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Abstract

This paper presents the enzyme action optimization (EAO) algorithm, a novel bio-
inspired optimization algorithm designed to simulate the adaptive enzyme mecha-
nism in biological systems. EAO employs a novel strategy that dynamically bal-
ances between exploration and exploitation to efficiently navigate and optimize
complex, multi-dimensional search spaces. EAO has been tested over diverse
benchmark datasets, including the 23 classical benchmark functions, IEEE
CEC2017, CEC2022 benchmark functions, where it has been compared with 14
recent and highly cited optimizers. The results show the superior performance of
EAO over the compared optimizers in terms of finding the optimal solution, con-
vergence speed, robustness, and overall performance. Furthermore, EAO was
applied to solve five engineering design problems and demonstrated excellent
performance results. The source code of EAO is publicly available for both
MATLAB at: https://www.mathworks.com/matlabcentral/fileexchange/170296-
enzyme-action-optimizer-a-novel-bio-inspired-optimization and PYTHON at:
https://github.com/AliRodan/Enzyme-Action-Optimizer.

Keywords Metaheuristic - Optimization - Heuristic - Enzyme action
optimizer - EAO - Engineering design problems - Particle swarm optimization -
Swarm intelligence optimization - Artificial intelligence - Global optimization

1 Introduction

Metaheuristics is a class of algorithms designed to solve complex optimization
problems that are challenging to traditional methods. These techniques are
important for addressing problems characterized by large, complex, and highly
nonlinear search spaces, where traditional optimization approaches are often
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ineffective due to computational complexity [1]. Metaheuristics represent high-level
procedures that guide heuristic searches to effectively explore and exploit the
solution landscape. Moreover, they aim to find optimal solutions within a reasonable
timeframe. Many metaheuristic algorithms are inspired by natural processes and
phenomena, providing robust mechanisms for exploring large and complex solution
spaces [2].

The landscape of metaheuristic techniques is diverse, containing a broad
spectrum of algorithms inspired by natural phenomena, psychological processes,
and even human-made systems [3]. The most widely used among these are
evolutionary algorithms (EAs) [4], including differential evolution (DE) [5], swarm
intelligence (SI) [6], which includes algorithms like particle swarm optimization
(PSO) [7] and ant colony optimization (ACO) [8], and physics-based methods like
the gravitational search algorithm (GSA) [9]. Each of these algorithms operates on
the principle of iterative improvement, where a set of candidate solutions goes
through various processes such as selection, crossover, mutation, movement, and
updating of positions, to converge toward an optimal solution. [10].

Metaheuristic techniques are applied across numerous domains, including
engineering design optimization, financial modeling, logistics and supply chain
management, bioinformatics, machine learning, and network design [3, 11]. Their
adaptability and robustness in handling multimodal, nonlinear, and high-dimen-
sional problems make them a highly effective approach for both research and
practical applications [12].

However, metaheuristics come with several limitations and challenges, including
the risk of premature convergence, the trade-off between exploration and
exploitation, and the need for parameter tuning. Additionally, the ‘No-Free-Lunch’
theorem [13] states that no single optimization algorithm is universally optimal for
all problems. Therefore, selecting a suitable metaheuristic algorithm should be
guided by the specific nature, characteristics, and requirements of the problem. This
highlights the need to develop new optimization algorithms capable of effectively
addressing the diverse range of optimization challenges addressed in engineering
and other domains [14].

The objective of this paper is to introduce a novel bio-inspired optimization
algorithm, enzyme action optimization (EAQ), inspired by the adaptive mechanisms
of enzymatic actions in biological systems. EAO is designed to tackle complex,
multi-dimensional optimization challenges, including those in engineering and real-
world applications. Drawing from the adaptive and catalytic mechanisms of
biological enzymes, which are widely recognized for their efficiency in guiding
substrates toward optimal states even under varying environmental conditions
[15, 16], EAO mimics these principles by rapidly exploring complex search spaces
and dynamically adjusting its exploration and exploitation strategies based on
observed performance. This biologically inspired design enables EAO to handle
diverse problem types and adapt efficiently to various optimization landscapes,
reflecting the adaptability and resilience inherent in metabolic processes [16].

Beyond its biological foundation, EAO is designed to address significant
challenges in complex optimization scenarios. Two primary computational prob-
lems motivate its development. First, high-dimensional optimization often leads to
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the so-called curse of dimensionality, where the extensive search space prevents
classical optimizers from achieving efficient and reliable convergence. Second, real-
world objective functions frequently exhibit multimodality, discontinuities, or noisy
gradients, further complicating the search process [3]. EAO tackles these challenges
by maintaining a population of substrate candidates that collectively explore
multiple regions of the decision space. It incorporates stochastic elements to escape
local minima, enabling a cooperative mechanism that balances focused exploration
of promising solutions with broader exploration of complex regions in the search
space.

By effectively addressing these challenges, EAO highlights its adaptability and
robust problem-solving capabilities. Its design enables it to tackle a diverse range of
optimization problems, positioning it as a promising tool for engineering and other
real-world applications.

The main contributions of this paper are summarized as follows:

e Enzyme action optimizer (EAO): A novel bio-inspired optimization algorithm
designed for solving complex and engineering design problems.

e Biological inspiration: EAO simulates the adaptive mechanisms of enzymatic
actions in biological systems.

e Comprehensive benchmarking: EAO was evaluated on diverse benchmark
datasets, including the 23 classical benchmark functions, IEEE CEC2017 and
CEC2022 benchmark functions, and five engineering design problems.

e Performance superiority: EAO outperforms 14 state-of-the-art, recent, and
highly cited optimization algorithms.

The rest of this paper is organized as follows: Section 2 reviews related work,
discussing existing optimization algorithms and categorizing them based on their
inspiration. Section 3 introduces the enzyme action optimization (EAO) algorithm,
detailing its biological foundation, mathematical model, and exploration-exploita-
tion strategies. Section 4 describes the experimental setup, including benchmark
descriptions, compared optimizers, evaluation metrics, and parameter settings.
Section 5 presents a comparative analysis of EAO against state-of-the-art optimizers
across various datasets. Section 6 examines EAQO’s sensitivity, search history,
trajectory, and average fitness, along with convergence analysis and an evaluation of
its exploration and exploitation capabilities. Section 7 explores EAO’s application
to engineering design problems. Finally, Section 8 concludes the paper by
summarizing key findings and suggesting future research directions.

2 Related work

Optimization algorithms play a crucial role in computational research, providing
powerful tools to solve complex problems across diverse domains. Many of these
algorithms are inspired by natural and social phenomena, translating biological,
physical, chemical, and behavioral principles into effective computational strategies
[3, 10, 17]. Their diversity derives from a wide range of inspirations, including
animal behaviors, plant interactions, and physical processes [3]. This broad
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Table 1 Summary of state-of-the-art optimization algorithms

Category Algorithm Year Authors Brief description Ref.
Swarm Particle swarm 1995 Kennedy, Models swarm behavior of [18]
intelligence optimization (PSO) Eberhart birds/fish; particles adjust
velocity and position based on
personal and global best
solutions
Ant colony 2006 Dorigo, Simulates foraging behavior of  [19]
optimization (ACO) Stiitzle ants; pheromone trails guide
selection of promising paths
in a graph
Artificial bee colony 2005 Karaboga, Mimics bee foraging patterns; [20]
(ABC) Basturk emphasis on shared
knowledge of nectar-rich
sources
Whale optimization 2016 Mirjalili, Simulates humpback whales’ [52]
algorithm (WOA) Lewis bubble-net feeding; spiral
updating surrounds prey (best
solutions)
Bacteria phototaxis 2023 Pan, Tang, Inspired by bacterial phototaxis; [53]
optimizer (BPO) Zhan, Li uses photosensory proteins,
phototaxis motion, and
growth operators to balance
exploration and exploitation
Mammalian Gray wolf optimizer ~ 2014 Mirjalili Mimics gray wolf structure [13]
behavior (GWO) et al. (alpha, beta, delta, omega) to
direct exploration and
exploitation
Harris hawks 2019 Heidari, Uses covert attack strategies of  [25]
optimizer (HHO) Mirjalili hawks; dynamic jump
strategies enhance diversity
Cheetah optimizer 2022 Akbari, Deb Inspired by cheetah chase [23]
(CO) speed; rapid broad search
transitions to more precise
exploitation near optima
Meerkat optimization 2023  Xian et al. Mimics meerkats’ alertness; [24]
algorithm (MOA) group coordination refines
solution searching
Physical Simulated annealing 1983 Kirkpatrick  Based on thermal annealing; [26]
phenomena (SA) et al. cooling schedule enables
occasional acceptance of
worse solutions
Gravitational search 2009 Rashedi Considers candidate solutions [27]
algorithm (GSA) et al. as masses; gravitational Force
draws solutions toward fitter
agents
Multi-verse optimizer 2016 Mirjalili Inspired by multi-verse theory;  [28]
MVO) et al. objects migrate among
universes with varied inflation
rates
Black hole algorithm 2013 Hatamlou Analogous to a black hole [29]
(BH) attracting stars; solutions
converge by “falling” into
gravity wells
Elastic deformation 2022 Pan, Tang, Based on Hooke’s law of [54]
optimization Lao elasticity and Newton’s

algorithm (EDOA)

second law; adapts elastic
forces to balance exploration
and exploitation
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Table 1 continued

Category Algorithm Year Authors Brief description Ref.
Chemical Atom search 2019 Zhao et al.  Simulates interatomic forces; [30]
biochemical optimization (ASO) solutions find equilibrium
under attractive-repulsive
dynamics
Chemical reaction 2009 Lam, Li mimic molecular reactions; [31]
optimization (CRO) combination and
decomposition events seek
stable, lower-energy solutions
Nuclear reaction 2019 Wei et al. Based on nuclear fission/fusion; [32]
optimization (NRO) maintains population diversity
and enhances search
Evolutionary Differential evolution 1997 Storn, price  Creates new candidates by [5]
algorithms (DE) adding scaled differences
among existing solutions
Genetic algorithm 1975 Holland Employs survival-of-the-fittest ~ [33]
(GA) principles, along with
crossover and mutation
operators, to evolve a
population toward optimal
solutions
Genetic programming 1998 Banzhaf Evolves computer programs [34]
(GP) et al. represented as trees; genetic
operators adapt code
structures
Mathematical Arithmetic 2021 Abualigah Employs arithmetic operations;  [35]
models optimization et al. transitions from broad
algorithm (AOA) exploration to focused
exploitation
Chaos game 2021 Talatahari Uses chaos and fractals; random  [36]
optimization (CGO) et al. iteration strategies support
varied search paths
Sine cosine algorithm 2016 Mirjalili Updates solutions via [37]
(SCA) sine/cosine functions;
balances global and local
search
Expectation-based 2024 Pan, Wang influence maximization in [55]
influence evaluation et al. weighted hypergraphs;
in weighted incorporates the adaptive
hypergraphs (EIOA) dissemination model to
evaluate influence spread
Environmental ~ Snow ablation 2023 Deng et al.  Simulates snow melting; [38]
ecological optimizer (SAO) iterative ablation process
reveals promising regions
Water cycle algorithm 2012 Eskandar Models water flow; streams [39]
(WCA) et al. merge into rivers and lakes at
optimal reservoirs
Human Chef-based 2022 Trojovska Refines solutions like iterative [40]
behavior / optimization et al. recipe testing; adjustments
Social algorithm (CBOA) guided by continuous
dynamics feedback
Cultural algorithms 1994  Reynolds Integrates individual adaptation  [41]

(CA)

with a shared belief space for
collective learning
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Table 1 continued

Category Algorithm Year Authors Brief description Ref.
Game-based Darts game optimizer 2020 Dehghani Inspired by dart throwing; [42]
algorithms (DGO) et al. solutions adapt by aiming
closer at target optima
iteratively
Puzzle optimization 2022  Ahmadi Analogous to solving a puzzle; [43]
algorithm (POA) et al. piecewise adjustments

assemble coherent optimal
structures

Economic Supply—demand- 2019 Zhao et al.  Mimic market equilibrium; [45]
theory based optimization supply—demand interactions
(SDO) converge on best solutions
Search and rescue 2020 Shabani Models rescue missions; [46]
optimization (SAR) et al. systematic hunts locate high-

fitness solutions (survivors)

foundation contributes to the development of algorithms that are not only effective
but also robust and adaptable to the complex and multi-dimensional challenges
presented in optimization tasks. Each algorithm is designed to mimic specific
aspects of nature, offering unique strategies for discovering efficient solutions in
multi-dimensional and dynamic optimization landscapes [10]. By modeling natural
phenomena, these algorithms optimize functions through exploration, exploitation,
and evolution, reflecting the mechanisms observed in natural systems [3].
Accordingly, Table 1 provides a detailed classification of state-of-the-art optimiza-
tion algorithms, categorizing them based on their primary inspiration and core
methodologies.

Swarm-inspired algorithms utilize the collective intelligence and decentralized
decision-making observed in social animals. For example, particle swarm
optimization (PSO) [18] is inspired by the foraging behavior of bird flocks and
fish schools. It maintains a population of particles (candidate solutions) that
navigate the search space by updating their velocities and positions, guided by both
individual and collective best-performing solutions. Over iterations, the swarm
converges toward high-quality regions of the search space. Similarly, ant colony
optimization (ACO) [19] employs pheromone deposition and evaporation to
reinforce promising paths, balancing the exploitation of known routes with the
exploration of new possibilities. Several other swarm-based approaches, including
artificial bee colony (ABC) [20], ant lion optimizer (ALO) [21], and jellyfish search
(JS) [22], demonstrate the diversity of swarming behaviors that can be utilized for
optimization tasks.

Some metaheuristics are inspired by mammalian behavior, incorporating
foraging strategies, social structures, or alertness mechanisms. The gray wolf
optimizer (GWO) [13] mimics the hierarchical structure of wolf packs, while the
cheetah optimizer (CO) [23] replicates the rapid chases and sudden directional
changes of cheetahs. Similarly, the meerkat optimization algorithm (MOA) [24] is
based on meerkats’ coordinated alertness, and the Harris hawks optimizer (HHO)
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[25] models hawks’ sudden attack strategies. These nature-inspired behaviors
enhance search diversity while guiding solutions toward high-quality regions.

Another broad category of optimization algorithms is inspired by physical and
chemical phenomena. Simulated annealing (SA) [26], for example, is based on
metallurgical annealing, incorporating a temperature parameter that gradually
decreases to allow temporary acceptance of worse solutions, helping escape local
optima. Similarly, the gravitational search algorithm (GSA) [27] models candidate
solutions as masses subject to gravitational attraction, where fitter (heavier)
solutions apply stronger pull, guiding the population toward optimal solutions. The
multi-verse optimizer (MVO) [28] simulates inflation rates across parallel universes,
while the black hole algorithm (BH) [29] represents solutions converging into a
dominant gravitational well.

In the chemical and biochemical domain, atom search optimization (ASO) [30],
chemical reaction optimization (CRO) [31], and nuclear reaction optimization
(NRO) [32] utilize molecular interactions, reaction dynamics, and fission or fusion
processes to navigate the search space toward energetically favorable
configurations.

Evolutionary algorithms (EAs) derive their mechanisms from biological evolu-
tion. Genetic algorithms (GA) [33] use selection, crossover, and mutation operators
to iteratively refine a population of solutions. By favoring fitter solutions while
introducing controlled randomness, GAs maintain diversity and reduce the risk of
premature convergence. Over successive generations, the population gradually
moves toward global or near-global optima. Differential evolution (DE) [5]
optimizes solutions by applying scaled differences between existing candidates,
while genetic programming (GP) [34] extends these principles to evolve entire
programs, demonstrating the adaptability and versatility of evolution-based
optimizers.

Mathematical and numerical approaches are another category of optimization
algorithms, relying on pure mathematical principles rather than biological or social
analogies. For instance, the arithmetic optimization algorithm (AOA) [35] applies
arithmetic operators such as addition, subtraction, multiplication, and division in a
controlled manner. It begins with broad exploration and gradually narrows its focus
on promising regions, with an adjustable parameter modulating the intensity of
arithmetic operations over time. Similarly, chaos game optimization (CGO) [36]
and the sine cosine algorithm (SCA) [37] apply fractal geometry and trigonometric
models to systematically balance exploration and exploitation within the search
space.

Environmental and ecologically inspired methods draw inspiration from natural
cycles and environmental dynamics to enhance the search process. The snow
ablation optimizer (SAO) [38] models snow melting processes, while the water
cycle algorithm (WCA) [39] simulates the natural water cycle, including
evaporation, precipitation, and flow. By modeling ecological cycles, these
algorithms achieve a dynamic balance between exploration and exploitation.

Human social behavior has also inspired optimization algorithms. The chef-based
optimization algorithm (CBOA) [40] simulates the decision-making strategies of
chefs in recipe creation and refinement. Similarly, cultural algorithms (CA) [41]
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integrate individual learning with a shared belief space, enabling collective
adaptation and knowledge exchange across generations.

Further exploring non-biological sources, game-based optimizers such as the
darts game optimizer (DGO) [42], puzzle optimization algorithm (POA) [43], and
game of squid optimizer (SGO) [44] integrate strategic decision-making principles
from recreational activities and popular culture. Similarly, economics-inspired
algorithms like supply—demand-based optimization (SDO) [45] and search and
rescue optimization (SAR) [46] utlize market equilibrium dynamics and systematic
rescue strategies to converge on optimal solutions.

As highlighted in Table 1, the extensive diversity of optimization algorithms
spans multiple domains, including swarm intelligence, mammalian hunting
strategies, and physical, chemical, and mathematical analogies. This broad spectrum
demonstrates the flexibility and adaptability of metaheuristics in tackling complex
optimization challenges.

Despite their diversity, existing metaheuristic and evolutionary algorithms often
face significant limitations, including premature convergence, slow adaptation to
dynamic landscapes, and extensive parameter tuning requirements [3, 47]. Tradi-
tional evolutionary approaches frequently exhibit exponential growth in computa-
tional cost, making them inefficient for handling extremely large search spaces.
Additionally, algorithms dependent on strict gradient information struggle with
highly nonlinear or discontinuous problems, highlighting the need for flexible,
gradient-free techniques [3].

These challenges significantly impact the performance of metaheuristics,
particularly in high-dimensional and complex optimization tasks. One of the most
critical issues is premature convergence, where algorithms fail to maintain solution
diversity, particularly in multimodal landscapes [48]. This often causes premature
convergence to local optima, limiting their ability to identify global solutions [49].
Another major challenge is slow adaptation to dynamic landscapes, as many
algorithms rely on fixed exploration and exploitation mechanisms [50]. This rigidity
reduces their efficiency in responding to time-varying objectives and constraints,
making them less effective in real-world applications [51].

