorithms. Random population initialization can result in a non-
uniform and non-diverse population and premature convergence to local optima,
which results in poor quality of solutions [5]. Advanced population initialization
methods include chaotic mappings (logistic, tent, and sinusoidal mappings), Low-
Discrepancy Sequences (LDS), knowledge-based or hybrid approaches, and filter-
based feature selection (applying statistical or heuristic criteria for selection of
relevant features) [6]. These methods enhance population diversity, uniformity, and
coverage of the search space, leading to rapid convergence to the optimal solution.
Population initialization can be tailored to the problem at hand. In feature selection
problems, knowledge or filter-based rankings can be used to form a promising
initial population. Comparative studies show that well-designed population
initialization techniques enhance the algorithm's optimization performance in terms
of solution quality, convergence speed, and robustness across a wide range of
benchmark functions and real-world problems [7]. This survey explores advanced
population initialization techniques, classifies them, identifies their theoretical
foundations, and compares their performance while pointing out challenges for
future research. The contributions of the work are an analysis of current work and
gaps in future research.

We conducted a systematic literature search across major academic databases,
including ScienceDirect, IEEE Xplore, Scopus, and Google Scholar, focusing on
English-language and peer-reviewed publications from 2021 up to 2026. The search
strategy employed combinations of the following keywords: “population
initialization”/ “initial population”; “metaheuristic”/ “evolutionary algorithm”/
“swarm intelligence”/ “population-based”; and one or more technique-specific
terms (e.g., “random”, “Latin hypercube sampling”, “quasi-random sequences”,
“chaotic maps”, “opposition-based learning”, “hybrid”, “machine-learning-
guided”). We explicitly limited queries to the title and abstract fields to increase
precision and reduce noise. The initial search yielded hundreds of papers. After
screening for duplicates and non-relevant sources, 254 papers underwent full-text
assessment, of which 86 met the inclusion criteria (i.e., empirical validation with
quantitative benchmark or real-world results).

This paper evaluates various approaches to initializing populations in
metaheuristic algorithms. Section 2 presents a taxonomy of eight groups for
initialization and compares their benefits. Section 3 analyses these methods through
their theoretical foundations, which include diversity, computational complexity,
robustness, and so on. Section 4 discusses algorithm sensitivity and dimensionality
effects, along with a computational trade-off analysis, empirical validation, and
recommendations for use cases. Ultimately, Section 5 presents conclusions and
indications of future research possibilities.
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2. Taxonomy of population initialization methods

This section synthesizes all the described population initialization strategies,
detailing their mechanisms and highlighting their comparative advantages and
limitations.

2.1. Random initialization

Random initialization is the standard and most rudimentary way of creating the
initial population, using randomly generated solutions within the bounds of the
search space — using uniform, normal, or other types of distributions [8-10] — and is
the most commonly employed initialization method in most optimization
algorithms, such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO),
Differential Evolution (DE), Biogeography-Based Optimization (BBO), Water
Wave Optimization (WWO), Backtracking Search Algorithm (BSA), etc., [10-13].
Random initialization has the advantages of simplicity and unbiased population
coverage of the search space [9, 14]; its disadvantages, however, include producing
an uneven distribution of search efforts across some regions, rendering the search
space inadequately covered, as well as a lack of diversity among solutions within
the population, resulting in both premature convergence and local optima [15-17].

2.2. Stratified random initialization

Stratified random initialization includes techniques such as Latin Hypercube
Sampling (LHS) and Orthogonal Array Sampling. Approaches like stratified
sampling break the search space into strata or intervals [18]. This ensures a more
uniform and representative sampling of the initial population. In a setup involving
LHS, one sample is placed per stratum per variable [19]. Orthogonal arrays, on the
other hand, combine balanced combinatorial designs to cover the space efficiently
[20]. The principal benefits are diversity enhancement and exploration by
preventing clustering, computational efficiency for medium-scale issues, superior
performance for continuous optimization, and a lower risk of premature
convergence through structured coverage [21-24]. Nevertheless, there are some
limitations, which consist of an insufficient number of studies showing the
initialization effect, difficulty in scaling to high-dimensional or constrained settings
without modifications, underutilization in recent literature (generally orthogonal
methods), and ineffectiveness in discrete or highly irregular landscapes [25, 26].

2.3. Quasi-random initialization

Initialization using quasi-random (low-discrepancy) sequences, such as Sobol,
Halton, Well Equidistributed Long-period Linear (WELL), Knuth, Good Point Set
(GPS), and Torus, generates an initial population that is more spaced out in the
search space than random methods [27-29]. This method has the effect of increasing
standardized diversity as well as the exploration ability of the population by
improving the early phase of optimization. The convergence speed and the quality
of the solution are generally better [29-31]. Yet, this benefit is diminished with
time, as the performance gap between quasi-random initialization and random
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initialization reduces when the algorithm is given a large number of iterations to
explore the search space thoroughly [32, 33].

2.4. Chaotic initialization

Chaotic initialization techniques employ chaotic maps (such as logistic, tent,
sinusoidal, or other chaotic sequences) to create the initial population. The presence
of disorderly behavior in these maps, such as ergodicity, non-repetition,
randomness, and so forth, helps individuals spread more uniformly and promotes
diversity [34, 35]. Examples include sinusoidal chaotic mapping for the Seagull
Optimization Algorithm (SOA) [36], the tent chaotic map for Harris Hawks
Optimization (HHO) [37], the logistic map for the Whale Optimization Algorithm
(WOA) [38], and chaotic mapping for Tuna Swarm Optimization (TSO) [39].
Enhanced search speed, prevention of local optima, and faster convergence are the
benefits [40]. Nonetheless, their limitations, such as potential sensitivity to map
selection and increased computational overhead in some cases, have not been
explored [41, 42].

2.5. Opposition-based initialization

Opposition-Based Initialization (OBI) forms the initial solutions using a candidate’s
opposite (lens-imaged) position in the search space, as this fills in unvisited areas
and increases exploratory power [43]. Enhanced variations of the Salp Swarm
Algorithm (SSA) utilize OBI to increase convergence and exploration, while some
other enhanced versions utilize Opposition-Based Learning (OBL) at different
points in the algorithm [44]. The OBL approach has also been applied to both the
initialization and the updating of solutions within the Equilibrium Optimizer (EO)
algorithm, so that it has improved performance, particularly when applied to high-
dimensional problems [45]. Some of the advantages include receiving a higher-
quality initial population, increased exploration of the search space, an improved
ability to avoid becoming trapped in a local optimum, and improved performance
on potentially deceptive optimization problems [46, 47], while some limitations
include dependence on the type of problems being solved, requiring additional
tuning or computations in some cases, and not being effective across all
metaheuristic landscapes [43, 48].

2.6. Knowledge-based/heuristic initialization

Knowledge-based initialization (heuristic initialization) employs heuristic
knowledge, expert design, and problem-specific information to produce the initial
population instead of generating it randomly [49, 50]. One such example is
knowledge-based local search operators, which aim to increase the quality of the
solution during the search process [51]. Another example is heuristic rules such as
Shortest Processing Time (SPT), Longest Processing Time (LPT), and First-Come-
First-Served (FCFS), which are embedded in hybrid initialization methods for
scheduling problems [52]. It leads to improved quality of the initial solution, faster
convergence due to a more reliable starting point, applicability to a wide range of
complex problems, and the ability to address scalability through a more generalized
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initial seed [49, 53]. Nonetheless, limitations exist in that they are strongly reliant
on problem-specific knowledge, which may not generalize. Furthermore, the
potential introduction of bias may limit exploration while requiring additional
expertise or tuning. Finally, performance varies across optimization landscapes
[54, 55].

