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Abstract. A new population-based metaheuristic called Zebrafish Optimization Algorithm (ZFO)
is proposed to find the global optimum solution using foraging behaviour of zebrafish larvae (Danio
rerio). In ZFO, an exploration and exploitation trade-off is realized by simulation of exploratory
dispersion, collaborative shoaling and directional searching. The movement strategy incorporates a
stagnation-avoiding reinitialization mechanism, ensuring that diversity is maintained and premature
convergence is avoided. To demonstrate the efficiency of ZFO, 23 benchmark functions including
unimodal, multimodal and fixed dimension multimodal functions are tested and their optimal solu-
tions are searched. Results obtained by ZFO are compared with existing metaheuristic algorithms,
namely Cuttlefish Optimization, Jellyfish Search, Pufferfish Optimizer and Krill Herd algorithm.
The Friedman rank test and Wilcoxon signed-rank test show that ZFO yields better-quality solutions
than the compared algorithms in terms of convergence speed and robustness. The novel characteris-
tic of ZFO is that it combines biologically inspired zebrafish dynamics and adaptive diversification
strategy to enhance the capability of global search.
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1. Introduction

Optimization is an integral part of any computational framework for engineering and sci-
ences and it is essentially defined as the process of finding an optimal solution within a set
of constraints for maximization or minimization of one or more objective functions (Osaba
et al., 2021). It finds applications in diverse fields such as signal and image processing,
mechanical designing, manufacturing scheduling, chemical engineering and automatic
control systems, etc. (Abualigah et al., 2022). Real-world optimization problems possess
the characteristics of high dimensionality, multimodal, non-linear and lack of gradient
information so that the traditional deterministic methods cannot effectively solve these
problems in practice (Pan et al., 2023). These methods may become trapped in local op-
tima, are based on convex assumptions and cannot be effectively and efficiently computed
for NP-Hard problems classes (Zhan et al., 2022; Gad, 2022).

*Correponding author.
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Recently, metaheuristic algorithms have established themselves as a versatile and pow-
erful paradigm that provides non-derivative, population-based search methods, approx-
imating satisfactory solutions without explicitly relying on mathematical structure in-
formation of the problem (Beheshti and Shamsuddin, 2013). There are two classes of
metaheuristics; the single solution based methods (S-metaheuristics), where an individ-
ual solution is successively refined with local search and the population based methods
(P-metaheuristics), which use information collected from the population of candidate so-
lutions (Talbi, 2009).

Metaheuristic algorithms are designed to solve problems with single solution and us-
ing multiple iterations to search for new improved solutions using local searches. S-meta-
heuristics include simulated annealing (SA) (Kirkpatrick ef al., 1983), Tabu search (TS)
(Glover and Laguna, 1997), Hill climbing search (HC) (Sullivan and Jacobson, 2001),
Iterated local search (ILS) (Lourenco et al., 2003) and Variable neighbourhood search
(VNS) (Mladenovi¢ and Hansen, 1997). These types of metaheuristic algorithms have
been shown to perform quite well in terms of computational efficiency with fewer func-
tion evaluations and their localized search characteristics can also lead to problems with
early convergence and local optima while solving very complicated multimodal or large-
scale optimization problems.

In population-based approach, EAs mimic Darwinian principles of natural selection
and genetic reproduction. In GA (Holland, 1992) and Differential Evolution (DE) (Price
et al., 2006), next-generation solutions are produced by various operators such as recom-
bination, mutation and selection. Derivative versions such as BSA (Civicioglu, 2013) and
Jaya Algorithm (JA) (Rao, 2016) have been developed to provide an equivalent level of
performance.

Swarm Intelligence mimics the spontaneous emergent collective behaviour of biolog-
ical communities. In Particle Swarm Optimization (PSO) (Kennedy and Eberhart, 1995),
inspired by bird flocking, particles search for optimum based on their personal best lo-
cation and global best location. While PSO has quick convergence, it might suffer from
velocity explosion, trapping in local minima and premature convergence of the population
near global optimum. Grey Wolf Optimizer (GWO) (Mirjalili er al., 2014) uses a rigid
dominance hierarchy (alpha, beta, delta and omega) for leading cooperative hunting in a
pack, which is only optimal on unimodal functions, whereas the strong dominance restric-
tion can negatively affect adaptivity on high-dimensional multimodal problems. Whale
Optimization Algorithm (WOA) (Mirjalili and Lewis, 2016) imitates the bubbling and
circling motion of humpback whales in hunting for prey. WOA has good exploitation, but
is trapped in local optimum more often due to its strong exploitation property. Phasma-
todea Population Evolution (PPE) (Song et al., 2022) is based on the behaviour of stick
insect for population diversity and its population movement strategy seems less systematic
than fairness-driven movement strategy of ZFO.

Physics-based metaheuristics include the Gravitational Search Algorithm (GSA)
(Rashedi et al., 2009), which was inspired by Newton’s law of gravitation acting on mass-
weighted agents. Arithmetic Optimization Algorithm (AOA) (Abualigah et al., 2021) uses
the distribution law of the arithmetic operation to specify the rules. The Fick’s Law Opti-
mization Algorithm (Hashim et al., 2023) was inspired by molecular diffusion. Although
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they have analytically based update rules, they do not exhibit the adaptive behavioural
flexibility that biological agents demonstrate during foraging the key motivation for ZFO.

Human-based metaheuristics can be seen as socio-cognitive events abstract to opti-
mization operators. For example, Teaching-Learning-Based Optimization (TLBO) (Rao
et al., 2011) abstracts the learning between a teacher and pupils into operators. Supply-
Demand-Based Optimization (SDO) (Zhao et al., 2019) relies on economic theory for
modelling moving candidates through the use of market principles. These algorithms are
fast but not composed of distinct behavioural stages nor is the interaction and spatial co-
ordination governed by processes that ZFO adopted from neurobiology of zebrafish.

Aquatic organism-inspired algorithms comprise a rapidly expanding sub-family of
Swarm Intelligence. The Cuttlefish Optimization Algorithm (CFO) (Kalpanarani and
Hannah Grace, 2025) aims to simulate the chameleon-like ability of cuttlefish to vary
their reflection and visibility using chromatophores. CFO uses skin-pattern mimicry as its
search operator, restricting its capacity for the type of group foraging-guided search, which
drives the exploration of ZFO. The Jellyfish Search Optimizer (JSO) (Chou and Truong,
2021) mimics passive ocean-current induced motion and the interaction of the swarm with
the food near a patch. However, as jellyfish possess no active sensory-guided locomotion,
their motion update is based upon current driven stochastic perturbation rather than the
ZFO form of actively track prey directed locomotion. The Pufferfish Optimization Algo-
rithm (POA) (Al-Baik et al., 2024) focuses upon both pufferfish puffing defensive action
and on the preservation of population diversity. Rather than ZFO’s coordination strategies
in a group hunt, the preservation of diversity in POA is through avoidance of predation;
group coordinated hunting does not play any part in this search strategy and its adaptation
towards and away from the ZFO hunting state does not arise. The Krill Herd Optimizer
(KHO) (Gandomi and Alavi, 2012) simulates movement in a herd of Antarctic krill driven
by three movement forms, neighbour-induced motion, foraging motion and physical dif-
fusion. The model of krill foraging is again based on diffusively random walks rather than
ZFO’s fairness weighted directional movement toward prey.