Moreover, extensive parameter tuning presents a significant barrier to widespread
applicability. Parameters such as mutation rates, crossover probabilities, and weight
scaling often require manual adjustments [51], a time-consuming process that
weakens generalizability and practical usability. However, as problem dimension-
ality increases, computational costs rise exponentially due to the “curse of
dimensionality.” Traditional evolutionary approaches require more iterations and
evaluations, reducing scalability for large-scale problems [48]. Metaheuristics also
struggle with highly nonlinear, discontinuous, or noisy objective functions, where
gradient-based methods fail to provide reliable solutions. This highlights the
necessity for robust, gradient-free techniques that can handle complex real-world
problems [50].

Additionally, these algorithms lack robustness in multimodal optimization, where
multiple local optima exist [S0]. Many fail to explore and exploit multiple search
regions simultaneously, resulting in suboptimal solutions when fitness landscapes
contain significant gaps. Scalability remains a persistent challenge, as many
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algorithms are optimized for smaller-scale problems but perform poorly as
complexity increases [49].

Lastly, heavy dependence on problem-specific modifications limits the general
applicability of metaheuristics [48]. Many require extensive customization for
different problem domains, reducing their versatility across a broad range of
optimization challenges.

To address these challenges, the enzyme action optimizer (EAO) introduces
enzyme-inspired mechanisms that systematically reduce the likelihood of premature
convergence. By modeling candidate solutions as substrates interacting with an
enzyme-like process, EAO effectively enhances exploration and exploitation. Key
features such as selective binding, cofactor-driven adjustments, and stochastic
fluctuations mimic complex biological dynamics, improving adaptability across
diverse optimization landscapes. EAO incorporates adaptive coefficients and
catalytic updating schemes, extending the capabilities of bio-inspired algorithms.
These mechanisms maintain solution diversity while ensuring convergence, making
EAO particularly effective in noisy and multimodal problem spaces.

A significant advantage of EAO is its simplicity, requiring only one primary
parameter: enzyme concentration. Empirical studies suggest that this parameter,
typically set to a small value, maintains an optimal balance between exploration and
exploitation. Additionally, the adaptive factor (AF) dynamically adjusts the search
process, stabilizing performance compared to other state-of-the-art optimizers.
These attributes make EAO particularly suitable for complex, high-dimensional,
and multimodal optimization problems.

By utilizing enzyme-inspired principles, EAO effectively overcomes the core
limitations of existing metaheuristic approaches, offering a robust, biologically
motivated framework for complex optimization challenges. The following section
details EAO’s formulation and its application in engineering design problems.

3 Enzyme action optimizer (EAO)
3.1 Inspiration

EAO draws its inspiration from the catalytic behavior of enzymes in biological
systems. Enzymes are specialized proteins that accelerate chemical reactions by
binding to target molecules, known as substrates [16]. Upon binding, the enzyme-—
substrate complex experiences subtle structural changes that lower the activation
energy and increase the reaction rate without consuming the enzyme [15]. This
adaptive mechanism, in which the enzyme (catalyst) facilitates substrate transfor-
mation under the influence of cofactors and environmental signals, forms the basis
of the EAO optimization algorithm.

In enzyme kinetics, cofactors, pH levels, temperature, and concentration
gradients can all influence substrate transformation [56]. Enzymes adopt diverse
configurations and use flexible active sites, balancing exploration and exploitation
of metabolic pathways [56]. Similarly, EAO parallels these adaptive steps by
employing an enzyme—substrate analogy, wherein candidate solutions (substrates)
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Cofactor

Release
eleasc @

Best-so-far

Bind /—\ Catalysis

Substrate Enzyme Enzyme-SubstrateComplex

Fig. 1 Illustration of the enzyme mechanism

interact with a best-so-far solution (enzyme). Random disturbances reflect the
stochastic dynamics of biological processes, as illustrated in Fig. 1.

Moreover, many enzymes rely on non-protein molecules (e.g., metal ions or
coenzymes) to enhance or enable catalytic activity [57]. In EAO, this idea translates
into cofactor-inspired control parameters, such as adaptive factor (AF) and enzyme
concentration (EC), which regulate exploration and exploitation. These parameters
mimic the self-regulatory nature of enzyme systems, ensuring sufficient population
diversity (exploration) while intensifying convergence (exploitation) around
promising solutions.

By incorporating selective substrate binding, cofactor-driven adjustments, and
stochastic fluctuations [57], EAO captures the core of biochemical catalysis. This
synergy of broad exploration and focused refinement reflects how enzymes
effectively drive metabolic processes in noisy and uncertain environments [16].
Figure 2 provides a schematic illustration of the enzyme-inspired workflow in EAO,
from substrate activation through the enzyme—cofactor complex to a final solution
(product). This process reflects the natural catalytic pathway, showing how EAO
transitions from a broad set of potential solutions to more refined outcomes, similar
to enzymes binding and transforming substrates.

Cofactor Enzyme Action Optimal Catalysis
Substrate Q Active Site Q Best Substrate Q
Binding at - Catalytic Final
. . nzyme— g
Substrate Active Site v Efficiency °
Activati Cofactor Solution
ctivation Complex (Product)
Substrates gain Substrates bind Product emerge
catalytic potential and react with cofactors via enzyme action

Fig. 2 A biology-inspired schematic for enzyme action optimization (EAO)
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(Smooth Transition)
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Enzyme Concentration (EC)
(Scaling Factor)

Fig. 3 Gradual shift between exploration and exploitation in EAO

Additionally, to guide solution discovery and improvement, EAO explicitly
models a catalytic interaction between the best solution (enzyme) and the remaining
candidate solutions (substrates). This interaction is modulated by adaptive
parameters, primarily the adaptive factor (AF) and enzyme concentration (EC),
which reflect cofactor-mediated and environmentally influenced changes in real
enzymes.

As illustrated in Fig. 3, the adaptive factor (AF) ensures a smooth transition from
exploration to exploitation, progressively shifting the search behavior. Initially,
cofactors promote exploration by enhancing population diversity, while EC
regulates how strongly substrates are influenced by the best solution, balancing
adaptation across iterations. In later stages, enzyme-substrate interactions, local
refinement, and sinusoidal perturbations intensify exploitation, guiding solutions
toward promising regions of the search space.

3.2 Mathematical model of EAO

This section explains the mathematical model of EAO, where the first step is
substrate initialization. The number of search agents (substrates) is denoted by N,
the maximum number of iterations by 7, and the dimensionality of the search space
by dim. Each decision variable is constrained to lie between a lower bound (LB) and
an upper bound (UB), represented as vectors that define the feasible region in each
dimension. Let f(x) represent the objective function to be minimized. Equation (1)
provides the random initialization scheme for the substrate pool:

X? = LB + (UB-LB) ® r;, (1)

where Xfo) is the initial position of the i-th search agent (substrate), r; is a vector of
uniformly distributed random values in [0, 1], and ® denotes elementwise multi-

plication. The index i runs from 1 to N.
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Once the initial substrate positions have been generated, Eq. (2) is used to
evaluate each substrate’s fitness and thus measure its quality:

FO = r(x"), (2)

where F/ l@ is the initial fitness of the i-th substrate.

The best substrate at iteration O is determined by identifying the minimal value of
F 50), and the corresponding position is defined as XY . The quantity Fl()(e)it =f (Xé?st)

best*
denotes the best fitness value at iteration 0. The main iterative loop runs from 7 = 1
to t =T, during which several adaptive strategies are employed. Equation (3)

defines the adaptive factor (AF) for each iteration #:

t
AF = (/. 3
' MaxlIter ®)

This square root relationship ensures a gradual increase in the adaptive factor as the
iterations progress.
At each iteration f, every substrate Xl(-z_l) generates two candidate positions.
Equation (4) describes the first substrate candidate position:
X = (X =xIY) + gy © sin(AF-XV), )

best 1

where p; is a random vector in [0, l}dim, and the sine function is applied element-
wise. The resulting position Xl(tl) is constrained to the interval [LB, UB] to ensure it
remains within the feasible region.

Substrate Dimension 2
Candidate 1
(Eq. (4))

- . o

/Best -~ ) ‘U\[()[dm,ed
" Substrate : X, Xy
Position Ley, !
! & e |
\ \ . /I | Current
| N L ‘® Substrate
o S - .‘Xg'\ck g X
‘Candldatgrzr — - Substrate Dimension 1

(Eq. (6))

Fig. 4 Conceptual model of best substrate position update
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To generate the second substrate candidate position, two distinct substrate indices
p, q are selected from the set {1,2,...,N}. These indices define the vector d
according to Eq. (5):

d = X~V X/, (5)

where this difference serve to inject additional diversity into the search process.
Equation (6) defines the second substrate candidate position. It is constructed by
combining the element introduced above:

i best i

XY = XU 4 seidy + ARses (X5 X (6)

The coefficients sc; and sc, are random scale factors in the interval [EC, 1], where
EC is the enzyme concentration (usually a small constant, such as 0.1). This position
is also constrained within [LB, UB] to preserve feasibility.

At each iteration ¢, both Xl(tf and xf’g are evaluated, and the best position of these
two substrates is chosen as shown by Eq. (7)

( : (1) (1)
D L Xi.t1>7 if F(Xi,tl) <F(Xi,lz)7 7)
hupd Xl(lz) , otherwise.

(t—1

This updated position replaces X; ) when it reach better position as shown by

Eq. (8):

XEFI) , otherwise.

. —1

The global best is then updated as shown in Eq. (9):

_ x0 p0

best

if F(X")<rl) = xY

best best

= F(X"). 9)

In EAO, each substrate position is kept within its allowable interval by constrained
the updated substrate positions to the lower and upper bound vectors, LB and UB.
After each update step (Eqgs. (4)—(6)), any dimension d of a substrate X; that exceeds
the upper bound is set to UB,, whereas any dimension that goes below the lower
bound is set to LB, as described in Eq. 10

Xi(d) = max(min(xi(d),UBd),LBd), vd € {1,...,dim}. (10)

This mechanism guarantees that all solutions remain within the search space bounds
for every iteration.

To better illustrate the update mechanism in EAO, Fig. 4 offers a conceptual
layout of the search space showing how these candidate updates revolve around the
current substrate X;, the difference vector d, and the best substrate.
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3.3 EAO algorithm analysis

Algorithm 1 outlines EAO in pseudocode. The process begins by initializing a pool
of substrates (candidate solutions) (Step 1) and identifying the best solution. Then,
for each iteration (Step 2), a control factor (AF;) is computed. Every substrate
produces two candidate positions:

1. A position partially informed by the current best substrate.
2. A position influenced by the difference between two randomly chosen
substrates, injecting population diversity.

After evaluation, the better candidate replaces the original substrate if it yields
improved fitness. The global best solution is updated accordingly. Upon reaching
T iterations, the final best substrate is returned as the approximate global optimum
(Step 3).

Algorithm 1 Enzyme action optimizer (EAO)

Require: N (number of substrates), T (max iterations), LB, UB, dim, f(-)
(objective function)

1: Step 1: Initialization
Generate the substrate pool {X£O>}i]\;1 Eq. (1)
fori=1— N do
Evaluate FZ,(O) — f(XEO)) Eq. (2)
end for
Determine Xgl)st as the substrate with the minimum Fi(o); let F}E?Zt — f (Xgl)st)

A -

7. Step 2: Main Evolution Loop
8 fort=1—T do
9: Compute AF; using Eq. (3)

10: fori=1— N do

11: (a) First Substrate Position

12: Calculate XEtl) using Eq. (4)

13: Fl(tl) — f(XEtl))

14: (b) Second Substrate Position
15: Pick 2 distinct substrate (p,q) Eq. (5)
16: Calculate X% Eq. (6)

17: Fl(;) — f(XEf%)

18: (c) Selection and Update

19: Select best position Egs. (7)- (8)
20 Update global best Eq. (9)

21: end for

22: end for

23: Step 3: Output
24: Return (X<T> )

best
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Exploration

Substrate 1

Substrate,,

A

Exploitation
(EC = 0.1)

Substrate Substrate 2

Fig. 5 Exploration and exploitation behavior in EAO

3.4 Exploration and exploitation behavior in EAO

EAO maintains a dynamic balance between exploration (searching diverse regions)
and exploitation (refining promising areas), reflecting how enzymes in nature adapt
catalytic rates and substrate preferences. Figure 5 conceptually illustrates these dual
mechanisms:

Exploration in EAO:

e Population diversity: Multiple substrates traverse different regions of the search
space.

e Adaptive factor shifts: AF; starts at lower values (favoring exploration) and
increases gradually, driving the algorithm toward exploitation in later stages.

e Difference-based perturbations: Randomly selected substrate indices
(p, g) add fresh directions to avoid premature convergence.

Exploitation in EAQO:

¢ Best-substrate guidance: Substrates update around the current best, focusing on
promising areas.
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¢ Sinusoidal perturbations: Sine-based updates (Eq. (4)) refine local searches,
balancing exploitation and exploration.

e Selection mechanism: Only improvements replace existing substrates, ensuring
continuous progress.

e Step size control via enzyme concentration (EC): The small EC value
(typically 0.1) acts as a stabilizing factor, regulating step size during exploitation
to prevent excessive movement near promising solutions.

By transitioning from broad, diverse sampling in the early iterations to refined local
searches in later phases, EAO effectively avoids premature convergence and
accelerates toward global or near-global optima.

3.5 EAO computational complexity

The computational complexity of EAO can be analyzed based on its three primary
computational stages: initialization, reaction (iteration) evaluation, and iterative
updates. Each of these stages contributes differently to the overall computational
demand of EAO.

The initialization of the substrate matrix S of size n X d, where n is the number of
substrates and d is the dimensionality of each substrate, involves setting up nd
entries with random values within the specified bounds. This step is executed once
and has a complexity of:

O(nd) (11)

During each iteration of EAO, every substrate S; is evaluated to determine its
efficiency. Assuming the evaluation function has a computational complexity of
O(F), where F depends on the substrate evaluation, the evaluation complexity for
all substrates once per iteration is:

O(nF) (12)

Given that there are M reaction, where M is the maximum number of reactions, the
total complexity for all evaluations across all reactions becomes:

O(MnE) (13)

Each reaction involves updating each substrate using high-dimensional and low-
dimensional strategies. The computation for each update assumes that the evalua-
tion cost is dominated by the substrate’s dimensionality d, as:

0o(d) (14)
Thus, for n substrates per reaction, the complexity is:
O(nd) (15)

Over M reaction, the complexity for all modifications is:
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O(Mnd) (16)

The total computational complexity of EAO is the sum of the complexities of
initialization, evaluation, and iterative updating processes:

O(nd) + O(MnF) + O(Mnd) = O(MnF + Mnd) (17)

4 Experimental setup

This section includes an overview of the experimental setup, which includes a
description of the benchmark functions, the optimizers used for comparison,
evaluation metrics, and parameter settings.

4.1 Benchmark description

The 23 Classical benchmark functions: These functions consist of a diverse range
of problems that contain unimodal, multimodal, and fixed-dimension multimodal
functions. Unimodal functions (F1-F7), as shown in Appendix B. Table 22. The
multimodal functions (F8-F13) are shown in Appendix B. Table 23 introduce
multiple optima, challenging the algorithms to explore effectively and avoid local
minima. It contains functions that involve sinusoidal and exponential components to
create complex landscapes. Finally, the fixed-dimension multimodal functions (F14-
F23), as shown in Appendix B. Table 24 presents real-world inspired challenges
with very specific constraints that simulate engineering and design problems,
highlighting the ability of algorithms to handle practical applications with precision.

IEEE CEC2017: These benchmark functions are part of the IEEE congress on
evolutionary computation and consist of a diverse set of test functions designed to
evaluate the performance of optimization algorithms. This dataset includes 30
functions categorized into several types: unimodal, multimodal, hybrid, and
composition functions, each presenting unique challenges as shown in Appendix
C. Table 25. The unimodal functions tested the exploitation capabilities of the
algorithms, multimodal functions examined their exploration skills in avoiding local
optima, hybrid functions combined features of the first two types to test both
capabilities simultaneously, and composition functions provided a complex
landscape by composing several basic functions. This collection aims to provide
a comprehensive assessment of an algorithm’s ability to effectively navigate and
optimize complex, high-dimensional spaces across a variety of optimization
problems.

IEEE CEC2022: This benchmark is designed for the IEEE Congress on
Evolutionary Computation and features a set of test functions intended to evaluate
and challenge various aspects of evolutionary algorithms. This benchmark typically
covers a range of problem types, including unimodal, multimodal, hybrid, and
composition problems, each presenting unique difficulties to test the robustness and
adaptability as shown in Appendix C. Table 26. This collection of functions
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Table 2 List of 14 compared optimization algorithms

Algorithm Proposed by Year
Horned lizard optimization algorithm (HLOA) Peraza-Romero et al. [58] 2024
Sea-horse optimizer (SHO) Zhao et al. [59] 2023
Geometric mean optimizer (GMO) Rezaei et al. [60] 2023
White shark optimizer (WSO) Braik et al. [61] 2022
Artificial gorilla troops optimizer (GTO) Abdollahzadeh et al. [62] 2021
Flow direction algorithm (FDA) Karami et al. [63] 2021
Henry gas solubility optimization (HGSO) Hashim et al. [64] 2019
Whale optimization algorithm (WOA) Mirjalili et al. [52] 2016
Multi-verse optimizer (MVO) Mirjalili et al. [28] 2016
Sine cosine algorithm (SCA) Mirjalili et al. [37] 2016
Moth-flame optimization (MFO) Mirjalili et al. [65] 2015
Grey wolf optimizer (GWO) Mirjalili et al. [13] 2014
Differential evolution (DE) Storn and Price [5] 1997
Particle swarm optimization (PSO) Kennedy and Eberhart [18] 1995

includes tests for scalability, the ability to escape local optima, and handling high-
dimensional search spaces.

4.2 Compared optimizers

The performance of EAO was evaluated and compared with a diverse set of 14
recent and highly cited optimization algorithms that are summarized in Table 2.

4.3 Evaluation metrics

The efficiency of each algorithm was statistically measured using the mean and the
standard deviation. These metrics were chosen to provide insights into both the
average performance and the consistency of the optimization results across multiple
runs.