2.7. Hybrid initialization

Hybrid initialization is a concept where a combination of two or more initialization
strategies, often involving a mix of heuristic, random, and knowledge-based
approaches, is employed to generate the initial population, which is a critical
component in the optimization process [56]. This concept aims to leverage the
benefits of different techniques to generate a highly effective initial population, a
vital component in the exploration and exploitation of the solution search space
[53, 57]. Some examples include the integration of symmetric LHS with reverse-
based learning, which results in a well-dispersed initial population for the
optimization process [58]; the integration of a hybrid fuzzy rough set with binary
whale optimization, which results in an effective solution in the selection of features
in a high-dimensional feature selection problem [59]; and the integration of a
greedy construction stage before a subsequent heuristic or metaheuristic
optimization stage, among others [60]. The benefits of this concept include better
diversity and quality in the initial population, faster convergence due to the ability
to start the optimization process with a better population, a better ability to tackle
complex optimization problems, and better robustness as opposed to the application
of a single optimization technique. This is shown by its application in benchmarks
such as the CEC benchmarks, as well as in real-world applications such as the
optimization of a pressure vessel, among others [61-63]. However, some of the
challenges associated with the application of this concept include the computational
cost due to the complexity of the optimization process, its sensitivity, which often
requires substantial tuning, and its application being dependent on the expertise of
the practitioner, among others [53, 62, 64].

2.8. Machine Learning-guided (ML-guided) initialization

ML-guided initialization exploits machine learning methodologies, such as
reinforcement learning, supervised learning, clustering, fuzzy rough sets, and
surrogate models, for identifying potentially useful regions or data structures in the
search space. This results in the generation of high-quality initial populations for
better performance of metaheuristic optimization algorithms [53, 59]. Some
examples of ML-guided initialization methodologies include the use of smart
sampling using modified quadratic interpolation or nonlinear simplex search for DE
optimization algorithms [65], clustering for partitioning the search space for better
initialization of the population for optimization problems [66], and the use of fuzzy
rough set theory for initialization of the population for high-dimensional feature
selection problems using metaheuristic optimization algorithms [67]. The
advantages of using ML-guided initialization for optimization problems include
fewer function evaluations needed to achieve the global optimum, better success
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rates compared to random or OBI, better diversity of the population using data-
driven structuring of the search space, and better handling of complex or high-
dimensional problems [59, 68]. The disadvantages of using ML-guided
initialization for optimization problems include the increased computational cost of
the learning or modeling step, the need for quality training data or models for better
performance, and the limited generalizability of ML-guided initialization for
solving a wide range of optimization problems [53, 59].

This taxonomy illustrates the evolution from simple random approaches to
sophisticated ML-guided methods, highlighting how each category presents distinct
trade-offs between implementation complexity, computational cost, and

optimization performance. These trade-offs are summarized in Table 1.

Table 1. Population initialization categories in terms of their mechanisms, strengths, and limitations

Method Core mechanism |Examples Strengths Limitations
. May produce low-
Umf"?m rat_ldqm Standard GA, Simple, fast, and ensures |quality solutions,
Random sampling within . . .
bounds PSO, DE baseline diversity uneven coverage, and
poor early convergence
Divide the search
Stratified space into strata Better coverage than Added complexity;
and sample LHS, OAS pure random; reduces benefits diminish in
random o . . . .
randomly within clustering very high dimensions
each
. Low-discrepancy [Sobol, Halton, . Correlation issues in
Quasi- Uniform, repeatable, . . .
sequences for WELL, Knuth, . . ; high dimensions may
random . good in low dimensions . .
uniform coverage |Torus, GPS require scrambling
Use chaotic maps High diversity, ergoc_hc, Parameter sensitivity;
) - . pseudo-random, avoids . .
. with ergodicity to |Logistic, Tent, may require tuning the
Chaotic . premature convergence,
generate Sine, Ikeda maps . map type to the
SeqUences and notable gains on roblem
4 multimodal landscapes P
Generate both Improves quality while G::)ll;lsegf rs)elrfn?; ; less
Opposition- [candidates and OBL, GOP, proves quality w p > sy v
. . . maintaining diversity; |effective if opposition
based their opposites;  |dynamic OBL .
faster convergence points are poor, extra
select the better .
tuning/effort
Knowledge- Use .do.mam rules, High-quality starts; Requlr‘es domain
heuristics, or faster convergence; expertise; may reduce
based/ . FIFO, LPT, SPT > R .
.. known feasible problem-specific diversity; risk of bias
Heuristic . .
solutions robustness toward local optima
Logistic-Tent More complex design;
. . chaos + OBL; Enhanced diversity, . P csign;
. Combine multiple higher computational
Hybrid . global/local robust, adaptable to
strategies . overhead, needs
heuristic + problems .
balancing
random

3. Theoretical considerations

The current theoretical comparison between the different population initialization
methods in metaheuristics considers the properties of diversity, convergence,
efficiency, and robustness against bias.
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Diversity within the initial population plays a very important role in ensuring
effective exploration of the search space and preventing premature convergence to
suboptimal solutions [69, 70]. Although random initialization of populations is a
popular choice, it does not ensure sufficient diversity within the search space,
particularly in high-dimensional search spaces. This may cause local optimization
problems [7, 71]. To overcome these limitations of random initialization, various
innovative methods, such as LHS, chaotic mapping, OBL, and hybrids of these,
have been proposed to ensure sufficient diversity within the search space.
Furthermore, diversity-preserving mechanisms, such as elite crossing, chaotic
sequences, and distributed search, have also been proposed to enhance search space
exploration efficiency and prevent premature convergence [70, 72].

Exploration of the search space by optimization algorithms allows them to
explore unknown regions of the search space, while exploitation of the search space
helps optimization algorithms converge to optimal solutions. Therefore, a good
optimization algorithm must ensure a fair balance between exploration and
exploitation to achieve global optimality [73]. Various innovative initialization
methods ensure sufficient diversity within the search space in the early stages of
optimization, while adaptive parameter control and hybrids ensure a smooth
transition from exploration to exploitation in the later stages of optimization [72].
However, improper initialization may cause optimization algorithms to converge
slowly or may prevent sufficient search space exploration. Dynamic optimization
algorithms that use a combination of chaos theory, OBL, and elite search have
shown promising results in improving the exploration—exploitation balance of
optimization algorithms [7].

Costs differ among initialization methods: simple random or uniform
initialization is low cost but frequently does not provide a sufficiently diverse high-
dimensional population [15], while initialization based on LHS, chaotic mappings,
or learning is high cost but yields populations that reduce the cost of function
evaluations [70]. There is, therefore, a trade-off between the initialization process
and the efficiency of the optimization process as a whole; more sophisticated
processes may be high-cost but can also provide increased optimization efficiency
[7].

Initialization bias is a phenomenon in which the initial population is not
adequately distributed, which can limit the ability of the optimization method to
effectively search for global optima [12]. To address this, techniques such as low-
correlation sampling, which include methods such as LHS and Gibbs sampling,
OBL, and hybrid approaches combining random and deterministic sampling, are
used to improve the quality of the population and limit bias [74]. These powerful
initialization techniques are particularly useful for high-dimensional optimization
problems, as bias and premature convergence are common [7].