In the recent years, metaheuristics have also been explored for solving global opti-
mization problems over a wide range of applications. Firefly Algorithm and Ant Colony
Optimization was proposed as hybrid metaheuristics, such as Colliding Bodies Optimiza-
tion, for estimating the GMDH parameters used to predict software testability (Wu, 2026).
Ant colony optimization algorithm is adapted for supply chain network design where the
global search ability of the ant colony optimization is utilized to minimize the total costs
and increase the service level (Huang, 2025a). A Hybrid particle swarm optimization has
been presented based on Q-learning framework for the problems of airport parking space
assignment and scheduling (Huang, 2025b). A multi-objective metaheuristics algorithm
is introduced to implement energy efficient virtual machine placement in the cloud data
centres (Vijaya and Srinivasan, 2024).

Despite substantial advances in metaheuristic optimization, the problem of determin-
ing an intelligent, adaptive trade-off between the global search and local exploitation of the
metaheuristics without requiring excessive tuning has not been sufficiently answered. The
No Free Lunch (NFL) theorem theoretically demonstrates that one algorithm is not better
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than all other algorithms in terms of any class of optimization problem, thus motivat-
ing the development of novel algorithms for optimization problems of specific structural
kinds. Specifically, biologically validated multi-phase behaviours inspired by nature re-
main largely underexplored, in particular for continuous multimodal test functions, which
often expose premature convergence and stagnation problems of standard population-
based algorithms. Nevertheless, most studies concentrate on hybrid algorithm and pa-
rameter setting strategy with few concerns about bio-inspiration adaptive mechanism and
intrinsic mechanism to escape local optima. This work tackles the issues mentioned above
by presenting the Zebrafish Optimization Algorithm (ZFO), a novel population-based ap-
proach with autonomous interaction, fairness-weighted exploration and adaptive stagna-
tion recovery strategy to achieve a powerful global search performance.

The present paper addresses this gap by introducing the Zebrafish Optimization Al-
gorithm (ZFO), a novel population-based metaheuristic based on the neuro-collective be-
haviours during the foraging activities of larval zebrafish. Contrary to organisms inspiring
the following other biological-based population algorithms PSO (birds), GWO (wolves),
WOA (whales), CFO (cuttlefish) JSO (jellyfish), POA (pufferfish) and KHO (krill), ze-
brafish exhibits sophisticated, sensory-driven collective predatory behaviour which is
characterized by clear-cut phase transitions between three biologically validated foraging
behaviours: scattering-based movement toward areas of high information richness (dis-
persive search), fish schools that follow a predator and rapidly converge to corner prey
(shoaling and directed prey-targeting) and group-hunting at a very high speed. ZFO em-
beds these dynamic, phased transitions as phased position-updating rules and additionally
incorporates a fairness-governed update operator designed to give more aggressive search
emphasis to low-fitness members and a detection mechanism that reinitializes a portion of
the population to prevent convergence to optima from becoming stagnated. The following
are the main contributions:

I. The novel three-phase zebrafish-inspired optimization framework based on the math-
ematical formulation of three observed fish school group foraging activities: explo-
ration, shoaling and hunting behaviours.

II. An adaptive updating mechanism using fairness weight to dynamically balance ex-
ploration and exploitation while maintaining population diversity is proposed.

III. The incorporation of stagnation-aware detection and reinitialization mechanism to
avoid premature convergence and robust behaviour for complicated search space.

IV. A computational framework and computational complexity are proposed.

V. Extensive simulation studies using 23 benchmark functions are implemented. Fried-
man rank and Wilcoxon signed-rank statistical test are carried out and compared to
other four new aquatic-organism-inspired optimizers, CFO, JSO, POA and KHO.

2. Zebrafish Optimization (ZFO)

The proposed Zebrafish Optimization (ZFO) and how it was inspired by juvenile zebrafish.
First, the biological characteristics that led to the design of ZFO, including the identifica-
tion and analysis of some key foraging behaviours exhibited by zebrafish. These factors
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provide the basis for both the behavioural modelling and mathematical formulation de-
scribed later in subsequent section.

2.1. Inspiration

The investigation of biological systems reveals that many groups of animals can create
very effective methods of problem-solving using group intelligence. Aquatic species such
as zebrafish (Danio rerio) demonstrate coordinated behaviours to develop effective for-
aging strategies for foraging of food through the development of cooperative behaviours.
Despite the comparatively simple brain structure, larval zebrafish have evolved into ex-
tremely sophisticated hunt-and-catch mechanisms with regards to their prey. Their forag-
ing mechanism is random, cooperative and specifically targets certain types of food.

Larval zebrafish are small, freshwater organisms that are being used extensively in
the study of behavioural biology and neuroscience because they have transparent bod-
ies and grow quickly, plus have thoroughly characterized sensorimotor responses. Larval
zebrafish are typically found in shallow freshwater habitats such as shallow ponds and
streams. Although food resources may be concentrated within a water body, their avail-
ability varies across locations and time. To sustain themselves in this type of environment,
larval zebrafish must employ an efficient foraging strategy, which utilizes sensory percep-
tion, motion control and the ability to interact with others.

Biological research has demonstrated that freely swimming larval zebrafish will uti-
lize an array of different strategies to retrieve their prey instead of one fixed strategy.
As such, larval zebrafish’s foraging behaviour is comprised of three varying and inter-
changing phases of behaviour, exploratory, collective shoaling and focused hunting. This
phase-switching occurs in an adaptive manner, due to prey availability, the specific envi-
ronmental circumstances and the degree of individual success of the zebrafish’s foraging.
Therefore, larval zebrafish allow for groups of larval zebrafish to achieve high hunting
efficiency while remaining as a cohesive and equitable group.

The similarity between zebrafish in their foraging structure represents an egalitarian
characteristic. Zebrafish have a shared set of rules, where weaker and less successful
fish may have more freedom to move and elicit opportunities to forage. More successful
(stronger) zebrafish will tend to limit the amount of aggressive pursuit that they engage in
with less successful zebrafish. The presence of biological fairness across zebrafish popu-
lations prevents the monopolization of food resources and facilitates the performance of
an entire group of zebrafish over extended periods, thus effectively making zebrafish much
more suitable models for simulating population-based optimization processes.

Zebrafish also represent a natural form of resiliency to stagnation. If, after repeated
attempts to capture prey, an area does not yield any food, zebrafish leave that area and
return to exploring. This form of adaptive resetting of behaviour prevents prolonged un-
productive behaviour and enables zebrafish to escape rapidly from areas that do not yield
successful catches and continue searching for more productive areas to forage.

Inspired by the biological observations that are related to zebrafish behaviour, the Ze-
brafish Optimization (ZFO) is a computational simulation of the foraging intelligence of
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zebrafish that integrates exploration, search/schooling and hunting behaviour into one co-
hesive framework. Rather than relying on global adaptation alone, ZFO incorporates a
fairness-driven adaptive mechanism and a stagnation escape providing a more effective
balance between global exploration and local exploitation when applied to complex opti-
mization landscapes.

2.2. Zebrafish Behaviour

2.2.1. Exploration Behaviour

In typical schooling fish including sardines, tuna and herrings, individuals show highly
synchronised collective movement behaviours driven by a uniform search process, in
which the environment is explored using a predominantly similar set of rules with lit-
tle dependence on individual foraging experiences. By contrast, larval zebrafish exhibit
an individually responsive and autonomous exploratory strategy, where individual lar-
vae explore unknown regions using their own visual and mechanosensory systems rather
than fixed group formations or coordinated leadership structures. Additionally, movement
magnitude is adaptively controlled in accordance with individual foraging performance,
such that a low-performing individual is afforded greater exploratory freedom through a
fairness-weighted behavioural adjustment. This unique biological mechanism forms the
foundation of the individual foraging-success-based exploration strategy in the proposed
Zebrafish Optimization Algorithm (ZFO) and consequently contributes to enhancing pop-
ulation diversity, balancing the exploration-exploitation process and improving resistance
to premature convergence.