4.4 Parameters settings

To ensure a fair and comprehensive comparison, the substrate/agent count (7) and
the Maximum Number of Reactions (M) were set to 30 and 500, respectively, for the
23 classical benchmark functions across all algorithms. Each algorithm was
executed 30 times per test function to obtain statistically significant results.

For the evaluation using the IEEE CEC2017 benchmark functions, the substrate/
agent count (n) was set to 50, and the maximum number of reactions (M) was
increased to 1000 to accommodate the complexity and computational demands of
these functions. Additionally, we tested the optimizers on high-dimensional
problems (d = 100) with an extended number of reactions/iterations (M) of
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Table 3 Parameter settings for compared algorithms

Algorithm Parameter

FDA Flux coefficient = 0.3, diffusion rate = 0.7

GMO Geometric rate = 0.01, update frequency =5

GTO Tension rate = 0.8, aggression level = 0.2

GWO Convergence constant a = [2, 0]

HGSO 11=5E-03, 12=100, 13=1E-02, alpha=1, beta=1, M1=0.1, M2=0.2

HLOA Does not use additional parameters.

MFO A linearly decreases from —1 to —2

MVO WEPMax = 1, WEPypi, = 0.2

SCA rl = random(0,1), r2 = random(0,1), r3 = random(0,1), r4 = random(0,1)
SHO U =0.05 V=0.05L=0.05

WOA Convergence constant a =[2,0], b=1

WSO Hunt depth = 0.2, speed factor = 0.8

PSO Inertia weight w = 0.5, cognitive coefficient ¢; = 1.5, social coefficient ¢, = 1.5
DE mutation factor F' = 0.5, crossover rate CR = 0.9

10,000. In this case, the substrate/agent count (n) was increased to 100 to ensure
sufficient exploration of the high-dimensional search space. This configuration was
designed to assess the performance and scalability of all tested optimizers in
handling complex and high-dimensional problems.

Finally, for the IEEE CEC2022 benchmark, two distinct experiments were
conducted corresponding to different dimensional settings: d = 10 and d = 20. For
these dimensionalities, the maximum number of reactions (M) was set to 10,000 and
20,000, respectively. This setup was adopted to thoroughly explore the solution
space and ensure comprehensive optimization outcomes under varying problem
complexities.

The specific parameter settings for each algorithm are detailed in Table 3,
ensuring transparency and reproducibility of the experimental results.

5 Comparison results of EAO with state-of-the-art optimizers

This section focuses on the performance of EAO compared to state-of-the-art
optimizers in various benchmark sets. This includes results on the 23 classical
benchmark functions, an in-depth performance analysis on the IEEE CEC2017
benchmark functions (F1-F30) and a detailed discussion of the results on the IEEE
CEC2022 benchmark functions (F1-F12).

5.1 Results of the 23 classical benchmark functions

The experimental results presented in Table 4 demonstrate that EAO optimizer
maintains superior overall performance compared to the other state-of-the-art
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optimizers across the 23 classical benchmark functions. Specifically, in the
unimodal functions category (F1-F7), EAO attains the optimal mean values on F1
through F4, highlighting its strong exploitation ability. Meanwhile, GTO achieves
better results on F5, F6, and F7.

In the multimodal functions category (F8-F13), EAO outperforms other
optimizers in F9, F10, F11, and F12, showing its ability to navigate complex
landscapes and avoid local optima. For F§ and F13, HGSO and GMO, respectively,
provide the best performance. Moreover, within the fixed-dimension multimodal
functions (F14-F23), EAO outperforms on most of the benchmark functions,
achieving the best mean results in almost all functions and highlighting its good
balance between exploration and exploitation, where it secures the highest number
of overall wins (18 out of 23).

Table 5 Statistical results of Wilcoxon signed-rank test for EAO versus other compared optimizers over

the first dataset (23 benchmark functions)

Function EAO versus WOA EAO versus MVO EAO versus SCA EAO versus GWO
UM 5/2/0 6/0/1 7/0/0 7/0/0

MM 2/3/1 4/2/0 6/0/0 5/1/0

FDMM 6/2/2 5/4/1 9/0/1 4/4/2

Total 13/7/3 15/6/2 22/0/1 16/5/2

Function EAO versus WSO EAO versus HGSO EAO versus FDA EAO versus GMO
UM 6/1/0 6/1/0 7/0/0 7/0/0

MM 4/0/2 5/0/1 4/2/0 4/2/0

FDMM 6/2/2 5/2/3 4/4/2 3/512

Total 16/3/4 16/3/4 15/6/2 14/772

Function EAO versus GTO EAO versus SHO EAO versus HLOA EAO versus MFO
UM 5/1/1 6/0/1 7/0/0 6/1/0

MM 4/0/2 4/2/0 6/0/0 4/0/2

FDMM 6/3/1 5/4/1 9/1/0 6/2/2

Total[+/=] 15/4/4 15/6/2 22/1/0 16/3/4

Function EAO versus DE EAO versus PSO

UM 6/0/1 7/0/0

MM 3/172 3/2/1

FDMM 10/0/0 8/0/2

Total[+/=] 19/1/3 18/2/3

@ Springer



A. Rodan et al.

686 Page 26 of 94

10 + HI9T°6 20 + °8L0°1 10 + HS86'L 10 + d16v'9 10 + d¥9¢°1 20 + d88T'1 10 + H6¥0°8 00 + HTLT'T als
€0 + Jove'l €0 + dSLI'T €0 + JS91°1 €0 + "8CC'1 €0 + A8IT°I €0 + H0ET 1 €0 + dIcC1 €0 + HI0T'T eI\ [RE|
0 + dTI9°1 20 + d16CY 20 + 9€79°C 20 + H99SL°C 0 + HLTL'T 20 + d606'C 0 + d+99°¢ 20 + H9918°C alLs
€0 + J0¥9°T €0 + dees’l €0 + dCILT €0 + H02¢T €0 + 95991 €0 + H260°C €0 + J€L0T €0 + H068°'T Uea]N ord
10 + 9L69°¢ 20 +9691°¢ 10 + dI€LY 10 + 98SL°¢ 10-d11¢Y 70 + dv66°C 70 + d986°C 60-4976'C aLs
€0 + dP€0'1 €0 + 98901 0 + 9T8T'6 €0 + J020°1 20 + 92006 €0 + d100°1 €0 + 986’1 70 + H000°6 UBIJAl 64
00 + H0S9°¢ 10 + dIvv'l 00 + dL¥9 P 00 + 9756’8 10 + 9S00°T 10 + "HEIET 10 + "A¥98°T 00 + d¥€9y aLs
70 + HLLES 70 + HE0T'8 70 + H8TI'8 <0 + HITP'8 70 + =80T8 70 + H16T'8 70 + HEPP'8 70 + HETE8 UBIN 8
00 + HES8'6 10 + H20T'€ 00 + H69T°6 10 + HI8T'T 00 + HTYS'8 10 + dPST'T 10 + HL9TT 00 + d8ISY ars
70 + 9808°L 20 + dIvvL 70 + dv6T'L 0 + d8vL’L 0 + °9¥9T'L 20 + d6Tt'L 0 + HIL8'L 0 + dST1t'L UBIN LA
00 + 9S26°S 00 + H68S'8 00 + d069°1 00 + dL8Tt 00 + d1+9°1 00 +dLILT 10 + H609°1 SO-HSYS'T arls
20 + 90LT9 20 + 96109 20 + 91109 0 + 9L61°9 0 + 9L10°9 20 + 98109 0 + d16€9 70 + H000'9 UBIN 9d
00 + HI01°S 10 + 99tS°1 00 + 9928°L 00 + 920’8 00 + dvLT'8 10 + 9S81°1 10 + 92181 00 + 9165 ars
20 + 985¢°S 20 + H0ST'S 20 + °9891°¢ 20 + d86t°S 20 + d861°S 0 + d81¢'S 20 + 9928°S 20 + H01¢°S UBdN S
10 + 9888°I 10 + dLLY'C 10 + 9+€0°C 10 + 919¢°¢ 00 + dvLY'T 10 + 9€SLT 10 + d¥9t°¢ OT-ATSE'S arls
0 +dIILYy 0+ d8LI'Y TO0+H68I't  TO+ HIOLY 0 +dev0y 0 +HESI'Y  TO + H99EY  TO + HO00'Y e\ vd
20 + d£68°6 €0 + dpLS'T €0 + H9L8°C €0 + Jeel'l 20-deLS'T €0 + HLT8'8 €0 + JeviT 80-HCIT'1 arls
€0 + HS€0°C €0 + dLSET €0 + "H291°C €0 + Jv€0T 20 + H000'€ €0 + H69L'L €0 + H3S29C 0 + H000°E Ues]y €d
80 + HESO'E 0l + H9¢8T'C 80 + HSSO'I 80 + HIII'T 10 + HLET'S 01 + dviv'e LO + HS0E'T LO-ASIST ars
80 + HESY'I 60 + H0SE'S LO + AV61°E LO + HIVYS 0 + HELS'T 60 + HILL'S 90 + HL68'S  TO + H000'T Ues]\ [
80 + A8y’ LO + H696°C LO + HEETS 80 + HCLLY €0 + HL06'E 80 + HIEST L0 + HSTI'T €0-HLEG'E ars
60 + AETO'1 90 + dI61°L LO + H68Y'1 80 + HLOL'S €0 + HCET8 LO + HILE9 LO + HTYO'T 20 + H000°T Ues]\ 14
's1e1S
OSDH OSM OMD VoS OAN OdN VOM ovid 1S uonoung

000T=SUOTIEI3)] puE ‘)g=Sumy ‘0[=WIC YWIM (O£d—I) SUONOUNJ YIewysuaq L10ZIAD HAHI 94 Jo synsar uostedwo) 9 ajqey

pringer

AR



Page 27 of 94 686

Enzyme action optimizer: a novel bio-inspired optimization algorithm

10 + 98+0°S 00 + 9S8 10 + 9LYEC 10 + d¥S6°¢ 20 + H9LS°T 10 +de1L°T 20 + 9TT8'c 10 + HT99'V arls
€0 + HCIy'T €0 + HL0ET €0 + H80¢'C €0 + HILET €0 + HLTET €0 + H0I¢T €0 + H08¢'T €0 + HLLT'T e\ cad
10 + HI98t 10 + H0EE€ 00 + 9€89°L 10 + Hd8%9°9 10 + HESE'S 10 + dCIT°E 10 + H860°S 10 + H0T6'¢ arLs
€0 + HC6CT €0 + HCeeT €0 + d81¢T €0 + HL9TT €0 + H08C°C €0 + "HSTET €0 + HEEET €0 + HEITT Ues]\ 124
10 + H806°€ 10 + HS9S°L 10 + HES9'S 10 + "HS61°C 10 + HS8Y°L 10 + d¥6S°9 10 + HS08°S 10 + H29¢'1 ars
€0 + "H9S1°T €0 + HEI1T €0 + H280°C €0 + HE£60°C €0 + d611°C €0 + dI101'C €0 + "SITT €0 + H6¥0°T e\ 0cd
€0 + d869°8 €0 + HL08°9 €0 + Hd8L0°L €0 + HS91°¢ 0 + 9€T8°S $0 + 98y S0 + H6S1T 10-d¥+6°8 ars
0 + de6t'l €0 + HSS1°6 €0 + dI€T6 €0 + H979°¢ €0 + H02CC 0 + dS8Y'C S0 + 36101 €0 + HI06'T Ues]N 614
S0 + H86£°€ 0 + HLYE9 0 + HELS'T SO + APE0'1 $0 + H9¢Y'1 0 + H69S°1 Y0 + H661°1 00 + AES6'Y ars
S0 +dr96y  vO+HASSLY 0 + HPLIT S0 + H0IS'T ¥0 + °¥08°1 ¥0 + H60T'CT Y0 + HELO'T €0 + "AY0S'T UBIN 814
00 + 98606 10 + 9T89°€ 10 + 9109°¢ 10 + d+v00°1 10 +92LLY 10 + 960ty 10 + d99Lv 00 + d8¢t'8 alLs
€0 + HLSL'T €0 + 989L'1 €0 + d99L'T €0 + Je8L'T €0 + JLLL'T €0 + J0LL'T €0 + d4T6L'1 €0 + 99SL'T Ues]N L1d
10 + 98TT'8 0 + vl 10 + 98+9'8 10 + dvLT°L 10 + 919L°6 20 + 9150°1 0 + 9L8T°T 10 + HLSL'T ars
€0 + J¥06'T €0 + dI6L'T €0 + J9¢L'T €0 + J0opL'T €0 + JeeL’l €0 + dv9L'1 €0 + J098°T €0 + HLIYT UBIN 91d
€0 + dLIYT €0 + d¥69°S €0 + 9€78°T 20 + 929¢°6 20 + dST6°¢ €0 + H696'8 €0 + "STI'S T0-48¥S"9 arls
€0 + HLSE9 €0 + H898°S €0 + 9TeTs €0 + 9LTLT €0 + aveL’l €0 + HEST'L €0 + J1LS9 €0 + HI0S'T UBdN S1d
€0 + de6T'1 €0 + H6¢1°C €0 + HE06'1 €0 + HevT'1 0 + H1TT'C €0 + "J8¢I'E €0 + "HESE'T 00 + HEOE'E arls
€0 + A¥8C°¢ €0 + H6L1°E €0 + JpEl'e €0 + dCITT €0 + J0vS'1 €0 + HS86'¢ €0 + H6¢¥'T €0 + HOTH'T UedN yid
$0 + H9SSY  ¥0 + H6IL'T €0 + H820°6 70 + d809°¢ 0 + H200°1 0 + d1+0°1 0 + dAYLI'T 00 + ASLI'E arLs
0 + HI191°S 0 + dyL1°C 70 + drIT°1 0 + H0v9°¢ €0 + H926'6 €0 + H98¢°6 Y0 + HEE9'T €0 + ATIET UedN €ld
90 + H79t°9 90 + d81S'¥ S0 + HT6E'L LO + HO9Y' T S0 + AYTL9 90 + dTTLy 90 + H6S8'Y 10 + HTLS'T als
L0 + HLIT'T 90 + HS9T°C S0 + ASISY LO + HSOI'T S0+ °8L9tY 90 + HYSL'L 90 + HIOLY €0 + HOITT e\ cid
aIN
OSDH OSM OMD VoS OAN OdIN VoM ovd ‘s1elg uonoung

panunuod 9 ajqe]

pringer

NS



A. Rodan et al.

686 Page 28 of 94

$0 + H69S°€ SO-d¥0L’€ 10 + H06T¢ ¥0-dCLOL S0-d4¥0T'9 20 + 90589 60 + d¥Cl's arLs
0 + HL9Y'1 20 + 000 20 + H68¢°C 20 + H000°C 20 + 9000°C 20 + d¥06'v 60 + HS6S°1 UedN [
€0 + dv6v1 €0 + HLOY'T €0 + HE8ET €0 + H£00°T €0 + H888°I ¥0 + H6CE'¢ 60 + deo61°1 arLs

€0 + "6l €0 + JovE'1 €0 + d8¢C'1 €0 + "Hry'T €0 + H608°1 0 + d88L'I 80 + HII¥'8 UBdN Id
H4a OSd OND [eARS) vad VOTH OHS LN uonoung

! 0 0 0 1 0 0 (114 urm

S0 + J901°¥ S0 + HEL99 S0 + dSI0°L S0 + H9¢0'L S0 + d¥S¢9 90 + d810°1 90 + HLET'T 10 + H9Z9'T ars
S0 + HESTE S0 + HIC8'S S0 + dLYTS 90 + HL6E'T S0 + HLSO'S S0 + HI106°L S0 + H96¥°6 €0 + HOOV'E Ues]\ 0oed

10 + H69S°C 10 + H90T°L 10 + AS09t 10 + HEOY'v 10 + H8L6°S 10 + HSES'S 0 + 919T°1 00 + H080'8 ars
€0 + °89T°¢ €0 + H6TT¢ €0 + 9TITe €0 + HLYTE €0 + "YCTE €0 + °8TT¢ €0 + "v9¢°¢ €0 + "S9T°¢ UBIN 6cd

70 + 98951 0 + dTLO'T 10 + HEST'8 10 + H5S6'8 20 + °99¢°1 10 + 9ST6°L 0 + HLLY'T S0-4LEO9 als
€0 + JSSPe €0 + H69¢€°¢ €0 + JELEE €0 + 950¢°¢ €0 + 9S67°¢ €0 + 9Tsee €0 + He9¢°¢ €0 + H00T'€ UBIN 8¢d

10 + A¥89°T 10 + HL0E°€ 10 + dLEYV'T 00 + 9288’1 10 + 92TS0°C 00 + d8+6°¢ 10 + 98LTY T0-4676°T ars
€0 + d8€T'¢ €0 + H0IT°¢E €0 + 9101°¢ €0 + Je0l°E €0 + 9L60°€ €0 + d¥60°¢ €0 + H9¢T'°¢ €0 + H680°¢ UBIN Led

0 + 9S60°1 0+ dILTY 0 + H€€6'C 10 + d8¢€8'¥ 70 + 9869°C 0 + dvSe 70 + d889°¢ 10 + dLLY'S alLs
€0 + "H20¢°€ €0 + AP €0 + HJ8¥0°¢ €0 + H001°€ €0 + H9S6'C €0 + dpele €0 + "JS0S°€ €0 + 9068°C UBdN 9td

10 + d119°1 10 + 9826'C 10 + 9ST1L°T 10 + 98€S°C 10 + dI11€°¢ 10 + d60t'¢ 10 + H€6T°C 10-HEOP'T arLs
€0 + HIL6T €0 + Hev6'T €0 + HI¢6'C €0 + J¥96'C €0 + d616'C €0 + H6¥6'C €0 + HIS6'C €0 + H868C UedN sed

10 + H620°9 10 + HLS09 10 + d¥89°C 00 + 9E9t°S 10 + d¥9€°9 00 + d6¢€t°6 10 + HISS'L 10 + HLI6L als
€0 + HS6S°T €0 + H9¥LT €0 + HovL'T €0 + HS8LT €0 + H0EL'T €0 + HS9LT €0 + HL9LT €0 + HEELT UedN yed