Overall, theoretical and empirical evidence support that initialization matters
for metaheuristic performance. Richly diverse and uniformly distributed initial
populations enhance search coverage, reduce premature convergence, and ensure a
good exploration-exploitation balance for the search, even in high-dimensional
spaces. Random initialization is cheap but inferior to other approaches because it
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lacks diversity and is biased. LHS, chaotic, opposition-based, and hybrid
initializations enhance coverage and convergence speed at a higher cost. However,
consistent with discrepancy theory and the no-free-lunch theorems, no single
initialization scheme can be expected to outperform all others across all problems.
Therefore, properly designed and problem-tailored initialization is still a
requirement for a high-performing metaheuristic.

4. Comparative analysis and sensitivity

Comparative analysis and sensitivity studies of population initialization methods in
metaheuristic algorithms reveal important differences related to settings, such as
algorithm sensitivity to initialization, population size, and iteration budget, diversity
versus quality, dimensionality, cost, and supporting studies.

4.1. Algorithm sensitivity

Metaheuristic algorithms are sensitive to initialization with respect to exploration-
exploitation, convergence, and solution quality. Earlier work shows that quantum-
inspired, chaotic, and LHS-based initializations yield significantly improved search
space coverage, convergence, and solution quality compared with biased or
conventional initialization methods [75, 76]. Population initialization methods have
a clear impact on the search process in metaheuristic algorithms.

4.2. Population size and iteration trade-offs

Population size and iteration budget are related to exploration, exploitation, and cost
in metaheuristic algorithms. Sensitivity analysis studies show that improved
performance gains from increased population size and iteration budget only go so
far — they reach a limit in positive performance gain, beyond which further
improvement is negligible relative to cost. Differences between algorithms (e.g.,
PSO has population size sensitivity, Cuckoo Search (CS) does not; Differential
Evolution (DE) favors iteration budgets over population size) indicate the need to
tune these parameters with respect to population diversity, convergence, and cost.
[77-79].

4.3. Trade-off between diversity and quality

The diversity and quality of the initial population play an important role in the
effectiveness of metaheuristic algorithms, as these improve exploration, accelerate
convergence, and prevent premature convergence to local optima. Although random
population initialization results in low diversity, especially for complex problems,
other techniques such as chaotic systems, LHS, and OBL improve population
diversity and quality, resulting in improved convergence behavior. In addition,
using hybrid, rule-based, and knowledge-based techniques for population
initialization further improves solution quality, though this is dependent on problem
complexity and data. Therefore, the selection of an appropriate population
initialization technique becomes critical for achieving effective and optimal
optimization results. [19, 80, 81].
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4.4. Dimensionality issues

High-dimensional search spaces hinder the achievement of uniform and effective
initial population distributions, as random methods tend to create inhomogeneous
particles and unstable performance, while increasing the population size increases
computational cost. [82]. Although quasi-random methods and LHS have been
found to improve performance, their effectiveness decreases, or their costs increase
with higher dimensions, as the curse of dimensionality reduces the performance
differential among initialization methods and limits exploration. [15, 83, 84].
Advanced methods, such as Gibbs sampling and filter-based initialization methods,
are more robust for maintaining diversity and solution quality for high-dimensional
optimization and feature selection problems. [15, 59].

4.5. Computational overhead

Initialization methods vary significantly with regard to computational overhead; for
instance, simple stochastic methods tend to have minimal computational overhead,
typically linear (O(1)) for each solution generated. As a result, they are fast but may
require additional iterations due to the lower-quality solutions generated initially. In
contrast, advanced techniques like anti-symmetric learning, LHS, and knowledge-
based methods have higher overhead, especially for high-dimensional search
spaces; however, they have the potential to improve convergence speed and
consequently reduce total computational time. [53, 59, 82, 84]. Although
computational time generally increases with problem dimensionality, differences
between initialization methods for a given algorithm tend to be small and problem-
dependent, emphasizing a trade-off between initialization time and optimization
efficiency that requires empirical evaluation [83, 85, 86].

4.6. Empirical evidence

Significant research efforts have shown that initialization methods can significantly
affect optimization performance and convergence behavior, especially for
algorithms like PSO and DE, for which some probability-based and deterministic
initialization methods have been shown to outperform others [11, 86]. Nevertheless,
benchmark experiments and statistical analyses have also shown that, as the number
of iterations and dimensionality increase for algorithms like PSO, DE, ABC, and
GWO, differences in optimization performance among various initialization
methods tend to vanish significantly, and none outperforms the others [83, 86].
Overall, comprehensive benchmarking and comparative analyses have confirmed
that, although significant improvements in optimization speed and solution quality
have been reported for some optimization algorithms by employing suitable
initialization methods, these improvements remain problem-dependent and
algorithm-specific [11, 87-89].

Table 2 summarizes the best and worst choices for different aspects, including
simplicity, space-filling properties, performance in high and low dimensions, speed,
reproducibility, theoretical guarantees, and suitability when no prior knowledge is
available.
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Table 2. Comparative evaluation: best and worst population initialization methods across key
erformance aspects

Aspect Best choices Worst Choices
Simplicity Random, Chaotic ML-guided, Knowledge-based
Space-filling Quasi-random, Stratified random | Random, Heuristic
High dimensions Quasi-random, Chaotic Random, Heuristic
Low dimensions Stratified random, Heuristic Random, ML-guided
Speed Random, Chaotic ML-guided, Knowledge-based
Reproducibility Quasi-random, Chaotic Heuristic, ML-guided
Theoretical guarantees | Quasi-random, Stratified random | Heuristic, Knowledge-based
No prior knowledge Random, Quasi-random Knowledge-based, ML-guided

Table 3 presents the primary and alternative choices for various scenarios,
including general-purpose optimization, high dimensions (D>50), very high
dimensions (D>100), low dimensions (D<10), fast initialization requirements,
maximum uniformity, sequential optimization, unknown problem structure, limited
budget, and real-time applications.

Table 3. Recommended population initialization strategies: primary and alternative choices for
specific optimization scenarios with key considerations

Use case (I;rllor?;ry Alternative Key considerations

General Random Quasi Primary: Random is most common; chaotic improves diversity and
UDose Chaotic ’ -random, convergence

purp Hybrid Alternative: Quasi-random best uniformity; Hybrid is more robust

High Chaotic, Opposition- glr\l/renrz:y Chaotic and quasi-random methods enhance coverage and

dimensions | Quasi- Based, Alterneglive~ Opposition lightweight and jumps to good regions;

(D>50) Random Hybrid Hybrid adaptive

Very high  |Quasi- Hybrid, Primary: Uniformity and diversity are critical; quasi-random and

chaotic are preferred

dimensions |random, Knowledge- . . . .
(D>100) Chaotic based Altema_tlve. Hybrid scales; Knowledge-based reduces effective
dimension
Low Stratified Heuristic, Primary: Simpler methods suffice; stratified can be effective
dimensions |random, Quasi- Alternative: Heuristic is very effective with domain knowledge;
(D<10) Random random Quasi-random extra uniformity
Fast Quasi- Primary: Random and chaotic are the fastest
... .. . |Random, random, . . e .
initialization . L Alternative: Quasi-random slower; Opposition very quick and
Chaotic Opposition- .
needed diverse
Based
Quasi- . . ) . . .
. Chaotic, Primary: Statistical methods outperform random for uniformity
Maximum |random, = . . . .
- . - Opposition- Alternative: Chaotic dynamic coverage; Opposition good spread,
uniformity |Stratified L - )
based less statistical uniformity
random
Sequential |Heuristic, gani2$;n. Primary: Heuristics can leverage sequential structure
optimization|Hybrid b ef)s I; d Alternative: Random, unbiased; Opposition quick diversity per step
Unknown Quasi-random, |Primary: Diversity is prioritized; random and chaotic are robust
Random, . . f e
problem . Opposition- Alternative: Quasi-random structured coverage; Opposition doubles
Chaotic .
structure based spread instantly
. Random, Quasi-random, |Primary: Simpler methods reduce computational cost
Limited . . . L . .o
budget Opposition- Li gthelght A_ltematl_veA Quas_l—rar?dom better coverage per evaluation;
based hybrid Lightweight hybrid still cheap
Randqm, . Primary: Hardware-accelerated chaotic methods offer speed and
. Chaotic Hybrid, . .
Real-time (hardware- ML-guided diversity
applications g Alternative: Pruned hybrid or lightweight ML inference adaptive
accelerated (fast inference) .
only) and quick
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5. Conclusion