In ZFO, exploration behaviour refers to the manner in which zebrafish conduct their
random foraging movements when they are finding food sources. During this stage of
learning, an agent will move in a random or arbitrary fashion to discover new areas of the
search space for food.

ZFO’s method of regulating how much exploration takes place during each learning
iteration involves the implementation of a time-dependent or adaptive step size. In the ZFO
algorithm, the initial iterations use a larger-than-normal step size and gradually reduce the
amount of exploration as optimization continues.

The second aspect of regulating exploration intensity is its incorporation of a fitness-
dependent fairness factor. As a result of the incorporation of the fitness-dependent fair-
ness factor, agents with the worst fitness (i.e. those with the least success) can take larger
exploratory actions, thereby allowing them to escape from areas where they are unsuc-
cessful and re-enter the competition for food. On the other hand, well-performing agents
will engage in more conservative actions to avoid dominating the exploratory actions of
the remaining agents.

2.2.2. Shoaling Behaviour

The significant distinction between shoaling zebrafish and other standard forms is that
spatial regrouping adjusts dynamically to local conditions. The dynamic spatial organiza-
tion of zebrafish shoal’s results in constant local rearrangement within the group as each
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individual reacts to neighbour attraction and communal chemical cue detection. This pro-
cess constitutes environmentally induced, information based dynamic modulation of spa-
tial positioning rather than predetermined locomotion and random drift is the underlying
basis for the neighbourhood centroid shoaling mechanic of ZFO and guarantees that the
population does not become uniform or otherwise cease to be effective throughout the
course of the search.

The shoaling behaviour of zebrafish is the coordinated swimming patterns with keep-
ing safe distances between shoal members through the collective behaviour of zebrafish.
In ZFO, every agent interacts with its local neighbourhood based only on the spatial prox-
imity to other agents, not on any global information. When determining how to move, an
agent will move towards the centroid of its neighbourhood to facilitate information sharing
among nearby agents.

A separation mechanism is incorporated to prevent agents from colliding with one
another when they become close together. An agent will be repelled when it comes too
close to a neighbouring agent. Furthermore, perturbations are added to allow for continued
diversity while not disrupting the overall trend of convergence. The shoaling behaviour
acts as an intermediary stage in stabilizing population dynamics and allows for the gradual
improvement of the most promising areas.

2.2.3. Hunting Behaviour

This ZFO attack technique is derived from the leaderless, synchronous predatory be-
haviour of larval zebrafish and distinct from many hierarchical predator models and con-
ceptually dissimilar to hierarchically based search attack strategies of existing metaheuris-
tic algorithms. Other predators typically coordinate attacks in a predetermined social
structure or by a defined leader whose task assignments are known beforehand but larval
zebrafish do not utilize a hierarchy and instead coordinate attack on the prey based on a dy-
namic interaction between their current distance to prey and individual search potential at
that particular instant. This biologically uncommon, fitness-based, interaction-driven co-
ordination serves as the foundation of the fitness-modulated with multi-agent exploitation
method implemented in ZFO, where the population concentrates its search on potentially
high-fitness regions while ensuring distribution and resistance to premature convergence.

Zebrafish exhibit a shift in their hunting behaviour once they detect a potential prey
item. In this stage, they exhibit rapid and directed motion toward it. During this step,
zebrafish are able to adapt their swimming paths to enhance their chance for a successful
capture, often through the combination of sensory input from themselves and members of
their immediate shoal.

Candidate solutions actively search prospective regions during the exploitation phase
of the proposed optimiser, which is equivalent to the hunting activity mentioned in promis-
ing candidate solutions intensively and concurrently while pursuing both global and local
optima.

2.2.4. Stagnation Avoidance Behaviour
The ZFO stagnation recovery mechanism draws inspiration from a biologically unusual
mode of adaptation observed in larval zebrafish. While many predator-inspired models do
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not explicitly model after a bout of searching failures, larval zebrafish make an individ-
ual decision and, once they accumulate a specific number of consecutive search failures,
immediately leave that poor patch and redisperse back into unexplored space. The intel-
ligent adaptive reset forms the basis of ZFO stagnation recovery, the stagnant agents are
triggered for reactivation in order to restore diversity, get out of the local optimum and
improve the exploration of several potential basins.

Zebrafish show an important trait of fairness-driven adaptation in zebrafish shoals.
In a shoal, less-successful individuals have more space for the possible recovery from
unfavourable areas, while successful individuals adopt a more conservative strategy. At the
same time, zebrafish will leave areas that do not yield any successful hunting opportunities
and will become exploratory and continue searching for better alternatives.

These biological mechanisms motivate the integration of two key components to cre-
ate ZFO, which includes fitness-based adaptation and the ability to switch between be-
haviours when they become stagnant, thereby improving the robustness of the system and
improving long-term search efficiency.

2.3. Mathematical Modelling of ZFO

The optimization of ZFO starts by generating a population of candidate zebrafish (X)
according to (1). This candidate population is produced in a random manner between the
determined lower bounds /b and upper bounds ub of the specific optimization problems.

1 22 .- 21d
22,1 222 ... 22d

2= . . o ()
Zn,1 Zn2 --- Znd

where Z is the set of candidate zebrafish solutions to date, with z; ; indicating the location
of the decision variable j for the zebrafish solution i. The population size is denoted by n,
while the problem dimensionality is stated as d.

Every zebrafish’s initial value is defined as a randomly generated number from the
uniform distribution as expressed:

zij =1bj +rand - (ubj — 1b)). 2)

In (2) rand is a randomly generated number obtained from the uniform distribution within
the range of [0, 1], with /b; representing the lower limit and ub; denoting the upper limit
of decision variable j.

At each iteration, the best solution found so far is defined as the zebrafish solution
whose associated fitness value is the smallest. The best solution becomes the global best
and will guide the fish in hunting and shoaling in the next iteration.

2.3.1. Exploration Phase
The earlier stages of optimization for zebrafish are primarily characterized by exploratory
responses. In the absence of known food sources, the exploratory response is analogous to
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a random search for potential locations of food. During this phase, an agent’s movements
will be random throughout the search space to attempt to find areas to discover unexplored
regions.

The update rule for position on exploration, for the ith zebrafish at time (¢), is repre-
sented by:

ZI* = 70+ a1+ $)R. ©)

where R follows a Gaussian distribution N (0, 1) in (3) and (4) «(¢) is representation of
time-varying exploration factor, defined by:

@(0) = amax(1 = 0) + T, T = )
where t € [0, 1] is the normalized step of iteration progress (value from O to 1), ¢ is the
current iteration, 7 is the maximum number of iterations, omax and o, are the upper and
lower bounds of the exploration step size respectively.

In (5) represents term ¢; called the fairness factor, which encourages greater activity
in poorly performing candidate solutions, is defined as:

&)

¢ = max(O Fiedian — Foest + 5)
i = , .

Fi - Fbest

This exploration method reduces the risk of premature convergence, as well as increasing
the area coverage of the search space. Where Fiegian is the median fitness value of the
population, Fyeg + € is the best fitness value encountered so far and is a tiny positive value
10710 to avoid division by zero. The operator max (0, -) ensures that is ¢; non-negative.

2.3.2. Shoaling Behaviour
Zebrafish exhibit shoaling as a mechanism for social regrouping. Shoaling allows indi-
viduals to swim together while keeping safe distances apart from one another. Through
shoaling behaviour, information can be shared between neighbouring zebrafish. It also al-
lows the zebrafish to continue to move together as they migrate from one location to the
next.