10 + H600°1 10 + 2091 10 + d61T°1 00 + H015°8 10 + "0l 10 + "H0SO'T 10 + HLIST 00 + dST1T1°¢ alLs
€0 + HS89°T €0 + HL79T €0 + H929°C €0 + HLS9T €0 + HI129°C €0 + H0£9°C €0 + "HSS9T €0 + J1€97C UedN €ed
aIN
OSDH OSM OMD VoS OAN OdIN VoM ovd ‘s1elg uonoung

panunuod 9 ajqe]

pringer

AR



Page 29 of 94 686

Enzyme action optimizer: a novel bio-inspired optimization algorithm

00 + HELT'8 20 + H8L6°6 €0 + HLEO'T 10 + HSSLT 10 + H00T'€ €0 + HLSE'S €0 + JL6T'T aLs
€0 + JLTY'T €0 + HevIT €0 + d48L0Y €0 + HLSY'T €0 + HOLY'T €0 + H0eCy €0 + HT68°¢ eI 14
10 + HEE9'T €0 + 95209 €0 + dLI6E 0 + HE8T'T 20 + H198°C €0 + HLE9T €0 + 91¥0°S aLs
€0 + °6 vE'l €0 + 9119°L $0 + HELO'T €0 + HC8Y'1 €0 + dL09°1 €0 + JE8Y'E €0 + 95L68 eI\ eld
¥0 + HLLT'T €0 + 9L16'8 S0 + H678°S 0 + HI1T°T ¥0 + H09T'1 S0 + ALYy S0 + HL99°S aLs
0 + dL8T'T ¥0 + 42IT’1 S0 + H€08'8 $0 + H0TT'1 ¥0 + 0911 S0 + 9T80T S0 + HE|E'S UBIN [qF|
00 + d796'8 10 + 998¢°C 00 + 91166 10 + H009°T 00 + d¥96'8 10 + d¥81°6 10 + 9T81°8 aLs
€0 + d801°1 €0 + dIvI'T €0 + HETT'T €0 + JPCI'T €0+ dIIrt €0 + HLITT €0 + HO08T'1 UBIN 114
70 + HOY9'T 20 +d9928°C 0 + 9959°C 0 + 9LS8'T 20 + H0€L'T 0 + dS9t°C 70 + d618°¢ daLs
€0 + HOEY'T €0 + HS86'1 €0 + d¥0L'1 €0 + HI¢8°1 €0 + HE8L'T €0 + HL0¥'T €0 + gvie’l UBIN 014
10-9¢80°¢C 10 + 98L8°L 10-9910°1 10 + d€6€°L 00 + 998%°S 0 + d8SL'1 10 + 99S+'L aLs
20 + 91006 0 + H91¢°6 <0 + H000°6 0 + H9¢5°6 20 + H6€0°6 €0 + d819°1 €0 + J610°1 UeaN 64
00 + HEIT'S 00 + H920'8 10 + H890°1 00 + H068°L 00 + 98€T'8 10 + H0ST'C 00 + 982L°L daLs
70 + HI80'8 20 + HE61°8 0 + HE91°8 0 + 9€9T°8 20 + d6vT'8 0 + HLSY'8 20 + H09T'8 Ued] 84
00 + HLST'6 00 + HLT6'L 10 + H69S'1 10 + d¥IS'T 10 + HCCT'1 10 + H801°C 10 + HETE'] aLs
70 + HIVT'L 0 + H6LT'L 70 + J20¢°L 0 + HTES’L 0 + HILEL 0 + dv16°L 0 + H929°L Ued]A L4
SO-devL'e 00 + HSTL'8 00 + HI€1C 00 + "oty 10-9eESL'E 10 + HEVP'1 00 + 9L’ aLs
<20 + H000°9 20 + H601°9 0 + 91109 20 + d¥S0°9 20 + 91009 20 + H08t9 0 + HEET9 UBIN 94
00 + HYE9'9 10 + "6LY'T 10 + HLET'T 00 + 976 00 + HEEY'L 10 + "EY9°CT 10 + H06T'T aLs
70 + HL60'S <0 + d16¥°S 70 + H661°S 70 + "H6ETS 20 + d€61°¢ 0 + "H69L°S 20 + H6LES UBIN Sd
00 + HLT0T 10 + dI12T'T 00 + J#90°T 10 + dSLY'T 10-96€9°L 10 + HS81°C 10 + dE69t aLs
20 + J¥S0t <0 + =150t 70 + HESOY 70 + HI1S0Y 20 + =800t 0 + dJIETY <0 + HOISY UBIN vd
70 + H8IS'T PI-U880°'v SO-d8ST'I 11-968¢'1 1T-HLEY'6 10 + HELT'T €0 + HT96C aLs
70 + HTve'e 20 + H000°€ <0 + H000°€ 0 + H000° 70 + H000°€ 70 + d¥S0°€ €0 + HEVT Y UBIN €d
4d 0OSd OND OLD vad VO'TH OHS 'S1elS uonsung

panunuod 9 ajqe]

pringer

NS



A. Rodan et al.

686 Page 30 of 94

0 + d8+9°1 0 + °¥9L°€ 10 + HT6S°L 0 + 1Tl 10 + HEv9°L 0 + dSY8Y 0 + HSEY'T aLs
€0 + HSS6T €0 + 3991°¢ €0 + HSP8'T €0 + H8¢6C €0 + HS€6'T €0 + HTeL’e €0 + HLET'E eI 9¢d
10 + 9L9€°C 10 + H£08°C 10 + H189'1 10 + "S8€T 10 + A¥STT 10 + "C10°Y 10 + H€TL°6 aLs
€0 + H6167T €0 + HSC6T €0 + HLE6T €0 + H0€6'C €0 + HT€6'T €0 + H9¢6C €0 + d856T eI\ ged
00 + H08TY 0 + H6LE'T 20 + H690°1 0 + HovI'1 10 + 9PL8'S 10 + J661°Y 10 + 966T9 aLs
€0 + H6¢LT €0 + JE€9LT €0 + d€L9T €0 + H269°C €0 + dSPLT €0 + H9¢8°C €0 + °I19LC UBIN ed
00 + HE06'9 10 + dS6t'¢ 10 + g1 10 + "H660°T 00 + 98+T'8 10 + J¥€T°S 10 + 39%1'1 daLs
€0 + HOI9'C €0 + H869°C €0 + H919°C €0 + H€79°C €0 +d9619T €0 + H0TLT €0 + 9559C UBIN €cd
10-d68¢C°¢ 20 + d89S°Y 10 + dILY'] 10 + 9960°C 10 + d69%°1 20 + =HEST'S 10 + H08S°S aLs
€0 + H00¢'T €0 + H98%'C €0 + H66C°T €0 + H86CC €0 + H00¢'C €0 + d¥I1ST €0 + H08¢T UBIN ccd
10 + deee'e 10 + H0SL'S 10 + dIvEd 10 + HSTIC 10 + 9L81°9 10 + dSTr'S 10 + d0vTY daLs
€0 + H66CT €0 + JI1€7T €0 + H86C°C €0 + HETTT €0 + 989C°C €0 + HLYET €0 + HEIET UedA Icd
10 + HSST'C 10 + HLL99 10 + HS29°S 10 + d8¥0°¢ 10 + HI61°1 10 + HI8%'6 10 + JSPE'S daLs
€0 + H800°C €0 + H6I1°7T €0 + JH9¥1°C €0 + H950°C €0 + 9LY0T €0 + JLLTT €0 + °vL0T Ued]N 0cd
00 + HL88'T €0 + HELTY €0 + HI6S°C 10 + d8L9°¢ 10 + HEEE'E €0 + J6€0Y €0 + docth'v daLs
€0 + HI06'T €0 + He9Lv €0 + JeST'L €0 + H0¢6'1 €0 + H9¥6'1 €0 + J8¢T¢ €0 + HT6L9 Ued]A 61d
€0 + H0ee'S €0 + HE6L'6 €0 + J4CIvy 0 + dLTLY 0 + HTLST $0 + H98Y'1 ¥0 + HS10°1 aLs
€0 + H108°C Y0 + HI8T'1 €0 + J580°6 €0 + HEPI'T €0 + H0L0T $0 + AY9T°1 Y0 + HE66'1 UBIN 81d
10 + H6v8'L 10 + dLTh'E 10 + HET9'T 10 + AIL8'T 10 + "€6€°T 0 + HL9T'T 10 + d9¥00°C aLs
€0 + HIIL'T €0 + H9SL'T €0 + HTLL'T €0 + H8YL'T €0 + JSPL'T €0 + HLTO'T €0 + J6SLT eI L1d
10 + H€99°C <0 + APST'T 70 + H99%°'T 20 + H600°T 10 + H¢v0'9 20 + HI126'T 70 + HOEY'T aLs
€0 + "H619°T €0 + H006'T €0 + H606'T €0 + H689'T €0 + H0L9'T €0 + H0L0'C €0 + HLO6L'T UBIN 914
10 + JPITT €0 + HOTT'T €0 + HIST'S 10 + HL6T°8 10 + A8IL°L €0 + H6EL'T €0 + "JY0T'T aLs
€0 + H90S'T €0 + "HELST $0 + "PYe'T €0 + HS8S'T €0 + 92091 €0 + d6v1'¢ €0 + HL60°C UBIN Sid
4d 0OSd OND OLD vad VO'TH OHS 'S1elS uonsung

panunuod 9 ajqe]

pringer

AR



Page 31 of 94 686

Enzyme action optimizer: a novel bio-inspired optimization algorithm

s)[nsaI 3s9q Ay} Judsaidar sonjea pjog

ol € € [4 ! 0 0 urm
S0 + HIcLe €0 + dv£9°9 SO + Jv¥S 90 + HTLET SO + H9LL'E 90 + "APSSE S0 + dovy'L aLs
S0 + H988°L ¥0 + H891°1 S0 + HSLEE 90 + HI€8'T S0 + H618°'1 90 + HOYL'T S0 + HESL9 UBIN 0¢d
10 + HELT'T 10 + J9v't 10 + "H061°¢ 10 + dL9T°S 10 + "EEH'S 0 + "SE]'T 10 + 99LT°S aLs
€0 + HOvI'E €0 + "HOvT'¢ €0 + °90T°¢ €0 + 9TITE €0 + "HI10T°¢ €0 + H6SY'¢ €0 + HE9T'E Ues]N 6cd
70 + H99T'T 10 + H968°S 70 + "YeCT 70 + HOEL'T 70 + HSY'T 70 + d811°C 0 + HYIL'T aLs
€0 + HI8T¢ €0 + °I1T¢ €0 + H66T'¢ €0 + °89T°¢ €0 + HEYTE €0 + HLOY'E €0 + "STY'¢ UBIN 87d
00 + H68Y'¢ 10 + d8t+'S 00 + HLYS'T 00 + H6L0°L 00 + H8IT’E 10 + HE9E'8 10 + d¥91°C aLs
€0 + d¥60°¢ €0 + °H99T°¢ €0 + HS60°¢ €0 + H960°¢ €0 + HE60°¢ €0 + HTETE €0 + "6CI'¢ UBIN Led
4d 0OSd OND OLD vad VO'TH OHS 'S1elS uonsung

panunuod 9 ajqe]

pringer

Qs



686 Page 32 of 94 A. Rodan et al.

Following EAO, GTO ranks second with 15 wins, and WSO achieves 7 wins.
WOA, GMO, and HLOA each secure 5 wins, while MFO, GWO, HGSO, SHO,
FDA, PSO, and DE follow with 4 wins each. Lastly, MVO and SCA obtain 2 wins.

To evaluate the significance of EAO’s performance, we conducted a Wilcoxon
signed-rank test on the 23 classical benchmark functions at a significance level of
o = 0.05. As shown in Table 5, EAO consistently outperforms most compared
optimizers, particularly in unimodal functions (UM), where it achieves clear wins
over algorithms such as SCA, GWO, FDA, GMO, and HLOA.

In the multimodal (MM) category, EAO also demonstrates superior results
against the majority of competitors, including WSO, while exhibiting comparable
performance to MVO and FDA on selected functions. Moreover, EAO maintains its
strong edge in fixed-dimension multimodal (FDMM) functions, where it obtains
notably high win counts, especially against PSO, DE, SCA, and HLOA, with 18, 19,
22, and 22 wins, respectively. For a comprehensive breakdown of the p-values for
each function and optimizer, refer to Table 19 in Appendix A.

5.2 Performance analysis on IEEE CEC2017 benchmark functions (F1-F30)

EAO exhibits outstanding performance compared to other state-of-the-art optimiz-
ers on the IEEE CEC2017 benchmark functions with dimensionality (d = 10). As
presented in Table 6, EAO achieves 20 wins out of 30 benchmark functions,
demonstrating its superior ability to tackle both simple and complex optimization
landscapes. The CEC2017 benchmark includes a diverse set of functions
characterized by features such as multimodality, non-separability, and composi-
tional structures, which are particularly challenging for optimization algorithms.

EAQ’s consistently superior results, especially on the more difficult functions,
illustrate its robustness and effectiveness in navigating complex search spaces.
Meanwhile, competitive optimizers such as DE, GMO, PSO, and GTO achieve 10,
3, 3, and 2 wins, respectively.

Table 7 presents the results of the Wilcoxon signed-rank test, showing that EAO
significantly outperforms most competitors in all function categories. In the
unimodal (UN) category, EAO attains clear wins over WOA, MFO, MVO, SCA,
GWO, HGSO, and SHO. For the multimodal (MM) functions, EAO also
demonstrates significantly better results compared to most optimizers. In the hybrid
(HF) and composition (CF) functions, EAO continues to show strong performance
against all other algorithms, significantly outperforming all compared optimizers
such as DE, WOA, MFO, PSO, MVO, SCA, GWO, HGSO, SHO, GTO, and GMO.
For a comprehensive breakdown of the p-values for each function and optimizer,
refer to Table 20 in Appendix A.

Moreover, EAO exhibits superior performance compared to other state-of-the-art
optimizers on the IEEE CEC2017 benchmark functions with high dimensionality
(d = 100). As shown in Table 8, EAO achieves 16 wins out of 30 benchmark
functions. GMO and DE each secure 4 wins, while WSO and PSO follow with 2
wins, highlighting EAO’s strong performance relative to both traditional methods
and other recent and competitive optimizers.
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Table 7 Statistical results of Wilcoxon signed-rank test for EAO versus other compared optimizers over
the IEEE CEC2017 benchmark dataset

Function EAO versus WOA EAO versus SCA EAO versus MFO EAO versus MVO
UN 3/0/0 3/0/0 3/0/0 2/0/1

MM 7/0/0 7/0/0 6/0/1 4/1/2

HF 10/0/0 10/0/0 9/0/1 9/0/1

CF 10/0/0 10/0/0 10/0/0 9/0/1

Total 30/0/0 30/0/0 28/0/2 24/1/5

Function EAO versus GWO EAO versus WSO EAO versus HGSO EAO versus SHO
UN 3/0/0 2/1/0 3/0/0 3/0/0

MM 4/1/2 1/4/2 7/0/0 6/0/1

HF 10/0/0 5/5/0 10/0/0 10/0/0

CF 10/0/0 8/1/1 9/1/0 10/0/0

Total 27/1/2 16/11/3 29/1/0 29/0/1

Function EAO versus HLOA EAO versus FDA EAO versus GTO EAO versus GMO
UN 2/1/0 0/2/1 1/2/0 2/1/0

MM 7/0/0 3/2/2 5/1/1 2/1/4

HF 10/0/0 8/2/0 9/0/1 10/0/0

CF 10/0/0 10/0/0 8/0/2 7172

Total 29/1/0 21/6/3 23/3/4 21/3/6

Function EAO versus DE EAO versus PSO

UN 2/1/0 3/0/0

MM 4/2/1 4/1/2

HF 6/1/3 8/1/1

CF 6/0/4 8/0/2

Total[+/=] 18/4/8 23/2/5

The CEC2017 benchmark functions at (d = 100) are characterized by increased
complexity, including high-dimensional multimodality, non-separability, and com-
posite landscapes, all of which pose substantial challenges for optimization
algorithms. EAO’s superior performance in this high-dimensional setting highlights
its robust capability to navigate and exploit complex search spaces effectively,
outperforming many optimizers that struggle to maintain efficiency as the
dimensionality increases.

5.3 Results of the IEEE CEC2022 benchmark functions (F1-F12)

EAO continues to exhibit strong performance on the IEEE CEC2022 benchmark
functions across different dimensionalities (d = 10 and d = 20). As shown in
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Table 9, for d = 10, EAO achieves 8 wins out of 12 benchmark functions,
outperforming all other optimizers. The CEC2022 dataset presents a range of
challenging function characteristics, such as high multimodality, non-separability,
and composite structures, that rigorously test algorithmic capabilities.

EAOQO’s robust performance in this setting shows its ability to effectively navigate
complex search landscapes, consistently avoiding local optima and efficiently
exploring the search space. Notably, DE follows with 6 wins, while other
competitive optimizers like GMO, GTO, and PSO secure fewer wins, further
highlighting EAO’s advantage.

In higher-dimensional problems (d = 20), as shown in Table 10, EAO maintains
good performance, securing 6 wins out of 12 benchmark functions. In particular,
EAO and DE achieve the highest number of wins, demonstrating their effectiveness
in handling the increased complexity introduced by higher dimensionality.
Challenges such as enhanced non-separability and more complex landscapes often
limit an algorithm’s scalability and efficiency, yet EAO continues to excel under
these conditions. This performance highlights its robustness and suitability for
large-scale optimization tasks, where maintaining a balance between exploration
and exploitation is essential.

The results of the Wilcoxon signed-rank test to compare EAO with other
optimizers on the IEEE CEC2022 benchmark are presented in Table 11. For the
UN (unimodal and nonseparable) functions, EAO demonstrates superior perfor-
mance, significantly outperforming WOA, MFO, MVO, SCA, GWO, HGSO,
SHO, HLOA, and GTO. In the MM (multimodal) category, EAO outperforms all
other optimizers, including WOA, MFO, MVO, SCA, GWO, WSO, HGSO,
SHO, FDA, and GTO; however, GMO is statistically better than EAO, as
indicated by a 0/1/2 result.

For the HF (hybrid) functions, EAO achieves strong performance, statistically
outperforming most of the compared algorithms. In CF (composition) functions,
EAO again excels by significantly outperforming WOA, MFO, MVO, SCA,
GWO, HGSO, SHO, and GTO. Moreover, EAO outperforms PSO with a 12/0/0
record, while maintaining a strong 7/3/2 outcome against DE. For a complete
view of the p-values for each function and optimizer, refer to Table 21 in
Appendix A.

In addition, the execution time results of EAO and the other compared optimizers
on the CEC2022 benchmark functions with (d = 10), as shown in Table 12,
demonstrate that EAO maintains good efficiency compared to other optimization
algorithms. EAO achieves its results within a reasonable computational time,
making it a practical choice to solve complex optimization problems without
excessive execution overhead.