Metaheuristic algorithms have access to a wide range of population initialization
techniques, ranging from simple random-based to sophisticated chaos-based,
knowledge-based, or hybrid-based techniques. The choice of the population
initialization strategy may have an impact on the performance of the algorithm in
terms of diversity preservation, convergence speedup, or escape from local optima.
The latest trends in population initialization techniques are based on the inclusion of
chaos theory, LDSs, or the use of hybrid techniques to increase the quality or
effectiveness of the population initialization process. Based on the taxonomy
presented in this paper, it appears that none of the population initialization
techniques are universally superior for all problem classes or algorithmic contexts.
Quasi-random sequences, such as Sobol or Halton sequences, are found to be
effective population initialization techniques for low- up to medium-dimensional
problem spaces, especially when compared to random-based techniques with
minimal computational overhead [90]. Stratified sampling-based techniques, such
as LHS, are found to be particularly well-suited for continuous optimization
problems that require uniform coverage of the solution space. For high-dimensional
problems, ML-based or knowledge-based techniques are also found to be
particularly well-suited for population initialization. Chaotic population
initialization techniques have also shown significant promise for improving the
performance of optimization algorithms for multimodal problems by exploiting the
ergodicity of chaotic sequences for diversity preservation or convergence speedup
in a wide range of application domains [91-93]. There are critical trade-offs
between simplicity, computational cost, and performance. Though random
initialization is computationally cheap, there are possible issues with uneven
coverage of the search space. On the other hand, complex initialization methods
improve the quality of the initial population, which is, however, accompanied by an
increase in the cost of initialization. This cost is worthwhile only when function
evaluation is expensive or when the population size is small. It is also noteworthy
that the effect of initialization is most significant in the early stages of the
optimization process, where exploration is dominant. As the number of iterations or
population size increases, the effect of initialization decreases, although the rate at
which this effect decreases is problem-dependent. Dimensionality significantly
influences the effectiveness of optimization techniques. Though structured
initialization techniques are better than random initialization in low-dimensional
optimization, the advantage decreases with an increase in dimensionality, such that
the effect is less significant in high-dimensional optimization, where the curse of
dimensionality is prevalent. On the other hand, the diversity-quality trade-off is
problem-dependent. For unimodal optimization, there is a greater need to exploit
better-quality solutions with less diversity, while, on the contrary, diversity is much
more important in multimodal optimization, where there is a greater risk of
premature convergence. Therefore, effective optimization requires the use of
adaptive techniques that are able to balance the diversity quality trade-off according
to the nature of the problem being optimized [94]. Future research directions
include the use of adaptive initialization techniques that are able to adjust the
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diversity-quality ratio according to the feedback received from the landscape and
dimensionality, and the use of automated selection techniques. Furthermore,
integration with ML techniques, especially reinforcement learning, is also a
possible direction for future research [95]. However, there is a need to consider the
no-free-lunch theorem, which states that there is no universal optimization solution,
as the effectiveness of an optimization solution is problem-dependent, as well as its
properties and computational cost.
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List of abbreviations

Abbreviature | Full term Abbreviature | Full term
BBO Blogqurgphy-Based ML Machine Learning

Optimization
BSA Backtracking Search Algorithm OBI Opposition-Based Initialization
CS Cuckoo Search OBL Opposition-Based Learning
DE Differential Evolution PSO Particle Swarm Optimization
EO Equilibrium Optimizer SOA Seagull Optimization Algorithm
FCFS First-Come-First-Served SPT Shortest Processing Time
GA Genetic Algorithms SSA Salp Swarm Algorithm
GPS Good Point Set TSO Tuna Swarm Optimization
HHO Harris Hawks Optimization WELL Xﬁlela]riquldlstrlbuted Long-Period
LDS Low-Discrepancy Sequences WOA Whale Optimization Algorithm
LHS Latin Hypercube Sampling WWO Water Wave Optimization
LPT Longest Processing Time
References

1. Houssein, E. H, M. H. Abdel Gafar,N.Fawzy, A. Y. Sayed. Recent Metaheuristic
Algorithms for Solving Some Civil Engineering Optimization Problems. — Scientific
Reports, Vol. 15, 2025, No 1, 7929. DOI: 10.1038/541598-025-90000-8.

2. Naskar, A, S. Ghosh, M. Kundu, R. Sarkar. Feature Selection Using a Guided
Population-Based Genetic Algorithm with Modified Crossover and Parent Selection. —
Applied Soft Computing, Vol. 172, 2025, 112872. DOI: 10.1016/j.as0¢.2025.112872.

3. Akbulut, H. A Modified StarFish Optimization Algorithm (M-SFOA) for Global Optimization
Problems and Its Application to Heart Disease Risk Prediction. — Expert Systems with
Applications, Vol. 307, 2026, 131088. DOI: 10.1016/j.eswa.2026.131088.

4. Wang,J,H. Lin,B.Lv,L. Deng, L. Wang, S. Wu. Method for Designing A-Weighting
Filter in Sound Level Meter Based on Improved Whale Optimization Algorithm. —
Measurement, Vol. 257, 2026, 118720. DOI: 10.1016/j.measurement.2025.118720.

5. Wang,M,,S.G.Hassan,F.Sohel,T.Liu,M.He,X.Gao,C.Xie,X.Deng,S.Liu,L.
Xu. Optimized Learning Pipeline for Predicting Future Dissolved Oxygen Levels in
Aquaculture Using Time-Series Data. — Computers and Electronics in Agriculture, Vol. 236,
2025, 110509. DOI: 10.1016/j.compag.2025.110509.

108




10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Xu, M, C. Tian, H. Tian. Techno-Economic Optimal Sizing of Hydrogen—Ammonia Hybrid
Storage for Residential Building Multi-Source Energy Systems via Enhanced Chaotic
Antlion Optimization. — Case Studies in Thermal Engineering, 2026, 107704.
DOI: 10.1016/j.csite.2026.107704.

Tan,J. D., W. W. Koong, M. Dahari, N. M. Shah. A Dynamic Maximum Power Point
Tracking of Photovoltaic Systems under Partial Shading Conditions Based on a Trinity
Enhanced Whale Optimization Algorithm. — Electric Power Systems Research, Vol. 253,
2026, 112453. DOI: 10.1016/j.epsr.2025.112453.

Zhang, Y. Chaotic Neural Network Algorithm with Competitive Learning for Global
Optimization. —  Knowledge-Based  Systems, Vol. 231, 2021, 107405.
DOI: 10.1016/j.knosys.2021.107405.