The local centre associated with the ith zebrafish is calculated using (6):

1
JEN;
Zebrafish update their position according to:

Xt = X+ B+ 0.2¢)(Ci — XI) — ¥ Si + &R. @)

As givenin (7), §; = Xf — Xnear.i» Where k is the size of neighbourhood, Nj; is the set of
the k nearest neighbours of agent i and C; is the local shoal centroid of agent i and X is
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the separation vector from nearest neighbour of the agent i to avoid congestion, 8 is the
weight of shoaling attraction, y is the weight of repulsion (separation), §; is the weight
of random perturbation and R is a vector of random numbers sampled from N (0, 1). S;
prevents zebrafish from clumping on each other 8, y and §; are parameters used to define
attraction, repulsion and random perturbation weight, respectively. Shoaling behaviour
reflects the shift from exploration or exploitation behaviour to cohesion behaviour of the
swarm.

2.3.3. Hunting Phase
After identifying areas with significant prey abundance, zebrafish begin to hunt by moving
towards those areas in a directed manner. During this hunting process, zebrafish can use
both local and global information to help improve their potential prey location.

D¢ = Zypest — Z; is the global direction vector in (8) toward population best position
Zvest and D; = Zinest — Z; is the local direction vector toward local best position.

Dg = Zvest — Zi, Dy = Zipest — Zi. (8)
These two hunting directions will be combined to form the hunting direction:
Dy =wgDg + (1 —wg)Dy. &)

As given in (9), Dy, represents the holistic hunting direction and w is the adaptive global
influence weight within range w[0, 1].

The global influence weight w, is defined in (10), where 7 = % is the normalised
iteration progress. When t = 0 (early iterations), w, = 0.5 global and local guidance
contribute equally to Dy, where D, = 0.5D,+0.5D;, maintaining balance between local
and global search. As T = 1 (late iterations), wg = 1.0, means D, = wg Dy +(1—wy) Dy.
D; = 1.0Dg +0D; = D,. And hence Dy, the direction is then dictated totally by the
global best. If T = 0 (early iterations), then w, = 0.5 and so the global and local directions
equally contribute to the initial exploration:

t
we =05+05-—. (10)
T
The new hunting direction of zebrafish will be updated according to (11), where n
is the hunting step scale factor, £ is the hunting perturbation weight and R is a random

vector drawn from N (0, 1). The term (1 — t) makes the hunting step get smaller with each
iteration, enabling fine-grained exploitation at later iterations:

7 = 74 (1 + ¢)(1 — 1) Dy + ER. (1)

This feature enables zebrafish to exploit promising regions more thoroughly in later
iterations while retaining mobility for lower-fitness individuals.
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2.3.4. Stagnation-Aware Behavioural Adaptation

The natural behaviour of zebrafish also exhibits a periodicity in their hunting patterns.
ZFO implements a mechanism that forces a zebra to reperform line searches on areas
that are deemed to have experienced more than a fixed number of unsuccessful hunting
attempts.

ZI"'=LB+RO(UB-LB), (12)

where LB and U B are the lower and upper bound vectors of the search space in (2),
R ~ U(0, 1) is a vector of uniformly distributed random numbers and ® denotes element-
wise (Hadamard) multiplication. In (12) presents the vectorized form of initialization. This
type of adaptive reset allows the algorithm the opportunity to recover from getting stuck
in a local solution (e.g. local search) and continue its effective long-term search. An adap-
tive stagnation threshold S;;, = max(3, round(0.05 x T)), where T is the number of iter-
ations. It refers to the number of unsuccessful search steps allowed consecutively before
reinitialization. It is scaled dynamically according to optimization horizon and bounded
from below by 3. This condition for reset is designed such that it triggers early enough for
detecting premature stagnation in short time periods and sustained enough for detection
of stagnation in long time periods before reset.

2.3.5. Behavioural Transition Strategy

Exploration, shoaling and hunting are selected according to a probability-related method
which relates to the interdependence of an individual agent’s fitness at a specific time and
the agent’s progress through the optimization process:

Pexplore = 1 — 7 + 0.5¢;, (13)
Phunt = 7 + 0.3¢;, (14)
Pghoat =1 — (Pexplore + Phunt), (15)

where T = % is the normalised iteration progress and ¢; is the individual fairness value
defined by (13), (14) and (15). Pexplore are the respective probabilities for entry into ex-
ploration, Py is the hunting and remaining shoaling state Pgpoa, Which is normalized
to unity before making state selection. The value of Pexplore is monotonically decreasing
with progress, which implies that later iterations favour the exploration state. On the other
hand, Phyy¢ increases with both t and ¢, so the high-fitness agent in later iteration has the
biggest probability of directed hunting. During each iteration, the above three states prob-
abilities are separately sampled by every agent to make the behaviour choices and generate
a heterogeneous population that exploration, shoaling and hunting exist at the same time
among the swarm. This individual-level adaptation strategy of phase-switching provides
ZFO to maintain an everlasting compromise between global search and local exploitation
during the process.
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Fig. 1. Behavioural modelling of Zebrafish Optimization Algorithm (ZFO).

2.4. Computational Complexity

The Zebrafish Optimization (ZFO) algorithm has a computational complexity that is di-
rectly linked to three important parameters: Population size N, dimension d and maxi-
mum iterations MaXieration, that will be conducted with the algorithm. The computational
cost of creating the initial zebrafish population and assessing their fitness during initial-
ization requires O(N x d) time. The calculation of population statistics such as highest
median fitness during each iteration has an O(N log N) cost associated. Finally, the most
computationally expensive part of ZFO is calculating the distances among zebrafish; this
most commonly occurs when identifying the neighbours closest to a given zebrafish and
the independent zebrafish sends its updates in isolation from other zebrafish, the method
proposed is ideally suited for parallel and distributed implementations.

Figure 1 shows various behaviours of Zebrafish shown in A, B, C and D. The explo-
ration behaviour is illustrated in figure A, which depicts how individual zebrafish will
disperse outwards in random directions through the search space looking for food (the
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goal) and creating a global exploration of the environment while preventing premature
or simultaneous convergence to food at the same time. The shoaling behaviour is illus-
trated in figure B, which shows how zebrafish use the same movement direction together
in groups and communicate with one another, allowing them to better utilize their time by
sharing information and creating a cohesive population. This shoaling behaviour would
allow zebrafish to move toward more productive parts of the overall environment, enabling
them to exploit these specific areas more efficiently. The hunting behaviour is shown in
figure C, which illustrates a group of zebrafish that will aggressively come together in
a concentrated manner in order to capture their target or prey. This illustrates how the
hunting behaviour corresponds to the intensified search localized around the best solu-
tion found to date. The stagnation-aware behaviour shown in figure D allows zebrafish
to modify their movements if they sense there is no further progress being made. When
this occurs, the movement patterns change, allowing for re-establishment of diversity in
their search process and the ability to jump out of any local optimum situation. With the
use of zebrafish images, the biological feasibility of the ZFO is greatly enhanced visually,
thereby reinforcing the correlation between the behaviours of natural zebrafish and the
respective algorithmic representation of these behaviours.

2.5. Algorithm Framework

The ZFO Algorithm 1 flowchart is illustrated in Fig. 2. From an initialization of a ze-
brafish population (within established search bounds), fitness evaluations take place to
ascertain which individuals represent the “global best”. In each iteration, each individual
zebrafish will compute a “fairness factor” for itself based on its fitness relative to other
members of its population; they will also determine their relative neighbourhoods. If an
individual achieves a greater degree of fitness than its neighbours during the current it-
eration, that would indicate that it occupies the region of the “local centre” as well as
the “local best”. A stagnation counter will be continually updated to monitor the extent of
one’s progress from one iteration to the next; if, within a given period, no improvement has
occurred, the stagnation counter will reach its “stagnation threshold”. When that occurs,
the zebrafish that has become stagnant is forced into a state of exploration, which serves
to help it escape from being trapped in a local optimum. All members of the population
have equal and independent probabilistic activations of states associated with the three
aforementioned behaviours: exploration, shoaling and hunting; the behaviours of shoal-
ing and hunting can assist zebrafish in rapidly changing their positions during position
updates while ensuring a balance between reliable global exploration and effective local
exploitation. After boundary control, the fitness values of all members will be reevaluated
to identify and document the global best candidate for the current iteration. This process
will continue until the designated maximum iteration number is reached, at which time
the convergence history will be documented for further analysis.