6 Visual analysis of EAO
This section provides a comprehensive visual analysis of the EAO using a variety of

charts, including sensitivity analysis, search history, trajectory, and average fitness
evaluation. Additionally, the convergence behavior of EAO is analyzed and
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Table 11 Statistical results of Wilcoxon signed-rank test for EAO versus other compared optimizers over
the IEEE CEC2022 benchmark dataset, Dim=10, Runs=30, and Iterations=10,000

Function EAO versus WOA EAO versus MFO EAO versus MVO EAO versus SCA

UN 2/0/0 1/0/1 2/0/0 2/0/0
MM 3/0/0 3/0/0 2/0/1 3/0/0
HF 3/0/0 3/0/0 2/0/1 3/0/0
CF 4/0/0 3/0/1 4/0/0 4/0/0
Total 12/0/0 10/072 10/0/2 12/0/0

Function EAO versus GWO  EAO versus WSO  EAO versus HGSO  EAO versus SHO

UN 2/0/0 1/1/0 2/0/0 2/0/0
MM 2/0/1 2/1/0 3/0/0 3/0/0
HF 3/0/0 1/2/0 3/0/0 3/0/0
CF 4/0/0 3/0/1 4/0/0 4/0/0
Total 11/0/1 7/4/1 12/0/0 12/0/0

Function EAO versus GMO  EAO versus HLOA  EAO versus FDA  EAO versus GTO

UN 0/2/0 1/0/1 0/1/1 1/1/0
MM 0/1/2 3/0/0 2/1/0 3/0/0
HF 3/0/0 3/0/0 2/0/1 3/0/0
CF 3/0/1 3/0/1 2/1/1 2/1/1
Total 6/3/3 10/0/2 6/3/3 9/2/1
Function EAO versus DE EAO versus PSO

UN 2/0/0 2/0/0

MM 2/1/0 3/0/0

HF 1/2/0 3/0/0

CF 2/0/2 4/0/0

Total 7/3/2 12/0/0

compared against other compatative optimizers to highlight its performance
advantages. The analysis concludes with an exploration and exploitation assess-
ment, providing insights into its adaptability across diverse optimization scenarios.

6.1 Sensitivity analysis of EAO parameters

As can be seen in Fig. 6, the sensitivity analysis of the EAO optimizer reveals that it
exhibits robust performance for most functions, consistently reaching their
respective optimal values with minimal variability in combinations of EC
parameters and substrates. Functions such as F1, F3, F6, F7, F§, F9, and F12
demonstrate high stability, achieving their optimal values with EC less than 0.3.
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Fig. 6 Sensitivity analysis of EAO parameters (F1-F12)

In contrast, functions like F2, F4, F5, F10, and F11 display slight to moderate
sensitivity, where optimal performance depends on specific EC parameter and
substrate settings. However, even for these functions, the optimizer reliably
approaches the optimal values under appropriate conditions. EAO optimizer proves
to be effective and stable, with only minor tuning required for a few functions to
achieve optimal performance.

6.2 EAO search history, trajectory, and average fitness analysis

This section analyzes the search history, trajectory of the first substrate, and average
fitness of the EAO optimizer. The second column in Figs. 7 and 8 illustrate the
search history of EAO substrates throughout the iterations. As can be seen in the
figure, EAO exhibits a consistent pattern across the tested functions, where
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substrates continuously explore promising areas of the search space and subse-
quently exploit regions in close proximity to the global optima with high precision.
These observations ensure the effectiveness of EAO in reaching the global
optimum.

For the selected classical 23 functions (F1, F4, F6, F10, F11, F13, and F18), in
Fig. 7 the search history of the EAO substrates, highlighting their ability to navigate
the search space by oscillating between exploration and exploitation phases. This
adaptive behavior ensures continuous improvement in fitness, as the substrates
refine their positions to move closer to the global optima. The trajectory plots of the
first substrate reveal a rapid reduction in movement magnitude over time,
suggesting that after an initial broad search, EAO effectively focus its efforts in
more promising areas of the search domain. Moreover, the average fitness curves
illustrate the optimizer’s capacity to systematically reduce the overall fitness values.

On the other hand, when evaluating the CEC2022 benchmark dataset (F1-F3,
F11, and F12), it can be seen in Fig. 8 which contain a more challenge problems
with various complexity, where EAO maintained similarly good results. The second
column shows the history around the global optimum which confirms EAO’s
capacity for robust exploration. Moreover, in the third column, the substrate
trajectories confirm the success of EAO shifting from exploration to a more
localized exploitation phase. Concurrently, the average fitness plots also show
improvements, signifying that EAO effectively extracts the best possible solutions
in these more challenging CEC2022 scenarios. These observations collectively
highlight EAO’s adaptability and effectiveness, whether tested against the classical
23 functions or the more demanding CEC2022 benchmarks.

Moreover, Figs. 9 and 10 illustrate the 3D trajectories of the first substrate of
EAO over the CEC2022 benchmark (F1-F12). EAO demonstrates an adaptive
balance between exploration and exploitation. Initially, the substrate moves in large
steps, exploring large areas of the search space. As the iterations progress, the
trajectories become more concentrated, with movements focusing on specific
regions, indicating a transition to targeted exploitation. This movement shows that
EAO effectively adjusts the substrate’s position, starting with broad exploration to
identify promising regions, followed by refined searches around the global optima to
avoid premature convergence.

6.3 Convergence analysis of EAO with competitive optimizers

EAO demonstrates consistently superior performance across the selected benchmark
functions when compared to the other optimizers, as shown by its rapid convergence
and lower final fitness values in most of the test cases (see Fig. 11). From the full-
range plots, EAO exhibits a sharper descent curve in the early iterations, indicating
a strong global exploration capability, while the zoomed-in views around the optima
further highlight its robust exploitation behavior by refining solutions more
effectively than alternative methods.

In particular, on most of the tested functions F1-F4 and F9-F11, EAO achieves
the best observed fitness levels within fewer iterations, showing its efficiency to
tackle both unimodal and multimodal problems. Even in more challenging
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Fig. 7 Illustration of the search history, trajectory of the first substrate, and average fitness of EAO
optimizer over selected functions F1, F4, F6, F10, F11, F13, and F18 of the 23 classical benchmark
functions

landscapes like F14, EAO consistently maintains a convergence advantage,
demonstrating superior stability and adaptability. These results indicate that EAO
is a competitive and reliable choice among bio-inspired and nature-inspired
optimization techniques that effectively tackle a wide range of complex search
spaces.
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Fig. 8 Illustration of the search history, trajectory of the first substrate, and average fitness of EAO
optimizer over selected functions F1-F3, F11, and F12 (CEC2022)

Moreover, across the selected CEC2022 benchmark functions (F1-F8) as shown
in Fig. 12, EAO demonstrates a consistently competitive and often superior
convergence trend in comparison with the other competitive optimizers. Specifi-
cally, it combines robust global exploration with a effective local exploitation
phase, often achieving lower fitness values in fewer iterations. In functions such as
F1, F5, and F6, EAO curve decreases rapidly from the beginning, demonstrating its
capacity to efficiently identify promising regions and refine candidate solutions
toward the global minimum. Even in more challenging landscapes like F7 and F8,
EAO maintains a strong convergence pattern, either outperforming or performing
comparably to the other competitive optimizers such as MVO, WSO, FDA, GTO,
HLOA, and SHO, indicating a high level of adaptability.
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Fig. 9 EAO 3D trajectory analysis over selected function of CEC2022 (F1-F6)
6.4 EAO exploration and exploitation analysis

This section provides a detailed examination of how the EAO algorithm manages
the trade-off between exploration and exploitation. We highlight how EAO adapts
its strategy over time to scan broad regions initially and subsequently refine
solutions within more promising areas. This balance reduces the risk of premature
convergence and ensures robust performance across diverse optimization
landscapes.

As it can be seen in Figs. 13, 14, and 15 which illustrate the dynamic balance
between exploration and exploitation across various benchmark functions. The
vertical axis in these figures represents the percentage of EAO effort dedicated to
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Fig. 10 EAO 3D trajectory analysis over selected function of CEC2022 (F7-F12)

either exploration or exploitation at each iteration, while the horizontal axis shows
the iteration count.

Initially, the exploration percentage is high, indicating that EAO allocates a
substantial part of its computational steps toward searching a broad and diverse
region of the solution space. This early emphasis on exploration ensures that EAO
samples multiple areas widely, reducing the likelihood of premature convergence to
suboptimal regions. The corresponding high exploration curve visually confirms
that at the beginning, a significant fraction of EAO’s operations are geared toward
trying new substrates, applying broader movements, and maintaining high diversity
among candidate solutions.
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Fig. 11 Convergence curve analysis over selected functions from the classical 23 benchmark functions
(F1-F4, F9-F11, and F14)
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Fig. 12 Convergence curve analysis over CEC2022 benchmark functions (F1-F8)
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As iterations progress, the exploration percentage typically decreases. This
decrease indicates that EAO is progressively refining its search strategy. Instead of
continually exploring distant areas, EAO begins to focus more on regions where it
has identified higher-quality solutions. Consequently, the exploitation percentage
rises, reflecting an increased investment of computational resources in increasing
the search around promising substrates. Exploitation-oriented steps may involve
localized refinements, employing strategies that employing previously found high-
quality solutions. In other words, EAO shifts from a wide-ranging search (high
exploration) to a more targeted, solution-enhancing approach (high exploitation).

The calculation of these percentages involves assessing the relative proportion of
exploration versus exploitation actions at each iteration. For instance, exploration
actions might include large sinusoidal updates, random perturbations, or the
introduction of new substrates from unexplored regions, while exploitation actions
might involve small, controlled steps, selective improvements guided by the best
solutions found so far, or parameters that narrow the search around a localized
promising area. By quantifying the number and intensity of exploration-based
updates against exploitation-based refinements, EAO can determine the current
percentages.

The rise of the exploitation curve, coupled with the fall of the exploration curve,
indicates that EAO is sucess in the initial search phase. Over time, as the
exploitation percentage stabilizes at a high level, it suggests that EAO has targeted
to a smaller region of the search space and is actively refining solutions there. This
stable, high-exploitation state generally corresponds to the later stages of the
optimization process, where EAO intensively move to the best-found solutions to
achieve minimal error or maximal fitness, depending on the objective.

6.4.1 Ablation study on EAO exploration and exploitation components

In this ablation study, we assess the impact of EAO’s exploration and exploitation
mechanisms by comparing performance against variants in which these components
are partially or entirely disabled. The standard EAO approach balances exploration
and exploitation by prioritizing early exploration to cover extensive regions of the
search space, followed by a shift toward exploitation to refine promising solutions.
Altered variants, including ‘No Exploration,” ‘No Exploitation,” and ‘No Explo-
ration and No Exploitation (static balance),” highlight the importance of each
component, where exploration drives global search capability, while exploitation
confirms final precision.

Figures 16 and 17 show the comparative results on CEC 2017 benchmarks (F1-
F5) for dimensions (d = 10 and d = 100) indicate that the original EAO performs
well in both (d = 10 and d = 100). In contrast, other variants show significant
shortcomings on F1-F5. Specifically, ‘EAO with Exploration only’ struggles on
these functions with lower performance and stability. Similarly, ‘EAO with
Exploitation only’ fails to match the original EAO on several benchmarks and
suffers from higher variance, particularly on F2 and F3. The ‘No Exploration and
No Exploitation’ variant consistently performs poorly, showing substantial
variability across all functions. These observations show the necessity of robust
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exploration and exploitation mechanisms, as well as their dynamic coordination, in
delivering high-quality optimization results.

7 EAO for engineering design problems

This section discuss solving of different engineering design problems using EAO
and compares the results with those of well-known and state-of-the-art optimizers.
The effectiveness of the EAO optimizer is evaluated through its application to a
series of engineering problems (see Table 13). These problems consist of different
constraints and objectives and range from reducing the weight of a Three-bar truss
to minimizing the cost of a Pressure Vessel.

The engineering problems assess the EAO optimizer’s ability to navigate
complex optimization landscapes and obtain optimal solutions. In all experiments in
this section, we used 500 iterations, 30 substrate/agents and 30 runs.
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Fig. 16 Ablation study on EAO exploration and exploitation components (F1-F5) at dim = 10
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Fig. 17 Ablation study on EAO exploration and exploitation components (F1-F5) at dim = 100

NV, number of variables; NCV, number of continuous variables; NDV, number
of discrete variables; NC, number of constraints; NIC, number of inequality
constraints; NAC, number of active constraints; F/S, ratio between the feasible
solutions in the search space (F) and the entire search space (S); DO, design
objective.

7.1 Pressure vessel design

The pressure vessel design problem (see Fig. 18) is a well-known optimization
problem in mechanical engineering. The goal is to minimize the manufacturing cost
of a cylindrical pressure vessel with hemispherical ends. The design variables
include the thickness of the shell, the thickness of the head, the inner radius, and the
length of the cylindrical section, which influence the cost, safety, and functionality
of the pressure vessel.
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Table 13 Characteristics of engineering problems

No. Case name NV NCV NDV NC NIC NAC F/S DO

1 Three-bar truss 2 0 0 3 3 - - Minimum
weight

2 Cantilever beam 5 5 0 1 1 - - Minimum
weight

3 Tension/compression 3 3 0 4 4 2 0.1 Minimum

spring weight

4 Pressure vessel 4 2 2 4 4 2 0.40  Minimum cost

5 Speed reducer 7 6 1 11 11 3 0.004 Minimum
weight

Fig. 18 Pressure vessel design

Mathematical formulation
The cost function consists of material costs and forming costs and is expressed as
the sum of these two components, as shown in Eq. 18 - 20:

Frmaterial (X) = 0.6224 x 0.0625 x x; X x3 X x4 + 1.7781 x 0.0625 x x5 x x5 (18)
froming(X) = 3.1661 x (0.0625 x x1)* X x4 + 19.84 x (0.0625 x x;)* x x5 (19)

f(X) :fmaterial(x) +fforming (X) (20)

where x; is the shell thickness, x, is the head thickness, x5 is the inner radius, and x4
is the length of the cylindrical section. The aim is to minimize the total cost of the
vessel while satisfying a set of physical and practical constraints to ensure structural
integrity and compliance as shown in Eq. 21 — 24:

—0.0625 x x; +0.0193 x x3 <0 (21)

—0.0625 x xp +0.00954 x x3 <0 (22)
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—
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— d
Fig. 19 Tension/compression spring design
—nxx%xx4—g7r><x§+1296000§0 (23)
x4 —240<0 (24)

Additionally, the design variables must satisfy minimum size requirements to be
manufacturable and to meet safety standards, where x; must be at least 1, x, must be
at least 1, x3 must be at least 10, and x4 must be at least 10.

The goal is to minimize the total cost function f(x) subject to the constraints. The
formulation includes a penalty for violating any constraint to ensure that only
feasible designs are considered during the optimization process.

The results in Table 14 show that DE achieves the best performance, reaching the
lowest mean value of 5885.333 with an exceptionally low standard deviation of
4.61 x 107% to solve the pressure vessel design problem. However, EAO closely
follows DE, ranking second with a mean value of 5885.341 and a very small
standard deviation of 0.002681, demonstrating near-identical performance. Both DE
and EAO reached the best solution of 5885.333, confirming their ability to converge
precisely to the optimal value. Compared to the other optimizers, WSO ranks third,
showing slightly higher mean value and standard deviation, while GWO and GTO
follow with larger deviations in their results. Alternatively, optimizers such as
WOA, SHO, and HGSO exhibit significantly higher mean values and variations,
indicating lower consistency and reliability.

7.2 Tension/compression spring design

The spring design problem (see Fig. 19) is a classic optimization problem aimed at
minimizing the weight of a tension/compression spring. The design must meet a set
of performance constraints, including limits on shear stress, surge frequency, and
minimum deflection.

Mathematical formulation The objective of the spring design problem is to
minimize the weight of the spring, as shown in Eq. 25:

f(X) = (x3 4 2)xx; (25)
where x; is the wire diameter, x, is the mean coil diameter, and x3 is the number of

active coils. These variables determine the physical characteristics and performance
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of the spring, which are controlled by constraints that are derived from the physical
properties of the spring, as shown in Eqgs. 26-29. These constraints ensure that the
spring can withstand the applied forces without failure due to shear stress or
excessive deflection and that it has an acceptable resonance frequency.

3
—X5X3
B8 < 26
717856 = (26)
43 — 1
DR S—1<0 (27)
12566 (xpx7 —x7)  5108x]
140.45
1-—=" <o (28)
X53X3
nte o (29)

1.5 -

The results in Table 15 highlight the superior performance of EAO in solving the
tension/compression spring design problem, achieving the lowest mean value of
0.012668 and the smallest standard deviation of 0.000002. Furthermore, EAO,
WSO, and DE all reached the best solution of 0.012665, where WSO and DE follow
closely with slightly higher standard deviations. Compared to the other algorithms,
GWO and GTO exhibit greater variability in their results, while optimizers such as
FDA, MFO, and SCA present higher mean values, indicating reduced consistency
and reliability. HLOA and MVO demonstrate the highest variations, further
emphasizing their lack of robustness in this problem.

Table 15 Statistical results of the optimization algorithms for the tension/compression spring design with
optimal variable values (X1-X3)

Optimizer Mean Std Max Best X1 X2 X3 Rank
EAO 0.012668 0.000002 0.012677 0.012665 0.051698 0.356936 11.276513 1
WOA 0.013497  0.000872 0.016945 0.012665 0.051000 0.340155 12.344571 12
MFO 0.013019  0.000484 0.014645 0.012670 0.051000 0.339664 12.403848 8
MVO 0.016411 0.002271  0.018457 0.012691 0.051628 0.355259 11.374979 14
SCA 0.013020  0.000229 0.013725 0.012713  0.051721 0.357479 11.244460 9
GWO 0.012687  0.000026 0.012845 0.012670 0.051825 0.359995  11.099405
WSO 0.012668  0.000006 0.012696 0.012665 0.051690 0.356734 11.287991 2
HGSO 0.014305 0.000824 0.016559 0.012834 0.051684 0.356596 11.296086 13
SHO 0.013045 0.000533  0.015855 0.012725 0.051722 0.357511 11.242599 10
HLOA 0.018610  0.004199  0.028939 0.012665 0.051689 0.356718 11.288968 15
FDA 0.012988 0.000838 0.017533  0.012665 0.051000 0.339962 12.377552
GTO 0.012710  0.000108 0.013330 0.012665 0.051924 0.362345 10.969224
GMO 0.013089 0.000524 0.014721 0.012665 0.052185 0.368761 10.616320 11
PSO 0.012969 0.000452 0.014123 0.012666 0.051881 0.361349 11.022549 6
DE 0.012669 0.000011 0.012724 0.012665 0.051689 0.356718 11.288963 3
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7.3 Speed reducer design

The speed reducer design problem (See Fig. 20)is a multifaceted optimization
problem that seeks to minimize the weight of a gear train within a speed reducer
assembly. The design variables influence the geometry and dimensions of the gear
train, which must adhere to a set of mechanical constraints to ensure functionality,
safety, and manufacturability.