Zhong, K., G. Zhou, W. Deng, Y. Zhou, Q. Luo. MOMPA: Multi-Objective Marine
Predator Algorithm. — Computer Methods in Applied Mechanics and Engineering, Vol. 385,
2021, 114029. DOI: 10.1016/j.cma.2021.114029.

Miao, F.,, X. Ma, H. Li. High-Precision Parameter Estimation of Photovoltaic Models via a
Novel Adaptive Elite-Biased Backtracking Search Algorithm. — Measurement, Vol. 258,
2026, 119429. DOI: 10.1016/j.measurement.2025.119429.

Li, Q. S.-Y.Liu, X.-S. Y an g. Influence of Initialization on the Performance of Metaheuristic
Optimizers. —  Applied Soft  Computing, Vol. 91, 2020, 106193.
DOI: 10.1016/j.as0¢.2020.106193.

Escobar-Cuevas, H, E. Cuevas, J. Galvez, M. Toski. A Novel Optimization
Approach Based on Unstructured Evolutionary Game Theory. — Mathematics and Computers
in Simulation, Vol. 219, 2024, pp. 454-472. DOI: 10.1016/j.matcom.2023.12.027.

Altabeeb, A M, A.M.Mohsen,L. Abualigah, A. Ghallab. Solving the Capacitated
Vehicle Routing Problem Using the Cooperative Firefly Algorithm. — Applied Soft
Computing, Vol. 108, 2021, 107403. DOI: 10.1016/j.as0c.2021.107403.

Zhang, W,D.Liu,Y.Tang, K. Cao, C. Yang. An Intelligent Approach for Predicting the
Strength of Roadbed Foam Lightweight Concrete Based on an Optimized XGBoost Model. —
Case Studies in Construction Materials, Vol. 22, 2025, e04702.
DOI: 10.1016/j.cscm.2025.e04702.

Cuevas, E., O. Barba-Toscano, H . Escobar, D. Zaldivar, A. Rodriguez-
Vazquez An Initialization Approach for Metaheuristic Algorithms by Using Gibbs
Sampling. — Mathematics and Computers in Simulation, Vol. 225, 2024, pp. 586-606.
DOI: 10.1016/j.matcom.2024.05.010.

Saadatmand, H, M.-R. Akbarzadeh-T. Set-Based Integer-Coded Fuzzy Granular
Evolutionary Algorithms for High-Dimensional Feature Selection. — Applied Soft
Computing, Vol. 142, 2023, 110240. DOTI: 10.1016/j.as0c.2023.110240.

Fan, Q., S. Zhao, M. Shang, Z. Wei, X. Huang. An Improved Genetic Salp Swarm
Algorithm with Population Partitioning for Numerical Optimization. — Information Sciences,
Vol. 679, 2024, 120895. DOI: 10.1016/j.ins.2024.120895.

Wang, D, Y. Wang, J. Liu, Z. Hu, W. Zhang, Z. Wang, Y. Jiang. An Integrated
Dynamic Modeling Method for an Underwater Vehicle with Hull, Propeller, and Rudder. —
Ocean Engineering, Vol. 282, 2023, 115036. DOI: 10.1016/j.oceaneng.2023.115036.

Fathy, A, A. Bouaouda, F. A. Hashim. Optimal Arrangement of Shaded Photovoltaic
Array Using a New Modified Black-Winged Kite Algorithm. — Expert Systems with
Applications, Vol. 289, 2025, 128375. DOI: 10.1016/j.eswa.2025.128375.

He,Z.,Y.Pan, K. Wang,L. Xiao, X. Wan g. Area Optimization for MPRM Logic Circuits
Based on an Improved Multiple Disturbances Fireworks Algorithm. — Applied Mathematics
and Computation, Vol. 399, 2021, 126008. DOI: 10.1016/j.amc.2021.126008.

Wang, X, H Liu, A. G. Hussien, G. Hu, L. Zhang Enhanced Particle Swarm
Optimization Algorithm Based on SVM Classifier for Feature Selection. — Computer
Modeling in Engineering & Sciences, Vol. 142, 2025, No 3, pp. 2791-2839.
DOI: 10.32604/cmes. 2025.058473.

Luo,C,C.Feng,H. Zhong, Y. Liu, M. D o u. Design Optimization of Climate-Responsive
Rural Residences in Solar-Rich Areas Considering Sustainability and Occupant Comfort. —
Energy and Buildings, Vol. 336, 2025, 115546. DOI: 10.1016/j.enbuild.2025.115546.

109



23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Zou, J, M. Zhou, Z. Hou, Y. Liu, H. Bai, J. Zheng. Improved Large-Scale Multi-
Objective Competitive Swarm Optimizer with Direction Learning and Decision
Enhancement. — Expert Systems with Applications, Vol. 297, 2026, 129328.
DOI: 10.1016/j.eswa.2025.129328.

Uddin, M., S. K. Khanna. Sensitivity Analysis for Identifying Key Parameters Affecting
Energy Consumption in Early-Stage Building Design. — Energy and Buildings, Vol. 342,
2025, 115848. DOI: 10.1016/j.enbuild.2025.115848.

Qin,S.,J.Li,X. Tian,S.L1i, Q. Zhan g. Impact of Ray Generation Schemes on the Random
Ray Method for Eigenvalue and Shielding Applications. — Nuclear Engineering and Design,
Vol. 448, 2026, 114701. DOI: 10.1016/j.nucengdes.2025.114701.

Chatterjee, S., H Kaku, A. Das. Controlled Random Initialization of Search Vectors for
the Application of the Gravitational Search Algorithm to Selective Harmonic Elimination
PWM. - Journal of Engineering Research, Vol. 13, 2025, No 2, pp. 1366-1378.
DOI: 10.1016/j.jer.2024.03.006.

Ramos-Frutos, J.,, D. Oliva, I. Miguel-Andrés, A. Casas-Ordaz, O. Ramos-
Soto, I. Aranguren, S. Zapotecas-Martinez Multi-Population Estimation of
Distribution Algorithm for Multilevel Thresholding in Image Segmentation. —
Neurocomputing, Vol. 641, 2025, 130325. DOI: 10.1016/j.neucom.2025.130325.

Obaid, A.Q., M. Alabbas. Hybrid Variable-Length Spider Monkey Optimization with Good-
Point Set Initialization for Data Clustering. — Informatica, Vol. 47, 2023, No 8.
DOI: 10.31449/inf.v47i8.4872.

Wang, Z, X. Kong,J. Guo, B. Zhao, L. Xie, N. Wu. An Improved Adaptive Gradient-
Based Optimization Algorithm for Estimating the Parameters of the Three-Parameter
Weibull Distribution: An Application of Aero-Engine Reliability Assessment. — Reliability
Engineering & System Safety, Vol. 265, 2026, 111610. DOI: 10.1016/j.ress.2025.111610.

Yuan,Q,Z. Du,H. Zhu,M. Han, H. Zhu, Y. L i. An Improved Hunter-Prey Optimizer with
Its Applications. — Advances in Engineering Software, Vol. 201, 2025, 103857.
DOI: 10.1016/j.advengsoft.2024.103857.

Silvestri, L. G, Z. A. Johnson, M. S. Murillo. Adaptive Equilibration of Molecular
Dynamics Simulations. — Computer Physics Communications, Vol. 320, 2026, 109989.
DOI: 10.1016/j.cpc.2025.109989.