3. Experimental Analysis

The proposed ZFO algorithm is evaluated through experimental assessment by analysing
its effectiveness, robustness and convergence speed to an optimal solution and compared
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Algorithm 1 Pseudo code of Proposed Zebrafish Optimization (ZFO)

Input: Population size N, maximum iterations 7', lower bound /b, upper bound ub, problem dimension d,
objective function f(-)
Output: Best fitness value Best_ score, best solution Best_pos, convergence curve

1. Initialize population X!*! = LB+ R© (UB — LB),i =1,2,....N
2. Evaluate fitness F; = f(X;)
3. Identify global best Best_ score and Best_pos
4. Initialize behavioural states randomly (Exploration or Hunting)
5. Initialize stagnation counter stag; = 0
6. fort =2to T do

7. Compute normalized time T = &

8. Update exploration step size using (4) annealing

9. Compute population statistics: Fpest, Fredian

10. For each zebrafishi = 1to N do

11. Compute fairness factor

_ Fredian — Fpest + ¢
¢; =max| 0, —————————
Fi — Foest
12. Determine k nearest neighbours
13 Compute local shoal centre C; and local best neighbour using (6)
14. Update stagnation counter
15. Compute behaviour probabilities using (13) to (15)

Pexplore =1 =7 +0.5¢;,  Phunt = 7 +0.3¢;

16. if stag; > stagnation _ limit then
17. State < Exploration
18. Else
19. Select state € {Exploration, Shoaling, Hunting} probabilistically
20. end if
State-Based Movement Update
21. if State = Exploration then using (3)
22. Generate random direction
23. Update position using adaptive exploration step
24. else if State = Shoaling then using (7)
25. Move toward local centre
26. Apply separation from close neighbours
27. Add small random perturbation
28. else if State = Hunting then
29. Compute global and local hunting directions using (8)
30. Combine directions using time-adaptive weight using (9)
31. Update position with fairness-scaled step using (11)
32. end if
33. Apply boundary control to updated position
34. end for
35. Evaluate fitness of updated population
36. Update stagnation counters
37. Replace old population with updated population
38. Update global best solution
39. Store best fitness in convergence curve
40. end for

Return Best _ score, Best _ pos and convergence curve
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against other well-known metaheuristic approaches. All experiments were conducted un-
der identical experimental conditions to fairness equality and reproducibility among ex-
periments.

3.1. Benchmark Functions

The Zebrafish Optimization (ZFO) algorithm employed a number of commonly used
benchmark functions. These types of benchmark functions are frequently used in opti-
mization to evaluate an optimization algorithm’s ability to explore and exploit the solution
space and how it converges toward a solution based on different landscape structures; they
have been used to compare and contrast other metaheuristic optimization algorithms based
on their ability to adapt to different environmental conditions. The benchmark functions
selected for use in the current study include categories of functions that contain unimodal,
multimodal and fixed dimensional multimodal. There is a balanced and comprehensive
test of all forms of benchmark function types available for use in the ZFO evaluation
process.

The ZFO algorithm was benchmarked against three classes of classic benchmark
problems: the unimodal functions (F1-F7), the multimodal functions (F8—F13) and the
fixed dimension multimodal problems (F14-F23). Unimodal functions test exploration
and convergence precision, multimodal functions test the problem of moving out of lo-
cal minima and fixed-dimension multimodal functions have relatively low dimensional-
ity and smoother landscapes. All benchmark problems could be properly characterized
with mathematical definition, search boundaries and global optimum data taken from
the comprehensive, standard library given by Surjanovic and Bingham (Surjanovic and
Bingham, 2013): https://www.sfu.ca/~ssurjano/optimization.html. The source code of the
ZFO algorithm together with all benchmark test functions needed for full reproducibil-
ity is publicly available at (Suruthi and Ganesh, 2026): https://github.com/suruthi-m/
Zebr-Fish-Optimization.git.

All experiments were run on three different configurations of population size, number
of operations and stopping condition. Each test problem instance ran over multiple runs to
average out the random variations between runs and allow a better comparison between the
solutions. Performance statistics of the fitness values produced over each benchmark in-
clude the minimum fitness achieved, the average and standard deviation of all of the fitness
values computed over all the runs. The performance statistics will serve as a detailed basis
for the examination of the advantages and disadvantages of the new ZFO algorithm and to
produce well-justified comparisons with other optimisers within the discussion section.

3.2. Comparison of ZFO with Some State-of-the-Art Algorithm Metaheuristic
Algorithms

The Zebrafish Optimization (ZFO) Algorithm was evaluated with different state-of-the-
art Meta-Heuristic Algorithms, including the Cuttlefish Optimization Algorithm (CFO),
Jellyfish Search Optimizer (JSO), Pufferfish Optimization Algorithm (POA) and the Krill
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Herd Optimizer (KHO). Cuttlefish are aquatic animals that change their colour based on
their environment, enabling them to camouflage themselves effectively, which makes the
use of cuttlefish for optimization extremely effective. The Cuttlefish Optimization Algo-
rithm (CFO), which is based on the colour-changing capabilities of cuttlefish, predom-
inantly relies on the process of reflection and visibility operations to balance between
exploration and exploitation of solution spaces. Although CFO has a strong capability for
global exploration during the initial phase of each search, its capability to exploit locally
optimal solutions tends to diminish in highly multimodal landscapes as a result of contin-
ually switching between exploration and exploitation phases. The Jellyfish Search Opti-
mizer (JSO) mimics jellyfish move due to current influences and swarm behaviour. JSO
employs both passive and active movement to properly explore the search space. JSO’s
performance can decline in late iterations due to not providing adequate exposure pres-
sure. The Pufferfish Optimization Algorithm (POA) is based on the defensive and adap-
tive behaviours of pufferfish. POA has a high level of diversity, but due to the nature of
the landscape it may experience oscillations in convergence to the optimum location. The
Krill Herd Optimizer (KHO) uses how krill herd together and includes induced movement
of individuals, foraging activity and physical movement around space (diffusion). KHO
allows for continued diversity within the population, but due to multiple operators that
interact, computing the optimum using KHO can increase its complexity. The parameter
settings used for all benchmark problems are detailed in Table 1. These are control param-
eters and were found empirically and set at the same values for all problems to maintain
fairness in comparison and ensure reproducibility.

3.3. Qualitative Analysis

ZFO performs can be viewed qualitatively from the Search history, Search path and Con-
vergence charts in Figs. 3, 4 and 5. As shown in the search history chart, candidate so-
lutions at the start of the optimization process are found over a large area of the solution
space, indicating an excellent exploratory capacity, as well as their ability to cover/locate
areas not previously searched. As the optimization process continues, candidate solutions
cluster around identified promising solution areas, indicating a successful movement from
Exploration to Exploitation. The search path chart exhibits the direction of movement of
the best zebrafish toward the global optimum. This movement illustrates how effective
the Hunting and Shoaling mechanisms direct the search process. Also, the Convergence
curve exhibits a rapid decline in fitness from the start of the optimization process to the
end of the optimization process, while the trend of average fitness confirms that there is
consistent population-level convergence of candidate solutions toward the extremely com-
petitive global optimum for the benchmark function. As shown, ZFO maintains a diverse
population while achieving steady and reliable convergence to the benchmark function.