Mathematical formulation The weight of the speed reducer is expressed as the
objective function to be minimized, as shown in Eq. 30, which includes face width,
gear module, number of teeth, and the diameters of the shafts.

F(x) =0.7854 x x; x (x3) x (3.3333 x x3 + 14.9334 x x3 — 43.0934)
— 1.508 x x; x (xZ +x3) +7.4777 x (x; +x3) (30)
+0.7854 x (x4 x (x2) + x5 x (x3)).

The speed reducer is controlled by many constraints, as shown in Eq. 37-47,
whereas these constraints represent the physical and performance-related require-
ments such as stress limits, deflection limits, gear ratios, and dimensions corre-
sponding to the practical engineering limits. Furthermore, a penalty function is
incorporated into the optimization routine to impose a significant cost on designs
that do not meet the constraints.

27

T 4
x X (3) xx; (31)
397.5
- <1
X ) X () G2)
3
1.93 ><)c44 <1, (33)
X X x3 X (x¢)
X5 x4 X3 X4
€ —

Fig. 20 Speed reducer design
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1. 3
93><x54 <1, (34)
X2 X x3 X (x5)

0.5
745 x X4 % 1 < 17 (35)
Xy X X3 110 xxg
4 1 0.5
745 x X5 % . S 1’ (36)
Xy X X3 85 x x5
Xy X X3
<1
B, (37
5 X X2
L1 38
e, (38)
X1
<1
12 X xp — ’ (39)
1. 1.
MSI, (40)
X4
1.1 1.9
xxiﬁ—gl' (41)
Xs

The results in Table 16 indicate that FDA achieves the best performance, reaching
the global optimum solution of 2994.47 with the lowest standard deviation of
4.12 x 10~ for solving the speed reducer design problem. WSO and EAO closely
follow FDA, with mean values of 2994.48 and 2994.49, respectively, and small
standard deviations of 3.03 x 1072 for WSO and 7.60 x 103 for EAO, demon-
strating strong reliability and stability in convergence. Moreover, GTO and DE also
perform competitively, reaching near-optimal solutions but with slightly larger
standard deviations, ranking 4th and 5th, respectively. However, optimizers such as
GMO, MFO, and GWO display higher mean values and variability, indicating less
consistent results. WOA, HLOA, and HGSO exhibit significantly larger deviations
and mean values, indicating their lower stability in this optimization problem.

7.4 Cantilever beam design

The cantilever beam design problem (see Fig. 21) is a structural engineering
optimization problem that aims to minimize the weight of a beam while ensuring it
can bear certain loading conditions. The design of the beam is defined by the
dimensions of its cross-sectional areas, which are critical in determining the beam’s
deflection under load.

Mathematical formulation The weight of the cantilever beam is to be minimized
as shown in Eq. 42:
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f(X) = 00624 X ()C] + X2 —|—X3 —|—X4 —|—X5) (42)

where x,x7,x3, X4, and x5 represent the beam’s sectional dimensions.

Moreover, the cantilever beam design is constrained by the allowable deflection
as shown in Eq. 43, which ensures that the deflection of the beam under the applied
load does not exceed a specified limit.

61 37 19 7 1
—+S5+5+5+5<I (43)
X1 % X3 X X

Furthermore, a penalty is applied to the objective function to handle any violation of
this constraint, as shown in Eq. 44:

Penalty = 10° x (sum of violations) (44)

where the sum of violations is the aggregated measure of the extent to which the
constraints are exceeded.

This penalty term is essential, as it guides the optimization algorithm to search
for solutions within the feasible design space, thus ensuring that the resultant beam
design is not only light but also structurally sound.

The results in Table 17 demonstrate that EAO and WSO achieve the best
performance, both obtaining the global optimum solution of 1.339956 and sharing
the top rank for solving the cantilever design problem. WSO exhibits the lowest
standard deviation of 5.695 x 10~!', followed by EAO with 7.204 x 107,
indicating exceptional stability in convergence. DE also performs well, achieving
the same best solution with a slightly higher standard deviation of 1.496 x 1073,

Fig. 21 Cantilever beam design
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X1 X1

Fig. 22 Three bars design

placing it in the third rank. PSO and GTO also closely approximate the optimal
solution, with marginally larger standard deviations. On the other hand, MVO,
GWO, and GMO display slightly higher mean values and variability, indicating less
consistent performance. Optimizers such as WOA, SCA, and HGSO exhibit
significantly larger deviations and higher mean values.

7.5 Three bars design

The three bars design problem, as shown in Fig. 22, is an optimization problem in
structural engineering focused on minimizing the weight of a truss structure while
maintaining structural integrity under specified loading conditions. This problem is
essential for optimizing material usage and ensuring stability in lightweight
structures.

Mathematical formulation The objective function, representing the total weight
of the three bars, is to be minimized, as shown in Eq. 45:

f(x) = (2 x V2 X x| +x2) x 100 (45)

where x; and x, are the cross-sectional areas of the bars. x| typically represents the
area of two bars at an angle (assumed for simplification to be symmetrically placed),
and x, represents the area of a horizontal bar connecting these two.

The design is constrained by three conditions that relate to the stress and
displacement limits of the structure, as shown in Eq. 52-54:

V2 x x; +x2
V2 x4+ 2 % x1 XX

x2—2<0, (46)

X2
V2 X33 +2 % x1 XX
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Table 18 Optimization results of the three bars design with optimal variable values (X1-X2)

Optimizer Mean Std Max Best X1 X2 Rank
EAO 263.8958 2.87E-13 263.8958 263.8958 0.788675 0.408248 1
WOA 264.5491 8.27E-01 268.3066 263.8975 0.787183 0.412485 12
MFO 263.9670 1.59E-01 264.9597 263.8960 0.788250  0.409451 10
MVO 263.8987 2.74E-03 263.9070  263.8960 0.788948 0.407478 7
SCA 265.1560 4.51E+00 282.8427 263.8979 0.787523 0.411527 14
GWO 263.8990 2.84E-03 263.9088 263.8959 0.788776 0.407963
WSO 263.8958 2.54E-07 263.8958 263.8958 0.788675 0.408248 3
HGSO 265.2140 3.22E+4-00 282.8536 263.8977 0.786821 0.416226 15
SHO 264.7501 3.73E+4-00 282.8427 263.9062 0.785004  0.418737 13
HLOA 264.0218 4.63E-01 266.2466 263.8958 0.788615 0.408419 11
FDA 263.8960 8.15E-04 263.9016 263.8958 0.788676 0.408245 5
GTO 263.8958 1.86E-05 263.8958 263.8958 0.788747 0.408045 4
GMO 263.9097 2.47E-02 264.0365 263.8958 0.788595 0.408475 9
PSO 263.8970 1.554E-03 263.9018 263.8958 0.788704  0.408167 6
DE 263.8958 2.586E-12 263.8958 263.8958 0.788675 0.408248 1
L 2 2<0 (48)
X+ V2 X x -

The results in Table 18 demonstrate that EAO, DE, WSO and GTO achieve the best
performance for the three bars design problem, each convergent to the global
optimum solution of 263.8958, where EAO exhibits the lowest standard deviation of
2.87 x 10713, making it the most stable optimizer. Moreover, DE follows with a
slightly higher standard deviation of 2.586 x 102, while WSO (2.54 x 10~7) and
GTO (1.86 x 107°) also show strong stability.

On the other hand, PSO achieves a slightly higher mean value of 263.8970 with a
standard deviation of 1.554 x 1073, indicating minor variations in convergence.
Other optimizers such as GMO, MFO, and HLOA display higher mean values and
standard deviations, indicating less consistent performance. Optimizers like WOA,
SCA, and HGSO show significantly larger deviations.

8 Conclusions and future directions

This paper proposed a novel bio-inspired optimization algorithm called enzyme
action optimization (EAO), motivated by the adaptive mechanisms of enzymatic
actions in biological systems. By simulating enzymatic behaviors, EAO maintains a
dynamic balance between exploration and exploitation, as simulated to the way
enzymes in biological systems adapt their catalytic rates and substrate values. EAO
performance has been evaluated across a diverse benchmark functions, including the
IEEE CEC (2017, and 2022) and the classical 23 functions benchmark functions,
experimental results demonstrate EAQO’s superiority in achieving rapid convergence
and high-quality solutions, even in complex and high-dimensional fitness
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landscapes. Moreover, when applied to real-world engineering tasks such as
pressure vessel design, tension/compression spring design, speed reducer design,
cantilever beam design, and three-bar truss design, EAO exhibits strong perfor-
mance compared to state-of-the-art optimization algorithms.

The design of EAO draws on empirical insights that highlight its ability to
maintain a robust balance between exploration and exploitation throughout the
optimization process. Its dual focus on adaptivity and diversity preservation is
reflected in two key mechanisms. First, the Adaptive Factor dynamically controls
the exploration-exploitation trade-off, allowing EAO to explore deeply into
promising areas without becoming trapped in local optima. Second, the enzyme-
substrate interaction paradigm ensures that both promising and less-explored
regions of the search space are carefully sampled. This combination of targeted
search and global coverage explains EAQ’s strong performance on a wide range of
problems and shows its versatility as a general-purpose optimizer.

EAOQ’s capacity to be deployed with minimal parameter tuning is particularly
appealing for real-world applications, where limited a priori knowledge or evolving
problem dynamics often render extensive manual tuning impractical. EAO’s
adaptability thus allows it to remain efficient and robust when problem constraints
or landscapes shift, a frequent occurrence in dynamic engineering or industrial
contexts.

Future developments of EAO will concentrate on further expanding its
applicability and enhancing its capabilities. A binary version of EAO could solve
problems such as feature selection, thereby extending EAQO’s utility to domains
where the design space is discrete and the decision variables are inherently binary.
An additional extension lies in the field of multi-objective optimization, where EAO
would manage simultaneous trade-offs among multiple objectives, thus allowing
broader applicability to complex real-world challenges that require the optimization
of conflicting objectives. Investigations into hybridization with other metaheuristics
or machine learning models, including deep neural networks, could also unlock new
strategies for adaptive parameter control and enhanced diversity management.
Moreover, exploring parallelized or distributed implementations of EAO may offer
substantial gains in computational efficiency and scalability for large-scale, high-
dimensional problems. Finally, applying EAO to dynamic optimization tasks where
the objective function or constraints shift over time presents a significant
opportunity to refine EAQO’s real-time adaptability. Such directions promise to
both enrich EAQO’s theoretical foundations and expand the scope of its practical
applications.

Appendix A Wilcoxon signed-rank test significant results
over the studies benchmark datasets

See Tables 19, 20, 21.

@ Springer



Page 73 of 94 686

Enzyme action optimizer: a novel bio-inspired optimization algorithm

+ + + = + + + + + + + + = - ouuipg
981 061
0/S9%  O€/SEY  OLIS6E  /6LT  0/S9F 0/S9% 19y 0/S9F  O/S9F  OLIS6E  IA9F  0/IS9Y  /SLT  vhP/IT  -LAL
S0 0 10 90 90 90 90 0 90 90 10
90-HELT  AITE  -HIE8  H6S€  CHELT  90HELT -HTET el -HELT  CHIES  CHT6T  HEL'T  -HI®'E  S0-H9¢'l  onpea-d 94
+ = - + + - + + - - + + + - rouupg
e
0/S9% /ST €9PIT  TIWSE  0/S9F oPE 09y 0/S9F  6YR/OL  €9PIT  O/S9F  6TI9EY b9 SOP0  ~L/+L
10 90 90 90 90 90 90 90 90 S0 90
90-HEL'T  -HEL9  CHEIT  -HTTS  CHELT  90°HSET  -GHELT  HELT  CHLY'S  CHEI'T  CHELT  -APST  H09'T  90-HeL’1  onpea-d s
+ + + + + + + + + + + + + +  souup
LO1
/8S€  0/S9F  0/S9Y  0/S9F 0/S9%  0/S9v  O/S9F  O/S9F  O/S9F  O/S9F  0/S9F  O/S9F 0/S9F  ~L/A+L
€0 90 90 90 90 90 90 90 90 90 90
P86 HELT  GHEL'T  CHELT  90-HELT  CHELT  -HELT  CHELT  GHELT  HELT  CHELT  -HELT  90-HEL'T  onpea-d td
+ + + + + + + + + + + + + +  seuuip
0/S9  0/S9F  0/S9F  0/S9Y 0/S9%  0/S9y  0/S9F  O/S9F  O/S9F  O/S9F  O/S9F  O/S9F 0/S9F /AL
90 90 90 90 90 90 90 90 90 90 90
HELT CHELT  GHELT  HELT  90-HELT  CHELT  HELT  CHELT  GHELT  HELT  -HELT  HELT  90-HEL'T  onea-d €l
+ + + + + + + + + + + + + +  souuip
0/S9F  0/S9F  0/S9F  0/S9Y 0/S9%  0/S9y  O/S9F  O/S9F  O/S9F  O/S9F  0/S9F  O/S9F 0/S9% /AL
90 90 90 90 90 90 90 90 90 90 90
HELT  HELT  CHELT  CHELT  90-HELT  CHELT  HELT  HELT  (HELT  CHELT  CHELT  CHELT  90-HEL'T  onpea-d u
+ + + + + + + + + + + + + +  souuip
0/S9F  0/S9F  0/S9¥  0/S9Y 0/S9%  0/S9Y  0/S9F  O/S9F  O/S9F  O/S9F  0/S9F  0/S9F 0/S9r  -L/+L
90 90 90 90 90 90 90 90 90 90 90
HELT CHELT  GHELT  HELT  90-HELT  CHELT  -HELT  CHELT  GHELT  HELT  CHELT  HELT  90-HEL'T  onpea-d 14
0sd 4d  O4N  OHS VOTH OLD OWD VAl OSOH OSM OMD VDS OAW VOM  Xopul uonoung

SUOT)OUNJ [BOISSB[D €7 JOAO SI[NSAI JS) NUBI-PAUTIS UOXOO[IA 61 d|qel

prlnger

NS



A. Rodan et al.

686 Page 74 of 94

= = = + + = + + + = + + + +  souuip
8¢
gsIzIe LT oS 0/S9r  0/S9F 00  0/S9%  0/S9F 0401 0/S  0/S9F  0/S9F  0/S9Y 0T AL
10 10 90 90 90 90 0 10 90 90 90
10820 -HOS'L  -H00'S  -HEL'T  -HELT 00+HO0'T  -HEL'T  HELT  -HPPT  -HO0'S  -HELT  -HEL'T  -HELT  TOHEle  onpead 11
- - + + + + + + + + + + + +  souuip
6€¢
0SE/STT  /9TL  0/S9%  0/S9F  0/S9Y 0/SE  0/S9F  O/S9F  O/SE O/S9F  O/S9Y  O/S9F  0/S9 0/Sy AL
20 90 90 90 90 90 L0 90 90 90 90
TO-HLST  AS®T  CHELT  CHEL'T  CHELT  LOHLST  GHELT  HELT  CHLST  CHELT  CHELT  CHELT  CHELT  S0-H9SE  onpea-d 014
+ + + + + = + + + + + + + = suuip
TUESY  O/S9F  OILT O/S9F  0/S9Y 00  0/S9F  O/S9F  0/S9F O/l 0/S9%  0/S9F  0/S9F 00 -LA+L
90 20 90 90 90 90 90 20 90 90 90
90-HSL'S  CHELT  -A9ST  CHELT  CHELT 00+H00'T  cHELT €L CHELT  CHOSTT HELT  HEL'T  CHELT  00+H00'T  onpea-d 6
+ + = - + + - - = = - + - - Jouulpm
8T epl 8T
Se0sy  1UASE  JLET  S9PI0 IA9F  001/S9E  S9P0 SO0  /TE  JLET TSWEL  €/29F  S9W/0 SOP/0  ~L/+L
90 10 90 90 90 90 20 10 90 90 90
S0-998y -HCTS  H9T6  CHELT  HT6'l  €0-HTy9  CHELT  GHEL'T  -H9S9 -HOT6  HPE9  -HSET  -HEL'T  90-HEL'T  onpea-d 81
+ + + + + = + + + + + + + +  suuipg
€€l
0/S9%  0/S9%  O/S9F  O/S9v  O/S9F  1TTAPT  O/S9F  O/S9F  O/S9F  [TEE O/S9F  O/S9v  O/S9F  SULPP  L/AL
90 20 90 90 90 90 90 20 90 90 90
VO-HILL  CHELT  CALOY  CHELT  CHELT  10HEl8 CHELT  CHELT  CHELT  CHL0Y  HELT  HELT  HELT  SOHco’l  onpead Ld
0sd 4d  O4W  OHS VOTH 0I5 OWD VvAd OSOH OSM OMD VDS OAIW VOM  Xopu[ uonounyg