Cheng, L., K. Tian, X. Yuan, Z. Li, F. Tong, C. Ma, B. Li. Non-Parametric Modal
Identification and Monitoring of Concrete Dams Under Ambient Excitations. — Applied
Mathematical Modelling, Vol. 148, 2025, 116271. DOI: 10.1016/j.apm.2025.116271.

Abdel-Salam, M., A. Chhabra, M. Braik, F. S. Gharehchopogh, N.Bacanin.
A Halton Enhanced Solution-Based Human Evolutionary Algorithm for Complex
Optimization and Advanced Feature Selection Problems. — Knowledge-Based Systems,
Vol. 311, 2025, 113062. DOI: 10.1016/j.knosys.2025.113062.

Hu, B, X. Zheng, W. Lai. EPKO: Enhanced Pied Kingfisher Optimizer for Numerical
Optimization and Engineering Problems. — Expert Systems with Applications, Vol. 278,
2025, 127416. DOI: 10.1016/j.eswa.2025.127416.

Hu, G, Y. Guo, J. Zhong, G. Wei IYDSE: Ameliorated Young’s Double-Slit Experiment
Optimizer for Applied Mechanics and Engineering. — Computer Methods in Applied
Mechanics and Engineering, Vol. 412, 2023, 116062. DOI: 10.1016/j.cma.2023.116062.

Cheng,W.,Q.Zhou,S.Wu,J. Xing,X.Chen,S.Du,Z. Xu,R. Zhan g. EI-ISOA-VMD:
Adaptive Denoising and Detrending Method for Nuclear Circulating Water Pump Impeller. —
Measurement, Vol. 242, 2025, 115890. DOI: 10.1016/j.measurement.2024.115890.

Song, M., H. Jia, L. Abualigah, Q. Liu, Z. Lin, D. Wu, M. Altalhi. Modified Harris
Hawks Optimization Algorithm with Exploration Factor and Random Walk Strategy. —
Computational Intelligence and Neuroscience, Vol. 2022, 2022, pp. 1-23.
DOI: 10.1155/2022/4673665.

Turkoglu, B, S. A. Uymaz E. Kaya. Chaos Theory in Metaheuristics. — In:
Comprehensive Metaheuristics. Elsevier, 2023, pp. 1-20.

DOI: 10.1016/B978-0-323-91781-0.00001-6.

110



39

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

.Tuerxun, W,, C. Xu, H. Guo, L. Guo, N. Zeng, Z. Chen g. An Ultra-Short-Term Wind

Speed Prediction Model Using LSTM Based on Modified Tuna Swarm Optimization and
Successive Variational Mode Decomposition. — Energy Science & Engineering, Vol. 10,
2022, No 8, pp. 3001-3022. DOI: 10.1002/ese3.1183.

Razavi, N, S. Gholizadeh, O. Hasang¢ebi. Optimal Seismic Design of Reinforced
Concrete Moment-Resisting Frames Using an Improved Metaheuristic and Neural Networks.
— Structures, Vol. 73,2025, 108464. DOI: 10.1016/j.istruc.2025.108464.

Dai,M.,,H.Yang,F.Yang,Z. Zhang, Y. Yu,G. Liu, X. F eng. Multi-Strategy Ensemble
Non-Dominated Sorting Genetic Algorithm-II (MENSGA-II) and Application in Energy-
Enviro-Economic ~ Multi-Objective ~ Optimization —of Separation for Isopropyl
Alcohol/Diisopropyl Ether/Water Mixture. — Energy, Vol. 254, 2022, 124376.
DOI: 10.1016/j.energy.2022.124376.

Wang,J,Y.Gao,L. Qin, Y. Li. Logistic-Gauss Circle Optimizer: Theory and Applications. —
Applied Mathematical Modelling, Vol. 143, 2025, 116052.
DOI: 10.1016/j.apm.2025.116052.

Li, M, G. Xu, Q. Lai, J. Chen. A Chaotic Strategy-Based Quadratic Opposition-Based
Learning Adaptive Variable-Speed Whale Optimization Algorithm. — Mathematics and
Computers in Simulation, Vol. 193, 2022, pp. 71-99. DOI: 10.1016/j.matcom.2021.10.003.

Saidi, S., S. Marrouchi, B. N. Alhasnawi, P. K. Pathak, O. Alshammari,
A.Albaker, R. Abbassi. Precise Parameter Identification of a PEMFC Model Using a
Robust Enhanced Salp Swarm Algorithm. — International Journal of Hydrogen Energy,
Vol. 71, 2024, pp. 937-951. DOI: 10.1016/j.ijhydene.2024.05.206.

Zhong,C,G.Li, Z. Meng, W. He. Opposition-Based Learning Equilibrium Optimizer with
Levy Flight and Evolutionary Population Dynamics for High-Dimensional Global
Optimization Problems. — Expert Systems with Applications, Vol. 215, 2023, 119303.
DOI: 10.1016/j.eswa.2022.119303.

He,Z.,X.Zhou,C.Lin,J. Zhao,H. Yu,R. Fang,J. Liu, X. Shen, N. Pan. Scheduling
Optimization of Electric Energy Meter Distribution Vehicles for Intelligent Batch Rotation. —
Heliyon, Vol. 10, 2024, No 4, €26516. DOI: 10.1016/j.heliyon.2024.e26516.

Dai, M,, X. Feng, H. Yu, W. Guo. An Opposition-Based Differential Evolution Clustering
Algorithm for Emotional Preference and Migratory Behavior Optimization. — Knowledge-
Based Systems, Vol. 259, 2023, 110073. DOI: 10.1016/j.knosys.2022.110073.

Adegboye, O.R,A. K. Feda,0O.R.Ojekemi,E.B.Agyekum,B.Khan,S.Kamel.
DGS-SCSO: Enhancing Sand Cat Swarm Optimization with Dynamic Pinhole Imaging and
Golden Sine Algorithm for Improved Numerical Optimization Performance. — Scientific
Reports, Vol. 14, 2024, No 1, 1491. DOI: 10.1038/341598-023-50910-x.

Hu, Y, L. Zhang, Q. Wang, Z. Zhang, Q. Tang. A Matheuristic-Based Multi-Objective
Evolutionary Algorithm for the Flexible Assembly Job Shop Scheduling Problem in Cellular
Manufacture. — Swarm and Evolutionary Computation, Vol. 87, 2024, 101549.
DOI: 10.1016/j.swevo0.2024.101549.

Xu, Z., L. Xu, H. Shao, T. Lehmann, A. Matta. Operation Time and Rack Stability
Optimisation in Tier-to-Tier Shuttle-Based Storage and Retrieval Systems with Multiple
Retrieval Locations. — Computers in Industry, Vol. 173, 2025, 104385.
DOI: 10.1016/j.compind.2025.104385.

Zhang,Q., W.Shao,Z. Shao, D. Pi. Graph-Based Reinforced Multi-Objective Optimization
for Distributed Heterogeneous Flexible Job Shop Scheduling Problem under Nonidentical
Time-of-Use Electricity Tariffs. — Expert Systems with Applications, Vol. 290, 2025,
128428. DOI: 10.1016/j.eswa.2025.128428.

Zhou, X, R. Li, Z. Wu. Scheduling Optimization for Laminated Door Machining Shop Based
on Improved Genetic Algorithm. — Computers & Operations Research, Vol. 180, 2025,
107078. DOI: 10.1016/j.cor.2025.107078.