3.4. Performance Analysis and Mechanistic Analysis

In addition to providing evidence for the relative effectiveness of ZFO, this section seeks
to explore at which problem instances and for which reasons the proposed ZFO model
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Table 1
Parameter configuration for the Proposed Zebrafish Optimization Algorithm.
Parameter Symbol Value/Formula Description
Population size N 30 Number of Candidate Agents for the Zebrafish. It is set
to 30-50.
Max iterations T 500/1000 Max number of iterations
Search dimension d Problem-dependent Dimensions of search space
Max exploration amax 0.3 x range Exploration step size max (/b, ub)
step
Min exploration  opin 0.05 x range Exploration step size min
step
Fairness weight — we 1.0 Multiplier of fairness factor during exploration of step
(explore) sizes
Separation y 0.5 x B (= 0.05 x range) Repulsion/separation coefficient applied to S; in the
weight shoaling update, set as half the shoaling attraction step
Shoaling base B 0.1 x range Attraction rate of the shoal centroid in movement
step during shoaling
Shoaling noise &5 0.05 Stochastic component during shoaling movement
Neighbourhood & max (2, round(+/N)) Number of closest neighbours for local centroid
size movement
Hunting base step 7 0.15 x range Attraction rate of prey in the movement of the hunter
Hunting noise 3 0.02 Stochastic component during hunter movement
Fairness weight — wy, 0.5 Multiplier of fairness factor during hunting of step
(hunt) sizes
Global weight we 0.5+0.57 Time variant influence between global search direction
(hunting) and local hunter movements
Exploration Pexplore (1 —7) +0.5¢; Probability of entering in to an exploratory movement
probability
Hunting Phunt T+ 0.3¢; Probability of hunting behaviour for a certain agent in
probability the step of an iteration
Shoaling Pshoal 1 — (Pexplore + Phunt) Probability of shoaling behaviour for a certain agent in
probability the step of an iteration
Stagnation Sth max (3, round(0.05 x 7)) Consecutive steps without improvement before a
threshold forced re-start
Fairness factor  ¢; max (0, W) Fairness weight function based on agent fitness [i is
index of the agent, the best one gets i = 0]
Normalised time T % Progress over time of algorithm execution from 0 to 1

offers superior results in comparison to others. Emphasis is given to the individual role
played by exploration, shoaling, hunting and stagnation detection and parameter adaptive
mechanisms in establishing the optimal equilibrium between exploration and exploitation
under varying scenarios.

3.4.1. Performance Analysis on Unimodal Benchmark Functions

The performance of the Zebrafish Optimization Algorithm (ZFO) was compared against
four of the most recently developed metaheuristic algorithms (CUTTLE, JS, POA and KH)
across seven unimodal benchmark functions (F1-F7). Table 2 shows that the algorithms
were tested under exactly the same conditions (50 separate trials with 500 iterations) and
Table 3 shows the algorithms were tested under exactly the same conditions (50 separate
trials with 1000 iterations) and the best, average and standard deviation (STD) of each
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Fig. 3. Qualitative results of F1 to F7 ZFO on unimodal benchmark functions.

algorithm’s fitness score were captured. Figures 6 and 7 show the convergence behaviour
of the algorithms (50 separate trials with 500 iterations and 50 separate trials with 1000
iterations) compared on the unimodal benchmark functions, which is shown along with

their optimization dynamics across the iteration process.

ZFO consistently outperforms the other tested algorithms on all unimodal test func-
tions. Specifically, ZFO has lower mean fitness values and lower standard deviation val-
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ues, indicating excellent exploitation and convergence behaviour. ZFO’s low variability
(i.e. low variance) in independent experimental runs also suggests that it can be relied
upon to produce similar results regardless of the run.

For simpler unimodal functions like F1, F2 and F7, ZFO quickly approaches the global
optimum and generates more accurate solutions than those created by CUTTLE, JS, POA
and KH. The ZFO Algorithm’s strength lies in its ability to perform intensive exploration
of the more promising areas of the search space to find these points. The competing algo-
rithms show higher mean errors and a greater spread, indicating they will take longer to
converge and are more likely to find fewer optimum paths during their search process.

Additionally, for higher dimensional unimodal problems, ZFO continues to outper-
form the alternatives through its ability to honour the trade-off between encouraging move-
ment toward the “optimal” solution while avoiding premature stagnation. The results for
POA and CUTTLE were significantly poorer than ZFO, demonstrating relatively large
mean fitness values and high standard deviations, indicating that they are less effective at
exploiting the available resources within unimodal landscapes.

The extensive experiments with unimodal benchmark functions, the performance
gained from using ZFO has been validated and is extremely effective, accurate and ro-
bust. ZFO is an extremely effective optimizer in terms of utilising its extreme capability
for finding a singular, global optimum and is especially beneficial for solving optimization
issues, including those with a singular optimizer.

3.4.2. Performance Analysis on Multimodal Benchmark Functions

A comparison between the ZFO algorithm and four other stochastic, multi-dimensional
optimization methods is presented in Table 4 and 5. All methods were applied in three
levels of testing, consisting of the recommended number of trials (50 with 500 iterations
and 50 with 1000 iterations). The trial results were compiled into tables including the
best trial results, average results and standard deviations for all trial results obtained for
each level of testing. Additionally, Figs. 8 and 9 show the convergence behaviour of the
algorithms (50 separate trials with 500 iterations and 50 separate trials with 1000 itera-
tions) compared on the multimodal benchmark functions, which is shown along with their
optimization dynamics across the iteration process.

Data was collected across all run sizes and iteration limits to develop the ZFO algo-
rithm’s ability to do better than, or at least as well as the benchmark algorithms. The results
indicate that ZFO has superior exploration capability in the early stages of the search pro-
cess and gradually increases its ability to exploit as the number of iterations increases.
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Through this process, ZFO is able to traverse multi-modal optimally and prevents a pre-

mature fall back into local optima.

As the number of runs increasing from 25 to 50, the performance of ZFO is more con-
sistent with lower values of standard deviation over all multimodal functions. These re-
sults demonstrate the robustness and reliability of the proposed algorithm when subjected
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to diverse stochasticity. On the other hand, other proposed algorithms, such as POA and
KH demonstrate a high degree of performance variability, indicating that they are more
susceptible to differences in both initialization and search randomness.

Additionally, by increasing the number of iterations from 500 to 1000 iterations,
a greater number of iterations will allow ZFO to refine the quality of its solutions beyond
their current mean fitness value without compromising the stability of their convergence
rates. The ability of the algorithm to scale up in terms of both the number of runs and the
number of iterations demonstrates that the algorithm can effectively utilize more computer
resources to improve the accuracy of its optimization results.