penunuod g 3jqel

pringer

AR



Page 75 of 94 686

Enzyme action optimizer: a novel bio-inspired optimization algorithm

+ + - - + - - - - - - + - - IouuIm
LTl
SLIO6E  /8€E SO0 YOE/IL  TS/ELY LIS 9SH/6  €SP/TL  90¥/6S  S9PI0  S9V/0  1/9F  86€/L9 SOP/0  ~L/+L
20 90 0 0 90 90 0 90 90 90 0
€0-H0TT  -HO0E  HELT  -HP6'8  -HSOT  vO-HIYT  -H6Ty  GHSL'S  -HeS€  -HEL'T  HELT  CHTE'l  -AP99  90-HEL'T onpead 914
= + = + + - = —+ = = + + + +  Iouurpy
pIE Lyl 811 81 plg
88I/LLT  8Y/LIy  /IST 1THPY  €S/CIF  00W/S9  /81E  /LbE /18T /ISL  8ULyy  0/S9F  S/09F  €1/CSh  LA+L
0 20 S0 0 20 20 10 20 S0 90 90
100909 -H8'I  -HLE'6  -H9ET  -HITT  POHILS  GHOS'L  HS®T  -HSIE  CHLE6  -HTO'l  -HEL'T  -H88'T  90-Ape9  onfea-d S1d
+ + + + + + = = + + + + + +  souuip
e 81
Ip9y  TUESY  TE9Y  SILSY  0/S9F 0/S9%  /I¥T /18T O/S9Y  TE9Y  SS/OIF  0/S9Y  O/S9F 199y ~L+L
90 90 90 90 10 10 90 90 0 90 90
90-HT6'l  -ASL'S  CHEIT  -A8%'E  -HELT  90-HELT  -HI9®  -ASI'E  -HELT CHEl'T  CHI9T  CHELT  CHELT  90-HTe’l  onpea-d 14
+ + + - + + - - + + + + - - ouuipg
OL/SSY  ¥/19F  TY/E0F  vOW/T  0/S9Y 0/S9%  STHOY  8PPILL  O/S9F  TY/EOF  O/S9F  O/S9Y  S9PI0  TSPEL  ~L/HL
90 0 90 90 S0 90 90 0 90 90 90
90-HELY  -H09T -HESY  HTE'l  CHELT  90HELT -HISL  HIE6  -HELT  HESY  CHELT  HELT  CHELT  90-Ape9  onpea-d €1d
- = + + + + + + + + + + + - nouum
06C €€l €€l
SOV/0  /SLT  [TEE TUESY  O/S9F L9 09y 0/S9F  €9/T0F  [TEE O/S9F  0/S9F  OE/SER SOP/0  ~L/+L
10 20 90 90 90 90 0 20 90 90 S0
90-HELT  HLET CHLOY  GHSLS  CHELT  90HEI'T -HELT  HELT  -HO6Y  CHLOY  CHELT  -HEL'T  CHINE 90-HeL’T  onpea-d [4E|
0sd 4d  O4W  OHS VOTH 0I5 OWD VvAd OSOH OSM OMD VDS OAIW VOM  Xopu[ uonounyg

penunuod g 3jqel

prlnger

Qs



A. Rodan et al.

686 Page 76 of 94

+ + + + + + + + + + + + + + ouurm
0/S9v  0/S9%  0T/Syy  ST/Ovy  0/S9Y 6C/9¢y  €8/C8¢  ee/cey  Sv/0cy  OT/Svy 8T/LEy  0/S9Y  Lv/81Y g¢/LTy  -1/tL
90 S0 S0 90 €0 S0 ¥0 S0 S0 90 ¥0
90-HEL'T  -HEL'T APl -AL6l  -HEL'T  S0-AY8'T  -HII'T  -HLOY  CHSIT Ayl -H09'T  -HEL'T  -H9E'T  S0-Hee'9  onpea-d 1cd
+ + + = + + - = = + = + = = 1ouum
€51 re €67 991 9C¢ 181
Ov/STy  0/S9%  69/96¢ cre  0/s9v 1¢/yvy /11 1Ll /66T 69/96¢ /6€1 0/591 ¥8¢ L61/89C  -L/+L
90 Y0 10 90 0 10 10 0 0 90 10
So-dIS'L -AELT  -HILL  -HCO'L  -HEL'T  SO-H9E'T  -A8I'T  -HEI'T  GHILT CHILL  -HSE'S  -HEL'T  -H68'T  10-dS9Y  enfea-d 0cd
+ + + - + + - - = + - + - +  Iouurm
[43! CLl [48!
90y S/09% /es€ vOv/1 0/591 LEBTY vVl S9¥/0 /€62 /£5€ SO¥/0  0/S9v  S9¥/0 ¥/19%  -L/+L
90 0 90 90 90 90 10 0 90 90 90
vO-HOTY -H88'CT  -Hie'l  -HTe’l  -HEL'T  SO0-H6L'S  -HTe'l  -HEL'l  -HEl'T  -HTEl -HELT  -HELT  CHEL'T  90-H09'T  enjea-d 614
+ —+ - - - - - - —+ - - = - = IouuIpg
19¢ LTl 91
LL/IS8E  0/S9v  ¥OV/1  STV/O¥ ¥01 Isyivl  SO¥/09 1oviy /8¢ VOV/1 S9¥/0 /10€  16¢/vL 68C/9LT  -L/+L
90 90 S0 €0 Y0 90 <0 90 90 10 €0
€0-d8¢l  -AELT  -HTe'l  -HISL  -HIT8  90-H86'9  -A88'€  -H09'T -HOO'E -HT6'l  -HEL'T  -H6S'T  -AIIl  10-dSy'T  enfea-d 814
+ + = - + = - - - = - + - - JouuIpy
[4%4 (414
Le/sey - 0/1S9v /€€C €9¥/C €/i9Y 6L¢/981 8Sv/IL  S9V/0  9Tv/6E /€€C S9¥/I0  0/S9Y  6SV/9 8Sy/L  -~L/+L
90 10 90 90 90 90 S0 10 90 90 90
So-d6L'S  -AELT  -HTe'6  -HEI'T  -HSE'T  10-H6E'€  -HIS'€ -HELT  -H68'9  -HT6'6  -HEL'T  -HEL'T  -A8IE 90-drse  enfea-d L1d
OSsd 4a OdIN OHS VOTH OLlD OND vdd OSDH OoSM  OMD VOS OAN VOM  Xopul uonoung

penunuod g 3jqel

pringer

AR



Page 77 of 94 686

Enzyme action optimizer: a novel bio-inspired optimization algorithm

€/T/81 /161 PIEOT TSI 0/1/TT PIST  TLPL T9ST HIE9T BIEOT  TSHT T0/RT  T/9IST guel  [=Fl  1eoL
= + + + + + + + + + + + + +  muuipm
821 001 s01
00  0/S9%  0/S9v  SILSY  O/S9F 0/S9%  JLEE  /S9E  O/S9F  O/S9F  /09E  O/S9Y  Ev/TTH SI09r  ~L/+L
90 90 90 90 20 €0 90 90 €0 90 S0
00+H00'T -HELT -HELT  -H8%'€  AELT  90°HELT A€ Hey9  HELT  (HELT  -HEL'S  CHELT  -HIL6 90-H88'T onpea-d €7d
+ + + + + + + + + + = + + +  suuipm
€1
8PILIY  TE9Y  0/S9v  EpTh  0/S9F 0/S9%  SE/0Sy  1940F €29 0/S9F  [TIE  0/S9Y  ST/OW P9y -LA+L
90 90 S0 90 S0 0 90 90 10 90 S0
vO-H8YT  AEl'T  HELT  HIL6  CHELT  90-HELT  -H9SY  -HOTY  HSET  HELT  HT0'l  HELT  AL6T  90-HTe  onpea-d el
0sd 4d  O4W  OHS VOTH 0I5 OWD VvAd OSOH OSM OMD VDS OAIW VOM  Xopu[ uonounyg

penunuod g 3jqel

prlnger

Qs



A. Rodan et al.

686 Page 78 of 94

881

81/LYY 9/6S /LT O/S9F  TOWE  O/S9v  O/S9Y  O/S9Y  ISH/T  9€/6Th  O/S9F  6/9Sk  L9/86E  0/S9Y /L
10 90 90 90 90 90 90 S0 90 90 0 90
SO-dcO'T  90-A8I'E  -H09'€ -HELT -HSET  -HELT  CHELT  CHELT 869 IS HELT  H6CY  HY99  -HEL'l  onpead 94
- - + + + + + + = = + + + +  ouupm
LEL 11T LIz
9P/ €9V/T  /8TE  €S/TIY OS/SEF U9 wI9F  0/S9v /ST /8VT  O/S9F  ISA8E  O/S9F 149 -L/+L
20 0 <0 90 90 90 10 10 90 €0 90 90
9026’1 90HElT  -AS6t -HcTT  CHINE  HIe'l  CH09T €Ll -A8S'9  -HOS'L  -HELT  HES'T  -HEL'T  -HTe'l  onpead sd
+ + + - - + + + + + + + + +  ouupm
0CTI/SPE  TILESE  O/S9F 190/ SEW/OE  €1/CSk  TE9Y  0/S9y  OLIS6E  O/S9F  O/S9F  61/9%F  T/E9F  0/S9F  -L/+L
90 90 S0 90 90 90 0 90 90 S0 90 90
TO-HL0T  TOHTEl  CHELT  (H09T  CHINE CAPE9  CHEl'T HELT  CHIEs CHELT  CHELT  GHEPT  (HEl'T  -HEL'T  onpead d
- + - - - - + + + + + = + +  souurmy
e vee 01
08€/8 0/S9F  S9P/0  S9V/0  S9Y/0  /ETL  O/S9F  O/S9F  O/S9F  O/S9F  O/S9v /1T /19€  0/S9F  -L/AL
90 90 90 20 90 90 90 90 90 10 €0 90
€0dIPT  90HELT  -HELT  CHELT  -HELT  CHERT  CHELT  CHELT  HELT  HELT  CHELT  -HI9R -HTT8 -HEL'T  onpead ed
+ + + - - + + + - + + + + +  souurp
0/59% 0/S9%  I9F  S9V/0  S9Y/0  08/S8E  O/S9F  O/S9F SO0  O/S9Y  O/S9v €ISy TE9Y  0/S9F  -LAL
90 90 90 €0 90 90 90 90 90 90 90 90
90-HELT  90HELT -HTE'l  -HELT  -HELT  CHILT CHELT  CHELT  CHELT  CHELT  CHELT  cEpE9 -HEI'T  -HEL'T  onpead £
+ + + + = + + + + + + + + +  souuip
48 091
S1/0SY 0/S9  /€SE ISHIY  /SOE  €e/cEr  O/S9F  0/S9F  O/S9F  O/S9F  O/S9v  O/S9Y  €/E9F  0/S9F  -LAL
20 0 10 S0 90 90 90 90 90 90 90 90
90-H69°L  90HELT -HTEl  -H6S'T  -H9ET  -HLOY  CHELT  CHELT  CHELT CHELT  CHELT  (HELT  (HSET  -HEL'T  onfead 14
aa 0Osd OWD OID Vvad VOTH OHS OSDH OSM OMD  VOS OAWN  OJdN  VOM  Xdpu[ uonoung

suonouny £ 107DHD IOA0 SI[NSAI JS9) NUBI-PauSIs

UOXOO[IA 0T dlqeL

pringer

AR



Page 79 of 94 686

Enzyme action optimizer: a novel bio-inspired optimization algorithm

90 90 90 90 90 90 €0 90 90 90 90 90
90-HELT  90HELT CHELT  -HTE'l  -HSST  HEL'T  CHELT  -HELT  -H8e’e CHELT  CHELT  GHELT  -HEL'T  -HEL'T  onpead 4|
= = + + + + + + - + + + + +  souurm
0CE/SPL  SVTILIT  0/S9F  O/S9F  vw/ITh  O/S9F  O/S9F  O/S9y  TSPEL  O/S9F  O/S9F  O/S9F L9 O/S9F  -L/+L
90 90 10 90 90 90 90 90 90 90 90 90
061, 10°H0S'L  CHELT  CHELT  -H9OT CHEL'T  CHELT €L ApE'9  HELT  CHELT  CHELT  -HIE'l  -HEL'l  onpead 114
- = = = = + = + - - + - = +  Iouurpg
L8T 881 (1143 69T €9¢ 61 a8
0cTh/iSy  9TeleEl  /8LL  /LLT  /Spl /LSy /961  0/S9%  €0P/C9  /TO1 /e 16€/L /1L /1SE -LAL
10 10 20 90 10 90 10 €0 S0 €0 10 20
vO-HST'T  TOHASK'S  AT9T  -H09'E  -HEI'L  -ASS’E  HESy  CHELT  HESY  CHLTL  CAIYE AT 8Ty HSyl enua-d 014
+ + - + = + + + - + + = + +  Jouurm
LI vee (454
€T/Thy  STULEY  9EPI6T B9 /16T O/S9F  O/S9F  O/S9v /ISl ITHPY  0/S9F /€T 1TUVPE  0/S9F  -L/L
S0 90 10 90 90 90 20 S0 90 10 S0 90
SO-HY9T  SO-H09T -AP8T  -HO9T -H6CT  HELT  CHELT  CHELT A9 H9ET  CHELT  -H889  cHOE'T  -HELT onpead 6
+ + = + + + + + = = + + + +  souuip
LT 802 651
vh/ITh  OWST /16T LSS 6€/9TF  O/S9Y  SI09v  O/S9F  /LST  /90E  O/S9F  SE/OEF  9l/6vy  PII9Y  -L/i+L
10 90 <0 90 90 90 10 10 90 <0 90 90
YO-H90'T  SO-HISL -H6TT TS -H68'9  CHELT  -ASST  CHELT  API9 -HIET  CHELT  CH98F  HALP'8  -H09'T onrea-d 84
= = = + + + + + - + + = + +  souuipm
e €€l IS1
68T/9LL  ITEMYL /ST TUESY SIS O/S9F  O/S9F  O/S9F  6PR9L /€€ O/S9F  MIE  9/6SF  0/S9F  -L/+L
10 90 90 90 90 90 90 20 90 20 90 90
10-8SPT  TO-HL8'9  -HEL9  -HSL'S  -H69L  HELT  CHELT  CHELT  CHLP'S  (HLOY  cHEL'T  CHLE6 -A8I'E -HEL'T  onfead Ld
+ + = + - + + + - + + + + +  Jouurm
aa 0Osd OWD OID Vad VOTH OHS OSDH OSM OMD  VOS OAWN  OJdN  VOM  Xdpu[ uonoung

panunuod Qg 3|qel

prlnger

Qs



A. Rodan et al.

686 Page 80 of 94

90 S0 90 90 90 90 90 90 90 90 90 90
T0ISTT  VOHESY  HELT  -HTO'l CHSET  cHELT  HELT  GHELT  CHELT  GHELT  CHELT  GHELT  CHELT  -HELT  onpead 81d
+ + + = - + + + + + + = + +  souurpg
981 st Ikal sL1 811
vo/Ivy  LUSPY  TE9F  /6LT  POW/I9  O/S9F  /OVE  O/S9F  O/S9F  /SEE O/S9Y /06T /LYE  TE9P  ~Li+L
90 10 10 90 20 90 90 20 90 10 20 90
SO-H08'T  90-FTE6 -HEIT  -H6S€  -HOTY  -HELT  -HOLT  CHELT  CHELT  CHOO'E  CHELT  CHLET  HSST  -HEI'T  onpea-d L1d
= + + + + + + + - + + + + +  souurpg
101 901
6S1/90€  STOVP  0/S9F  /19€  /6SE  I9Y  S/09F  0/S9v  00W/S9 LISy O/S9F  61/9%y /19 0/S9%  ~L/HL
90 €0 €0 90 90 90 +0 90 90 <0 90 90
10-1€'T  SO-AL6T  -HELT  -ATT8  -HLT6  HTel  -H88T  HELT  CHILS TS GHELT  CHEl'T -H09T  -AEL’T  onead 91d
= + + + + + + + - + + + + +  souurm
6S1/90€  SIIOSE  O/S9F  ¥T/lvh  vE/IEr  LW9%  O/S9F  O/S9v  9Tw/6E  O/S9y  O/S9F  9T/6EY  O/S9F  0/S9F  ~L/HL
90 S0 S0 90 90 90 S0 90 90 S0 90 90
10°91€T  ToELST  HELT  -HOR'T  ASYy  HTel e CHELT  -H689  HELT  HELT  -HOIT  HEL'T  HELT  enpead S1d
+ + + + + + + + + + + + + +  souupm
i
9/68t pI9Y  0/S9F  TUEPY  TE9F  O/S9F  O/S9F  O/S9F  /ISE  O/S9F  0/S9v  vO/IOF  I9F  O0/S9F  -L/+L
90 S0 90 90 90 90 20 90 90 +0 90 90
90-d81'€  90-H09T HELT -H6Y'l  HEl'T  -HELT  CHELT  CHELT A8yl CHELT  HELT  -H6CS  HTe’l  -HELT enpead pId
+ + + + + + + + - + + + + +  souupm
OTI/6EE  PI/ISK  0/S9F  6E/9TK  vh/IT  0/S9%  O/S9F  O/S9v  61/9F  O/S9v  O/S9F  O/S9F  O/S9F  O/S9Y /L
90 S0 10 90 90 90 10 90 90 90 90 90
T0-9$8T 909869  -HELT  -H68'9  -HIOT  -HELT  HELT  GHELT  CASTI (HELT  CHELT  -HELT  -HELT  -HELT onpead €1d
- - + + + + + + - + + + + +  Jouupm
$9¥/0 SOV/0  O0/S9F  I/A9Y  S/09F  O/S9Y  O/S9F  O/S9Y  SLEOG  O/S9F  0/S9F  O/S9F  0/S9F  O/S9F  ~L/+L
aa 0OSd OWD 01D Vvad VOIH OHS OSDOH OSM OMD VDS OAWN  OdN  VOM  Xopul uomoung