Zhang, H, X. Yue, X. Gao. Reinforcement Learning Guided Auto-Select Optimization
Algorithm for Feature Selection. — Expert Systems with Applications, Vol. 268, 2025,
126320. DOI: 10.1016/j.eswa.2024.126320.

111



54

55.

56

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

.Wang, W.Y,Z H. Xu, Y.H Fan,D. D. Pan, P. Lin, X. T. W an g. Disturbance-Inspired

Equilibrium Optimizer with Application to Constrained Engineering Design Problems. —
Applied Mathematical Modelling, Vol. 116, 2023, Pp- 254-276.
DOI: 10.1016/j.apm.2022.11.016.

Chen, K, T. Situ, Y. Fang. An Improved Multi-Objective Restart Variable Neighborhood
Search Algorithm for the Aircraft Sequencing Problem with Complex Interdependent
Runways. — Journal of Air Transport Management, Vol. 127, 2025, 102807.
DOI: 10.1016/j.jairtraman.2025.102807.

.Raheem, S. F, M. Alabbas. Dynamic Artificial Bee Colony Algorithm with Hybrid

Initialization Method. — Informatica, Vol. 45, 2021, No 6. DOI: 10.31449/inf.v45i6.3652.

Wang, Y.,J-q.Li,Z. Yang, H. Zhang,J-k. Li,P. Duan, Y. Du, C. Ning. An Adaptive
Collaborative Optimization Algorithm for a Hybrid Flow Shop with Group Setup Times and
Consistent Sublots. — Applied Mathematical Modelling, Vol. 150, 2026, 116354.
DOI: 10.1016/j.apm.2025.116354.

Yang, Q, W. Zhang, K. Zhang, F. Liang, L. Chang, X. He, C. Zhou. Enhanced
Damage-Coupled Viscoplastic Constitutive Modeling with Advanced Meta-Heuristic
Algorithm-Based Automated Parameter Inversion. — European Journal of Mechanics —
A/Solids, Vol. 114, 2025, 105756. DOTI: 10.1016/j.euromechsol.2025.105756.

Guo,X.,J.Hu,H. Yu,M. Wang, B. Yang. A New Population Initialization of Metaheuristic
Algorithms Based on a Hybrid Fuzzy Rough Set for High-Dimensional Gene Data Feature
Selection. — Computers in Biology and Medicine, Vol. 166, 2023, 107538.
DOI: 10.1016/j.compbiomed.2023.107538.

Erdem, M, A. Ozdemir. A Fuzzy Modeling Framework for Sustainable Municipal Solid
Waste Collection by the Mixed Fleet. — Ain Shams Engineering Journal, Vol. 16, 2025,
No 10, 103628. DOI: 10.1016/j.asej.2025.103628.

Yang,Z,X.Hu,Y.Li,M.Liang, K. Wang,L. Wang,H. Tang, S. Guo. A Q-Learning-
Based Improved Multi-Objective Genetic Algorithm for Solving Distributed Heterogeneous
Assembly Flexible Job Shop Scheduling Problems with Transfers. — Journal of
Manufacturing Systems, Vol. 79, 2025, pp. 398-418. DOI: 10.1016/j.jmsy.2025.02.002.

Ou,J,G. Song, Y. Wan g. Graphics Processing Unit-Enabled Path Planning Based on Global
Evolutionary Dynamic Programming and Local Genetic Algorithm Optimization. — Applied
Soft Computing, Vol. 176, 2025, 113167. DOI: 10.1016/j.as0¢.2025.113167.

Alabbas, M, E. H. Abdulsaed, R. S. Khudeyer. Optimizing Convolutional Neural
Networks’ Hyperparameters Based on Dynamic Salp Swarm Algorithm. — In: New Trends in
Information and Communications Technology Applications, 2025, pp. 273-287.
DOI: 10.1007/978-3-031-87076-7_17.

Wang, Z, M. He, J. Wu, H. Chen, Y. Cao. An Improved MOEA/D for the Low-Carbon
Many-Objective Flexible Job Shop Scheduling Problem. — Computers & Industrial
Engineering, Vol. 188, 2024, 109926. DOI: 10.1016/j.cie.2024.109926.

Liu, L., Y. Ding. Optimization of an Automated Guided Vehicle Scheduling Model Based on a
Hybrid Genetic Algorithm and Digital Twin. — Systems and Soft Computing, Vol. 7, 2025,
200379. DOI: 10.1016/j.sas¢.2025.200379.

Al-Darras, D, N. A. Hamad, B. AI-Shboul. Advancing Clustering Performance:
A Comparative Analysis of Metaheuristics and Enhanced Initialization Strategies. —
SN Computer Science, Vol. 6, 2025, No 7, 810. DOI: 10.1007/s42979-025-04333-2.

Zandvakili,A,N.Mansouri, M. M.Javidi. A New Feature Selection Algorithm Based
on Fuzzy-Pathfinder Optimization. — Neural Computing and Applications, Vol. 36, 2024,
No 28, pp. 17585-17614. DOI: 10.1007/s00521-024-10043-2.

Li,Z.,G.Zhang,N.Yu,S. Guo, W. Zhan g. A Knowledge-Guided Evolutionary Algorithm
Incorporating Reinforcement Learning for Energy-Efficient Dynamic Flexible Job Shop
Scheduling Problem with Machine Breakdowns. — Swarm and Evolutionary Computation,
Vol. 97, 2025, 102050. DOI: 10.1016/j.swevo0.2025.102050.

Begum, M. B, Y. A, N. R. Nagarajan, P. Rajalakshmi. Dynamic Network Security
Leveraging Efficient CoviNet with Granger Causality-Inspired Graph Neural Networks for
Data Compression In Cloud IoT Devices. — Knowledge-Based Systems, Vol. 309, 2025,
112859. DOI: 10.1016/j.knosys.2024.112859.

112



70.

71.

72.

73

74

75.

76.

77.

78.

79.

80.

81.

82.

83.

Conteh, I. M., Q. Du. Enhanced Slime Mould Algorithm with Chaotic and Orthogonal
Optimization-Based Learning for Improved Severity Prediction Accuracy in Malaria Patient
Outcomes. — Computers in Biology and Medicine, Vol. 192, 2025, 110302.
DOI: 10.1016/j.compbiomed.2025.110302.

Bari1s,C,C.Yanarates, A. Altan. A Robust Chaos-Inspired Artificial Intelligence Model
for Dealing with Nonlinear Dynamics in Wind Speed Forecasting. — Peer] Computer
Science, Vol. 10, 2024, ¢2393. DOI: 10.7717/peerj-cs.2393.

Wei, B,J. Huang, L. Deng, S. Yang,J. Zheng, Y. Huang. Reinforcement Learning-
Based Particle Swarm Optimization with Adaptive Scoring Mechanism for High-
Dimensional Feature Selection. — Swarm and Evolutionary Computation, Vol. 98, 2025,
102104. DOI: 10.1016/j.swevo0.2025.102104.

.Hosseinzadeh, M. J. Tanveer, A. M. Rahmani, F. Soleimanian

Gharehchopogh, R. Abbaszadi, S. W. Lee, J. Lansky. Sand Cat Swarm
Optimization: A Comprehensive Review of Algorithmic Advances, Structural
Enhancements, and Engineering Applications. — Computer Science Review, Vol. 58, 2025,
100805. DOLI: 10.1016/j.cosrev.2025.100805.