The results of the experiments conducted in multiple runs, iterations and other config-
urations validate the capability, dependability and capacity of ZFO to solve multimodal
optimization problems. These experimental configurations provide a consistent perfor-
mance improvement across all trial types and substantiate the validity of ZFO as an ap-
propriate tool for dealing with complex, high dimensional optimization problems that are
characterized by multiple local optima.
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Table 2
Result for unimodal F1-F7 with 50 runs and 500 iterations.
Function ZFO CUTTLE JS
BEST MEAN STD BEST MEAN STD BEST MEAN
F1 9.98E+02 1.23E+03 1.38E+02 2.62E4+04 3.32E4+04 2.53E+03 5.02E+03 1.03E+04
F2 1.81E4+01 2.28E4+01 221E+00 2.49E+4+02 3.89E+08 1.17E4+09 4.19E4+01 5.88E+01
F3 6.75E+03 1.31E+04 2.99E+03 5.04E4+04 7.90E4+04 8.32E+03 6.70E+03 1.76E+04
F4 1.65E+01 2.78E+01 4.64E4+00 6.52E4+01 7.58E4+01 4.04E+00 2.39E+01 3.58E+401
F5 5.60E4+04 9.35E+04 2.30E+04 3.44E+4+07 5.39E+07 8.57E+06 1.64E4+06 5.33E+06
F6 9.85E4+02 1.23E4+03 1.33E+02 2.06E+04 3.19E4+04 2.81E+403 5.65E4+03 1.09E+04
F7 1.89E—01 347E—-01 895E—02 2.71E+01 4.14E—01 7.15E+00 1.36E+00 3.73E+00
Function POA KH
STD BEST MEAN STD BEST MEAN
Fl 2.43E+403 3.91E+04 5.30E4+04 4.77E4+03 1.35E4+-04 3.14E+04
F2 8.51E+00 1.28E+4-05 4.13E+11 1.95E+12 3.18E+01 4.56E+401
F3 5.73E+03 7.31E404 9.91E+04 1.05E4-04 5.14E4-03 1.02E+04
F4 3.99E400 7.12E401 7.89E+4-01 2.82E+400 5.77E+401 7.38E+401
F5 2.30E4-06 7.97E4+07 1.23E+08 2.51E407 1.15E+4-06 8.23E+06
F6 2.65E+03 3.67E+04 5.18E+04 5.77E+4-03 1.32E+4-04 2.84E+04
F7 1.43E4-00 5.22E+01 8.86E+401 1.68E4-01 7.01E-02 2.39E-01
Table 3
Result for unimodal F1-F7 with 50 runs and 1000 iterations.
Function ZFO CUTTLE JS

BEST MEAN  STD BEST MEAN  STD BEST MEAN  STD

F1 7.39E402 1.04E+03 1.13E+02 2.11E404 2.57E+04 1.77E+403 3.20E+03 1.05E+04 2.27E+03
F2 1.72E401 2.45E+01 2.43E+01 1.37E402 1.76E+07 5.05E407 4.03E+01 5.99E+401 8.46E+00
F3 5.93E403 9.86E+03 1.85E+03 5.82E+04 6.99E+04 5.64E+403 7.46E+03 1.88E+04 5.74E+03
F4 1.48E+401 2.13E4+01 4.70E400 5.77E4+01 7.01E+01 4.82E400 2.24E+01 3.35E401 3.80E+00
F5 3.73E4+04 6.50E+04 1.60E+04 2.20E+07 3.49E+07 4.85E+406 1.54E+06 4.83E+406 2.16E+06
F6 8.00E+02 1.03E4-03 1.09E+02 2.15E404 2.56E+04 1.84E+03 5.05E4+03 1.03E+04 2.48E+4-03
F7 1.07E—01 2.45E—01 7.13E—02 1.49E+401 2.61E+01 4.58E+400 5.89E—01 4.12E+400 1.86E+00
Function POA KH
BEST MEAN STD BEST MEAN STD

F1 2.06E4-04 3.11E+04 3.72E4-03 1.42E+4-04 3.00E+04 1.04E+4-04
F2 1.54E402 1.42E408 5.22E+4-08 3.25E+4-01 4.55E+01 4.96E+4-00
F3 6.56E4-04 7.92E404 6.65E4-03 4.31E403 9.74E+4-03 5.22E+403
F4 6.84E+4-01 7.41E401 2.67E+00 4.16E+401 7.22E4-01 1.01E401
F5 2.92E4+07 5.36E4-07 1.06E4-07 1.17E4-06 5.73E4-06 4.99E4+06
F6 2.28E+04 3.14E+04 3.85E+4-03 1.57E404 3.01E+04 8.91E+03
F7 2.37E401 3.84E+01 6.91E+00 5.82E—02 1.43E-01 5.76E—02

3.4.3. Performance Analysis on Fixed Dimension Multimodal Functions
The performance of ZFO is compared with CUTTLE, JS, POA and KH by evaluating
each algorithm when solving benchmark functions that have several variables and are

multimodal. These problems were carefully designed so that each has a fixed number of
decision variables and represent very complex optimization problems because many of the
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Fig. 6. Convergence curve for unimodal F1-F7 with 50 runs and 500 iterations.

variables have many local minima and they require very different exploitation strategies
than traditional optimization problems. They provide an excellent means for testing an
algorithm’s robustness, exploration capability and convergence properties.

To allow for a fair and statistically significant comparison between the algorithms
through multiple experiments, the following factors were taken into account: the num-
ber of independent runs per algorithm. Table 6 and 7 show the algorithms were tested
under exactly the same conditions (50 separate trials with 500 iterations and 50 separate
trials with 1000 iterations). After completing the experiments for each of these variations,
the algorithms’ real-time fitness values were analysed based on: best fitness value, mean
fitness value and standard deviation (STD) for each configuration. Additionally, Figs. 10
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and 11 show the convergence behaviour of the algorithms (50 separate trials with 500
iterations and 50 separate trials with 1000 iterations) compared on the fixed dimensional
multimodal benchmark functions, which is shown along with their optimization dynamics
across the iteration process of 50. Each independent run was completed with 500 iterations
or 1000 iterations.

ZFO performed better than any other algorithm for the entire fixed-dimensional mul-
timodal function suite. More importantly, ZFO is consistently able to avoid the pitfalls of
local optima while maintaining a diverse population. This is evidenced by ZFO’s lower
and more consistent average fitness over repeated runs. Therefore, ZFO has effectively
found a good balance between exploration and exploitation when operating in a multi-
modal environment.

An increased run count of 50 demonstrated improved stability of ZFO as indicated
by consistently lower standard deviation and it shows greater stability in the presence
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Table 4
Result for multimodal F8-F13 with 50 runs and 500 iterations.

Function ZFO CUTTLE JS

BEST MEAN STD BEST MEAN STD BEST MEAN STD
F8 —1.14E+04 —9.30E+03 9.13E+02 —6.29E+03 —5.54E+03 2.98E+02 —7.58E+03 —5.84E+03 7.26E+02
F9 321E+02 3.88E+02 3.01E4+01 543E+02 5.84E+02 2.11E+01 2.43E402 2.99E+02 2.52E+01
F10 6.73E+00 7.47E+00 4.10E—01 1.76E+01 1.86E+01 3.27E—01 1.11E+01 1.33E401 7.60E—01
F11 8.74E+00 1.19E+01 1.32E+00 2.22E4+02 2.95E+02 3.20E+01 5.41E+01 9.53E4+01 2.09E+401
F12 798E+00 1.07E+02 4.71E+02 3.08E407 7.41E+07 2.50E4+07 1.51E+03 5.50E+05 5.71E+05
F13 1.53E4+02 6.11E+03 1.00E+04 1.10E4+08 2.08E4-08 3.51E+07 5.36E4+05 6.75E4+06 5.17E4+06
Function POA KH

BEST MEAN STD BEST MEAN STD
F8 —8.00E+03 —6.49E+03 5.36E+02 —9.64E+03 —9.29E+03 2.73E402
F9 5.64E+402 6.16E4+02 2.28E+01 1.89E+4-01 4.46E+401 1.64E+401
F10 2.01E+01 2.02E+01 4.39E—-02 1.18E+01 1.44E+01 1.35E+00
F11 3.65E+02 4.75E+02 5.11E401 3.03E+02 7.87E402 2.56E+4-02
F12 8.04E+07 2.11E+08 4.62E407 2.25E+05 7.64E4-06 1.21E+07
F13 2.66E4-08 5.16E4-08 1.07E+4-08 3.29E+06 3.71E407 3.66E4+07
Table 5
Result for multimodal F8-F13 with 50 runs and 1000 iterations.