panunuod Qg 3|qel

pringer

AR



Page 81 of 94 686

Enzyme action optimizer: a novel bio-inspired optimization algorithm

= = = + + + + + + + + = + +  Jouuip
092 L01 st
0/0 0/0  /SOT TH/ETY LS/80F  O/S9F  O/S9F  O/S9r  O/S9y  /8SE  0/S9F  /0TE OSSP 0/S9F  -L/+L
10 S0 0 90 90 90 90 €0 90 20 90 90
00+d00'1 00+H00'T -HTL'S  -ATe’s  -H90'€  -HELT  -HELT  -HELT  (HEL'T  AP®6  HELT  -H6I'L  -HELy  -HELT onea-d €td
= + + + + + + + + + + + + +  souurp
el 1zl
66T/991  86/L9E /1Y€ MPPE  YS/LIY  L8SK  O/S9F  O/S9Y  O/S9v  FI/ISY LISy EE/cer  98/6LE  0/S9F  -L/+L
20 20 10 90 90 90 90 90 90 S0 €0 90
109121 €0HL9°S  -H9ST  -H8I'T  HIYT  HTSE  AeLT  CHELT  CHELT  (H86'9 (HCTS  -HLOY  -A8ST  -HeL'l  onpead e
+ + + = + + + + + + + + + +  Jouurm
sTe 6Tl 8zl
LSSy STLEY 8YLIY  JOVT  /9SE  TTEYy  SPILIY  JLEE  O/S9F  YE/IE  09/SOF  6¥/91y  9¢/6Ty  €TThy L/
0 10 20 S0 0 20 90 S0 0 10 S0 S0
90-HTS’E  SOH09T  -ASK'l  -HLL'®  GHEEE  (HeY'l A8yl -A9I'E  -HELT  CHSHY  -HSS'E  -HO9'l  -HIES  -Hp9’l  onpead 12d
+ + + + - + + + + + + + = +  souuip
st
V8/ISE  8E/LTY  €/C9F  98/6LE  9Iv/6h  O/S9v  YT/IYy  O/S9F  O/S9F  EL/T6E  O/S9F  L9/86E  /EIE  0/S9%  -L/iL
90 €0 10 90 S0 90 90 €0 90 10 20 90
€0-99TT  SOHATE9  -HSET  CHSST  (HO9'L  cHEL'T  (HOS'T CHELT  CHELT  HPOT CHELT  -HP9'9 -HSL'6 -HEL'T onfead 0zd
+ + + + + + + + + + + + + +  seuup
WY €Ty 0/S9F 619 1TwPY  0/S9v L9y 0/S9Y  8E/LTE  0/S9F  O/S9F  9T6ER  0/S9y  0/S9Y /L
90 S0 S0 90 90 90 S0 90 90 S0 90 90
PO-ESOT  SOHEP9T  -HELT  CHEIT  GH9ET  HEL'T  HTe’l €L Hee'9  HELT  CHELT  cHOI'T cHEL'T  -HEL'T  onpead 61d
+ + + + + + + + + + + + + +  souurm
IIIASE  T9/E0F  0/S9F  8I/LPy €29  0/S9%  O/S9y  O/S9F  O/S9F  O/S9F  O/S9F  O/S9F  O/S9r  0/S9Y  -L/+L
aa 0Osd OWD OID Vad VOTH OHS OSDH OSM OMD  VOS OAWN  OJdN  VOM  Xdpu[ uonoung

panunuod Qg 3|qel

prlnger

Qs



A. Rodan et al.

686 Page 82 of 94

+ + + + + + + + + + + + + +  Jouurm
9/68¥ 0/S9r  SULYY  €L/T6E  SEILTY  O/S9F  O/S9y  O/S9F  OTSPY  TE/MER  O/S9Y  9l/6bh  STIOPY  0/S9F  -LHL
S0 €0 S0 90 90 90 S0 S0 90 90 S0 90
90-d81'€  90HELT  HIOT  -HPOT  HCE9  -HELT  HELT  CGHELT  ApTl CHIYE  HELT  CHLY'S L6l -HELT  onfead 6cd
= = + + + + + + + + + + + +  seuup
0/0 0/0 99/66€ SSIOIY  SS/OIF  SLOSY  TUwSy  0/S9%  S1OSP  0/S9F  0/S9%  TI/ESY 19y 0/S9F  ~L/+L
0 10 10 90 90 90 90 90 90 90 90 90
00+d00'T  00+H00'T  -HOI'9  HI9T -HI9T -H69'L -HTTS  CHELT  -H69'L CHELT  HELT  CASL'S A6l -HELT  oneasd 87d
+ + + + + + + + + + + + + +  rouupm
149% 0/S9r  0/S9% /K9P OLISSY  O/S9F  O/S9v  O/S9F  €/29Y  LA9F  O/S9Y  EE/TER  O/S9F  0/S9F L
90 90 90 90 90 90 90 90 90 S0 90 90
90-dce’l  90HELT  CHELT  -HC6l  HELY  CHELT  CHELT  CHELT  CASET  HTEl A€ CHLOP  HELT  -HELT  enpead Led
= + - + + + + + - + + + + +  souupg
€€l o€l
S0T/09T  8E/LTF  S9V0  [TEE  [6TE  SIOSE €29  0/S9F  S9P0  61/9%y  O/S9F  LT8Ey  O1/SSh  LE/STY  ~L/AHL
90 20 20 90 90 90 90 S0 90 S0 90 S0
109eL's  SOHCE9  HELT  CHLOY  HILy  cH69'L  AS€T  GHELT el CHEUT A€l GHLET ey H6L'S  enfead 9ed
+ + + + + + + + + + + + + +  souupm
0/597 0/S9r  TEIY €29 OTSYY T 0/S9v  O/S9F  O/S9Y  IA9F  O/S9Y  €E/TE  S/LSY  0€/SER AL
90 90 S0 90 90 90 90 90 90 S0 90 S0
90-dEL’T  90HELT  HEI'T  CHSET  -AVCT  CHEI'T  HeLT GHELT  HELT (HTEl  HELT  (HLOP -H8%'€ -HIIE onpead std
+ + = = + + + - = + + + + +  seuuip
LOE 681 sIz
149% 0/S9r  /8ST  /9LT  TE/EEy  9T6EY  8G/LIE  LEW/ST  /0ST  PY/IOF  O/S9Y  PS/UTY  6L/98E IS -LAHL
10 10 S0 S0 €0 S0 10 0 90 0 €0 0
90-dce’l  90HELT  ASTT  CHILE  HiLe  H9I'T ALY (H09T  H6l'L  -H6TS  AELT  HIYT  -H6ST -H6ST  onfead ved
aa 0Osd OWD OID Vad VOTH OHS OSDH OSM OMD  VOS OAWN  OJdN  VOM  Xdpu[ uonoung

panunuod Qg 3|qel

pringer

AR



Page 83 of 94 686

Enzyme action optimizer: a novel bio-inspired optimization algorithm

8/4/81 /T 9/ENT  WIE/ET  €/9/1T  O/1/6T  1/0/6T  O/1/6T €/L1/91  TULT - 0/0/0E  S/UVT  TORT - 0/0/0E  [=A1 e,
+ + + + + + + + + + + + + +  seuup
1149 0/S9%  O/S9F  OL/SSy  Le/vEy  O/S9F  0/S9F  €/29F  O/S9F  O/S9F  O/S9v  O/S9Y  O/S9F  0/S9F  -L/AL
90 90 S0 90 90 90 90 90 90 90 90 90
90-HC6T  90HELT  CHELT  -HELY  -HIVE  cHELT  CHELT  -ASET  CHELT CHELT  CHELT  cHEL'T  cHEL'T  -HEL'T  onpead 0€d
aa 0OSd OWD 01D Vvad VOIH OHS OSDOH OSM OMD VDS OAWN  OdN  VOM  Xopul uomoung

panunuod Qg 3|qel

pringer

Qs



A. Rodan et al.

686 Page 84 of 94

90 90 90 90 90 90 90 90 S0 90 90 90 90 90
-HELT -HTS€ (HELT  -H88'T  -HTTS  AELT  HELT  CHELT  CHOS'L CHELT  CHELT  cHELT  cHEL'T -HELT oneadd 91
+ - - + + + + + + + + = + +  suuip
so€
0/S9F  SSPIOL  S9F/0  O/S9F  9/6St  O/S9Y  O/S9v  O/S9Y  O/S9Y  I/H9Y  O/S9F 091 1T 0/S9F  -LAL
90 90 90 90 90 90 90 90 90 90 90 10 S0 90
-HELT (HELY  CHELT  (HELT  -HSI'E CHELT  HELT  CHELT  CHELT  CHTE'l  CHELT  (HOE'T  -HOET  -HELT onea-d ¢
+ + = + + + + + - = + + + +  suuipm
15T a8l
0/S9F  0/S9  IT  6/9SP LTSSy  O/S9v  LI/8Yy  O/S9Y  €bP/CT /€8T O/S9F  LL/SSE  I/MSY  0/S9F  -L/HL
90 90 10 90 S0 90 90 90 S0 10 90 €0 90 90
-HELT CHELT  AVOL  (H6TY LT AELT  ATee  CHELT  Heb'l  H66T  HELT  cHSET  -HZTS -HELT  onpead td
+ + = + - + + + + + + + + +  suuip
£pl so1
0/S9F  O/S9F  /TTE  O/S9F  60V/9S  O/S9v  O/S9v  O/S9Y  O/S9F  O/S9F  O/S9F  T/E9Y  J09E  O/S9F  -L/HL
90 90 20 90 0 90 90 90 90 90 90 90 €0 90
-HELT (HELT  (H9S9 (HEL'T  -HE®T  CHELT  AELT  HELT  HELT  CHELT CHELT  -HEI'T  -cHEL' -HELT  oneadd €l
+ + - + = + + + - + + + + +  suuipm
€2l LLT
0/S9F  O/S9F  STw/OY  /TvE /881 66/99€  ILIW6E  0/S9Y  68E/9L  ¥TIbY  O/S9F  LTSEY  SE/OEY  LTBE  -L/AL
90 90 S0 20 10 €0 0 90 €0 S0 90 S0 S0 S0
-HELT CHELT  CHISL  CHEPT  CHO9E  CAP09  Ape's  HELT  H6Tl  CHOS'T  cHELT  CHLET  -HO9SY  -HLET onead &
+ + - - - = + + + + + + = +  suuipm
8p1 1L1
0/S9F  O0/S9F SO0 S9W/0  S9W/0  JLIE  O/S9v  O/S9Y  O/S9F  O/S9F  O/S9F  O/S9F /6T 0/S9F  -L/AL
90 90 90 90 90 20 90 90 90 90 90 90 10 90
-HELT (HELT  CHELT  CHELT  CHELT  ATTs HELT  CHELT  CHELT  CHELT  CHELT  CHELT  -H90T  -HEL'T  oneadd 1
0sd 40 OWD OLD vad VOTH OHS OSDH OSM OMD  VOS OAN  OdN  VOM  Xopul uonounyg

suonouny IPWYoudq gz0ZDHD JOAO SINSAI Js9) JUeI-pauSIs UOXOI[IA LT d[qel

pringer

AR



Page 85 of 94 686

Enzyme action optimizer: a novel bio-inspired optimization algorithm

+ = = = = + + + = + + + + +  souup
68¢ LT 9Lt 1€2 €67
0/S9r  /9LL /681 /681 €T SPOTY  0/S9%  0/S9Y  /TIT  O/S9F  O/S9F  O/S9F TR 0/S9F  -LAL
90 10 10 10 10 0 90 90 10 90 90 90 S0 90
-HELT (HSPT CHILE CHILE CASL6 CASIT HELT  CHELT  CHEL'9 CHELT  CHELT  CHELT  (HOET  -HELT oneadd 11
+ + + + + + + + + + + + + +  ouurpm
0/S9r  O/S9F  9W/6Iy  TI/ESK  OLSSY  O/S9F  O/S9y  O/S9F  6LI98E  9€/6Th  0/S9F  6S/90F  0/S9F  O/S9F  -L/+L
90 90 0 90 90 90 90 90 €0 S0 90 0 90 90
-HELT -H6LT CHSTT (HSLS  HELy  HELT  HELT  CHELT  CHeS'l CHIES CHELT  -cH6SE cHEL'T  -HELT onpeadd ord
+ = + - - = + + + + + + = +  suuip
6T 1€2 €67
0/S9¢  /ILL  0/S9%  SEWOE  SOV0  /vET  O/S9y  O/S9F  O/S9v  O/S9F  O/S9Y  O/S9F  TIT 0/S9F  -L+L
90 10 90 S0 90 10 90 90 90 90 90 90 10 90
-HELT (90T HELT  CHITE HELT  ASL6  HELT  CHELT  CHELT  CHELT  CHELT  (HELT  -HEL'9 -HELT onpeadd 61
+ - + + + + + + + + + + + +  souup
001
0/S9F  S9W/0  P/I9F  SE/OE  6S/90v  O/S9F  LI/8Yy  O/S9F  /S9E  TW/ETH  0/S9Y  89/L6E  6T/9EF  0/S9F  -L/+L
90 90 90 S0 0 90 90 90 €0 S0 90 0 S0 90
-HELT (HELT  -H09T  -H98Y  (H6S'€  HELT  ATe6  -HELT  H'9  -HT6'8  CHELT  cHOIL  -Hp8'T  -HELT oneadd 81
+ + + + = + + + - + + = + +  Jeuupg
121 9zl sLT I L81 LE1
0/S9v  TTWPF  /PPE  /6E€ /061 O/S9F  L9/86E  O/S9F  I6E/HL  /WSE  0/S9%  /8LT  /8TE  0/S9F  -L+L
90 S0 20 20 10 90 0 90 €0 20 90 10 20 90
-HELT -H9ET -H8I'T -HS8T  -HT®E€  HELT  Ap99  -HELT  HINT CHSTI CHELT  cH6Y'E HS6y -HELT  onea-d L4
+ - + + + + + + - + + + + +  ouup
0/S9F  8SPIL  O/S9F  S/09F LISy O/S9v  O/S9v  O/S9Y  IPPAT  O/S9F  O/S9F  O/S9F  O/S9F  O/S9F  -L/HL
0sd 40 OWD OID VvAd VOTH OHS OSDH OSM OMD  VOS OAN  OJN  VOM  Xopu[ uomoung

panunuod |z 3|qel

prlnger

Qs



A. Rodan et al.

686 Page 86 of 94

001 TEL /€9 U6 €€9  TOOL 00RO UHL TO/L 00T 7oL Tool 0ol [=A1 reel
+ + + + + + + + + + + + + +  suuipm
o€l
0/S9F  O0/S9F  O/S9F  TUESK  pHITY  O/S9v  O/S9v  O/S9Y  O/S9F  OL/SSY  O/S9F  /SEE TS 0/S9F  -LAL
90 90 90 90 0 90 90 90 90 90 90 20 90 90
-HELT (HELT  CHELT  (HSL'S  -H90T A€ HELT  CHELT  CHELT  CHELY  CHELT  (HOSE  cHCTS -HELT oneadd 48|
0sd 40 OWND OILD Vvad VOIH OHS OSDOH OSM OMD  VOS OAWN  OJN  VOM  Xopul uonoung

penunuod |z a|qel

pringer

AR



Enzyme action optimizer: a novel bio-inspired optimization algorithm

Page 87 of 94 686

Appendix B The 23 classical benchmark functions)

See Tables 22, 23, 24.

Table 22 Unimodal functions (F1-F7) of the 23 classical benchmark functions

Name Equation Dim Range Sopt
£ Y X 30 [~100, 100]
L) iy bl + T |l 30 [—10,10]
F \ . \2 30 ~100, 100

’ Py <Z;‘:1 xj) [ |
Fy max x| 30 [~100, 100] 0

1<i<n

s Iy (loo(xi+l — )+ (5 — 1)2) 30 [-30,30] 0
Fs S (% +0.5)° 30 [~100, 100] 0
Fr S ix} + random(0, 1) 30 [-1.28,1.28] 0
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Table 24 Fixed-dimension multimodal functions (F14-F23) of the 23 classical benchmark functions

Name  Equation Dim  Range Sopt

Fiq 25 -1 2 [-65,65] 1
(slm + 220 (%))

]*ZP,(—"! aj)
F 1 Ny (B2+bix) |2 4 [-5,5]
o Zf:l ai — h,?]+brlx+m

0.00030

Fie 4N12 —2.1Nf+%N?+N1xz —4x§+4x§ 2 [-5,5]
—1.0316

Fi7 (2 = 2LN? +3N; — 6)° +10(1 — L) cos Ny + 10 2 [-5,5]

0.398

Fig (L+ (N, + Ny + 1)%(19 — 14N, + 3N?— 2 [-2.2] 3

14X2 + 6N1X2 + 3)(%)))(

(30 + (2N; — 3x,)* (18 — 32N} + 12N? + 48x; — 36N)x; + 27x3))

Fio =YL crexp(— o0 aii(x; — py)?) 3 [1.3]
—3.86

Fao =Sy cexp(= 0 a(y — py)’) 6 (0.1]
—3.32

Fa - YLlX —a) (X —a)’ + ¢ 4 (0.10]
—10.1532

Fp X —a)(X —a)" +¢7 4 [0,10]
—10.4028

Fas YK —a)(X —a)" +c!] 4 (0.10]
—10.5363

Appendix C IEEE CEC benchmark functions
CEC 2017 functions

See Table 25.
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Table 25 IEEE CEC2017 Benchmarks

F No Functions Jopt
Unimodal 1 Shifted and rotated Bent Cigar function 100
functions 2 Shifted and rotated Zakharov function 200
3 Shifted and rotated Rosenbrock’s function 300
4 Shifted and rotated Rastrigin’s function 400
5 Shifted and rotated expanded Scaffer’s F6 function 500
Simple multimodal 6 Shifted and rotated Lunacek Bi_Rastrigin function 600
functions 7 Shifted and rotated Non-Continuous Rastrigin’s function 700
8 Shifted and rotated Levy function 800
9 Shifted and rotated Schwefel’s function 900
10 Hybrid function 1 (N - 3) 1000
11 Hybrid function 2 (N = 3) 1100
12 Hybrid function 3 (N = 3) 1200
13 Hybrid function 4 (N = 4) 1300
Hybrid 14 Hybrid function 5 (N = 4) 1400
functions 15 Hybrid function 6 (N = 5) 1500
16 Hybrid function 6 (N = 5) 1600
17 Hybrid function 6 (N = 5) 1700
18 Hybrid function 6 (N = 6) 1800
19 Hybrid function 6 (N = 6) 1900
20 Composition function 1 (N = 3) 2000
21 Composition function 2 (N = 3) 2100
22 Composition function 3 (N = 4) 2200
23 Composition function 4 (N = 4) 2300
Composition 24 Composition function 5 (N = 5) 2400
functions 25 Composition function 6 (N = 5) 2500
26 Composition function 7 (N = 6) 2600
27 Composition function 8§ (N = 6) 2700
28 Composition function 9 (N = 3) 2800
29 Composition function 10 (N = 3) 2900

CEC 2022 functions

See Table 26.
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Table 26 IEEE CEC2022 Benchmark functions

Type No Function Name Sopt
Unimodal function F1 Shifted and full Rotated Zakharov function 300
F2 Shifted and full Rotated Rosenbrock’s function 400
Multimodal functions F3 Shifted and full Rotated Expanded Schaffer’s {6 function 600
F4 Shifted and full Rotated Non-Continuous Rastrigin’s function ~ 800
F5 Shifted and full Rotated Levy function 900
Hybrid functions F6 Hybrid function 1 (N = 3) 1800
F7 Hybrid function 2 (N = 6) 2000
F8 Hybrid function 3 (N =5) 2200
Composition functions  F9 Composition function 1 (N =5) 2300
F10  Composition function 2 (N = 4) 2400
F11 ~ Composition function 3 (N = 6) 2600
F12  Composition function 4 (N = 6) 2700
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