.Tan,W., Q. Wu, L. Jiang, T. Tong, Y. Su. Dung Beetle Optimization Algorithm Based on

Bounded Reflection Optimization and Multi-Strategy Fusion for Multi-UAV Trajectory
Planning. — Computers, Materials & Continua, Vol. 85, 2025, No 2, pp. 3621-3652.
DOI: 10.32604/cmc. 2025.068781.

Mehrabi Hashjin, N, M. H. Amiri, A. Beheshti, M. Khanian Najafabadi.
Q2HO-MFTV: A Binary Hippopotamus Optimization Algorithm for Feature Selection with a
Brief Review of Binary Optimization. — Knowledge-Based Systems, Vol. 327, 2025, 114119.
DOI: 10.1016/j.knosys.2025.114119.

Cuevas, E., O. A. Gonzalez-Sanchez H. Escobar, E. Ayala, D. Zaldivar,
M. Pérez-Cisneros, A. N. Rodriguez-Vazquez Overcoming Center-Bias
Behavior: A Metaheuristic Algorithm with Dual Operators for Optimized Search and
Refinement. — Systems and Soft Computing, Vol. 8, 2026, 200436.
DOI: 10.1016/j.sas¢.2025.200436.

Agushaka, J. O, A. E. Ezugwu, L. Abualigah. Dwarf Mongoose Optimization
Algorithm. — Computer Methods in Applied Mechanics and Engineering, Vol. 391, 2022,
114570. DOI: 10.1016/j.cma.2022.114570.

Guo, X, Y. Yao, X. Tian. Optimization of Dissolved Oxygen in Riverine Systems
Using a Multi-Objective Chimp Optimization Algorithm: A Measurement-Driven
Machine Learning Approach. — Measurement, Vol. 261, 2026, 119915.
DOI: 10.1016/j.measurement.2025.119915.

Han, M., J. Deng, L. Fan. Hierarchical Opposition-Driven Hippopotamus Optimization for
Engineering and Fog Computing Applications. — Results in Engineering, Vol. 29, 2026,
108755. DOI: 10.1016/j.rineng.2025.108755.

Shao,S.,G. Xu,J.Li,Z. Liu, Z. Jin. A Job Assignment Scheduling Algorithm with Variable
Sublots for the Lot-Streaming Flexible Job Shop Problem Based on NSGAIIL. — Computers &
Operations Research, Vol. 173, 2025, 106866. DOI: 10.1016/j.cor.2024.106866.

Guo,Q., Y. Qiu, Y. Shi, Q. Zheng, H. Guo. An Enhanced Dual-Population NSGA-II for
Solving the Multi-Objective Emergency Supplies Dispatch Problem Based on Truck-Drone-
Dispatch Vehicle Collaboration. — Computers & Operations Research, Vol. 187, 2026,
107324. DOI: 10.1016/j.co0r.2025.107324.

Shi, M,, X. Jiang, Y. Hu, L. Ling, X. Wang. An Improved Meta-Heuristic Algorithm
for Developing High-Quality ReaxFF Force Fields of Fe/Ni Transition Metals and
Alloys. —  Computational Materials  Science, Vol. 221, 2023, 112083.
DOI: 10.1016/j.commatsci.2023.112083.

Tharwat, A, W. Schenck. Population Initialization Techniques for Evolutionary Algorithms
for Single-Objective Constrained Optimization Problems: Deterministic vs. Stochastic
Techniques. — Swarm and Evolutionary Computation, Vol. 67, 2021, 100952.
DOI: 10.1016/j.swevo.2021.100952.

113



84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

Siddharthan, S. T., A. Shunmugalatha. A Robust Approach for Mitigating
Load Voltage Imbalances Using the Glowworm Swarm Optimizer for Power
Quality Enrichment. — Electric Power Systems Research, Vol. 229, 2024, 110101.
DOI: 10.1016/j.epsr.2023.110101.

CastanLascorz, M. A, A.Alcaide-Moreno,J. Arroyo. Optimizing Rotary Cement
Kiln Modelling: A Comparative Analysis of Metaheuristics in a Real-World Application. —
Results in Engineering, Vol. 25, 2025, 103945. DOI: 10.1016/j.rineng.2025.103945.

Wang, G, H. Moayedi, Q. T. Thi, M. Mirzaei. Evaluation of Heating Load Energy
Performance in Residential Buildings through Five Nature-Inspired Optimization
Algorithms. — Energy, Vol. 302, 2024, 131804. DOI: 10.1016/j.energy.2024.131804.

Cuevas, E, M. Vasquez, K. Avila, A. Rodriguez, D. Zaldivar. Balancing
Individual and Collective Strategies: A New Approach in Metaheuristic Optimization. —
Mathematics and Computers in Simulation, Vol. 227, 2025, pp. 322-346.
DOI: 10.1016/j.matcom.2024.08.004.

Elgamily, K. M., M. A.Mohamed, A. M. Abou-Taleb, M. M. Ata. Enhanced Object
Detection in Remote Sensing Images by Applying Metaheuristic and Hybrid Metaheuristic
Optimizers to YOLOv7 and YOLOvVS. — Scientific Reports, Vol. 15, 2025, No 1, 7226.
DOI: 10.1038/s41598-025-89124-8.

Haro,E.H.,D.Oliva, L. A.Beltran, A. Casas-Ord az. Enhanced Differential Evolution
through Chaotic and Euclidean Models for Solving Flexible Process Planning. — Knowledge-
Based Systems, Vol. 314, 2025, 113189. DOI: 10.1016/j.knosys.2025.113189.

Bangyal, W. H, K. Nisar, Ag. A. Bin Ag Ibrahim, M. R. Haque,
J.J. P. C. Rodrigues, D. B. Rawat. Comparative Analysis of Low Discrepancy
Sequence-Based Initialization Approaches Using Population-Based Algorithms for Solving
the Global Optimization Problems. — Applied Sciences, Vol. 11, 2021, No 16, 7591.
DOI: 10.3390/app11167591.

Zhang, X.,Q.Yin, F. Liu,H. L1 Y. Qi Comparative Study of Rainfall Prediction Based on
Different Decomposition Methods of VMD. — Scientific Reports, Vol. 13, 2023, No 1,
20127. DOIL: 10.1038/s41598-023-47416-x.

Saidi, S., E. Horchani, W. Khriji. Highly Accurate Extraction of PEM Fuel Cell
Parameters Using an Innovative Hybrid Salp Swarm Algorithm with a Chaotic System and
Adaptive Differential Evolution. — Energy Conversion and Management, Vol. 348, 2026,
120472. DOI: 10.1016/j.enconman.2025.120472.

Suo, L., T. Peng, S. Song, C. Zhang, Y. Wang, Y. Fu, M. S. Nazir. Wind Speed
Prediction by a Swarm Intelligence-Based Deep Learning Model via Signal Decomposition
and Parameter Optimization Using an Improved Chimp Optimization Algorithm. — Energy,
Vol. 276, 2023, 127526. DOI: 10.1016/j.energy.2023.127526.

He, C., H. Huan g. Fractional-Order Mutation-Based Self-Adaptive Spherical Search Algorithm
for Global Optimization. — Applied Soft Computing, Vol. 189, 2026, 114462.
DOI: 10.1016/j.as0c.2025.114462.

Hanne, T., M.J. Moghaddam. A Review of the Evolution of Multi-Objective Evolutionary
Algorithms. — Computers, Materials & Continua, Vol. 85, 2025, No 3, pp. 4203-4236.
DOI: 10.32604/cmc. 2025.068087.

Fast-track. Received: 09.03.2026, Revised version: 20.03.2026, Accepted: 24.03.2026

114