Function ZFO CUTTLE JS

BEST MEAN STD BEST MEAN STD BEST MEAN STD
F8 —1.17E404 —1.01E4+04 7.10E+02 —7.41E+03 —5.91E+03 4.20E+02 —7.93E4+03 —5.98E+03 7.32E+02
F9 3.02E4+02 3.74E+02 3.44E+01 491E+02 S5.68E4+02 2.14E+01 2.23E402 2.82E4+02 2.54E+01

F10 6.42E4+00 6.94E4+00 2.56E—01 1.72E+01 1.78E+01 2.55E—01 1.17E4+01 1.35E+01 8.38E—01
F11 8.35E+00 1.00E+01  9.54E—01 1.96E+02 2.33E+02 1.62E+01 6.02E+01 9.38E+01  1.88E+01
F12 8.15E+00 1.58E+01  5.57E4+00 1.58E+07 3.61E+07 1.10E+07 2.46E+03 4.73E+05 4.47E+05
F13 6.55E+01 1.91E4+03 4.44E403 3.45E+07 1.12E+08 2.66E+07 1.13E+06 8.29E+06 6.58E+06

Function POA KH
BEST MEAN STD BEST MEAN STD

F8 —9.03E+03 —7.11E+03 5.12E+02 —9.62E+03 —9.33E+03 1.13E+4-02
F9 5.01E402 5.75E+02 2.54E4-01 2.09E+401 4.35E4+01 1.58E4-01
F10 2.00E+4-01 2.01E+401 3.64E—02 9.71E+400 1.40E+4-01 1.35E+4-00
F11 2.15E402 2.85E+02 3.52E401 4.25E4+02 8.15E+02 1.56E402
F12 8.55E+06 6.30E4-07 2.22E+407 4.41E+04 4.86E+406 5.16E4-06
F13 8.70E+07 1.71E408 4.23E407 3.41E406 2.92E4+07 4.27E407

of stochastic variation. ZFO can further enhance the quality of the solution when run
over 500-1000 iterations, improving convergence accuracy without negatively impacting
stability.

In the search phase, POA and KH often substitute a restricted number of search pat-
terns for a variety of fixed-dimensional multimodal functions, which causes premature
convergence. On the other hand, compared to the other competing algorithms, the overall
performance of CUTTLE and JS is more variable. In addition, evaluation shows that the
new algorithm ZFO is better able to maintain diversities in the search process and provide
steady convergence to high-quality solutions.

Overall, the experimentation has demonstrated that ZFO is a high-performance method
for Fixed-Dimension Multimodal Optimization Problems due to its superior robustness,
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Fig. 8. Convergence curve for multimodal F8-F13 with 50 runs and 500 iterations.

scalability and convergence reliability and that the increases in performance seen across
various run sizes and iteration limits support ZFO’s efficacy with respect to the solution
of difficult complex optimization problems characterized by rugged and deceptive search
spaces.

3.5. Statistical Analysis

The performance of ZFO was rigorously validated through a statistical analysis of all four
algorithms (Cuttle, JS, POA and KH) to compare the proposed ZFO proposal against
other algorithms. Because metaheuristic algorithms operate by generating random out-
comes, the results are non-normally distributed and do not meet the criteria for normality.
Nonparametric statistical tests were the most effective way to evaluate the comparison and
to provide a reliable, unbiased assessment of the performance of the algorithms.

3.5.1. Friedman Test
The Friedman test was conducted independently for each of the benchmark functions to
test the algorithms’ abilities. The Friedman test was performed on three sets of data — the
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Fig. 9. Convergence curve for multimodal F8-F13 with 50 runs and 1000 iterations.

results of 25, 30 and 50 independent trials with 500 and 1000 iterations and a significance
level of @ = 0.05. The Friedman test provided mean rankings for the algorithms and
the p-value associated with the mean. The results of the Friedman test showed ZFO had
the lowest (and best) ranking among most unimodal and multimodal functions and fixed-
dimensional multimodal functions. Additionally, the p-values generated by the Friedman
test for many of the test functions indicated that the differences between the algorithms’
performance were statistically significant, thus indicating no random variability would
account for the observed differences in performance.

3.5.2. Wilcoxon Signed Rank Test

The results of the Wilcoxon signed-rank test demonstrate that there are statistically sig-
nificant differences in performance between the ZFO algorithm and four other competing
algorithms for each of the twenty three benchmark functions when using the best fitness
values across independent runs of the ZFO and each of the competing algorithms. To com-
plete the statistical test, the results obtained from each of the four competing algorithms
were treated as a “reference” algorithm against which to compare ZFO. Before performing
the Wilcoxon signed-rank test, all comparisons with missing values and identical fitness
values were excluded to ensure the validity of the comparisons performed. The results
obtained from conducting the Wilcoxon signed-rank test resulted in the conclusion that
ZFO outperformed the competing algorithms in a statistically significant manner for most
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Table 6

Result for fixed dimension multimodal F14-F23 with 50 runs and 500 iterations.

Function ZFO CUTTLE JS
BEST MEAN STD BEST MEAN STD BEST MEAN STD

Fl4 9.98E—01 9.98E—01 1.59E—04 9.98E—01 1.00E—00 5.92E—03 9.98E—01 4.57E+00 2.87E+00
F15 6.77E—04 1.09E—03 2.27E—04 643E—04 1.09E—03 248E—-04 3.99E—04 5.06E—03 9.57E—03
F16 —1.03E+00 —1.03E+00 2.54E—04 —1.03E+00 —1.03E+00 3.18E—04 —1.03E+00 —1.03E+00 3.52E—04
F17 398E—-01 3.98E—-01 4.52E—04 3.98E—01 3.98E—01 3.80E—04 3.98E—01 4.02E—01 1.19E-02
F18 3.00E+00 3.00E4+00 3.30E—03 3.00E4+00 3.00E4+00 5.50E—03 3.00E+00 3.10E4+00 5.41E-01
F19 —3.86E-+00 —3.86E+00 8.97E—05 —3.86E+00 —3.86E+00 5.52E—04 —3.86E+00 —3.84E+00 2.66E—02
F20 —3.32E4+00 —3.23E4+00 5.62E—02 —3.31E+00 —3.29E+00 1.20E—02 —3.32E+00 —3.06E+00 2.24E—01
F21 —1.01E4+01 —8.34E+00 2.26E+00 —9.69E+00 —8.02E+00 9.29E—01 —1.02E+01 —5.57E4+00 3.48E+00
F22 —1.04E+01 —9.66E+00 1.21E+00 —9.83E+00 —8.31E+00 9.32E—01 —1.04B+01 —6.61E+00 3.24E+00
F23 —1.05E4+01 —9.82E4+00 1.01E+00 —9.85E+00 —8.25E+00 8.58E—01 —1.05E4+01 —6.18E4+00 3.29E+00
Function POA KH

BEST MEAN STD BEST MEAN STD
F14 9.98E—01 9.99E—01 4.10E—-03 1.02E+00 1.05E+4-01 8.73E+00
F15 9.67E—04 1.31E-03 1.85E—-04 3.07E—-04 4.28E—03 5.92E—-03
F16 —1.03E+00 —1.03E+00 1.63E—04 —1.03E+00 —1.03E+00 1.69E—07
F17 3.98E—01 3.98E—01 1.36E—04 3.98E—01 3.98E—01 2.41E—-06
F18 3.00E+00 3.00E4+00 1.25E—-03 3.00E+00 3.00E+00 7.95E—-08
F19 —3.86E+00 —3.86E+00 1.57E—-04 —3.86E+00 —3.82E+00 4.26E—02
F20 —3.32E+00 —3.31E+00 8.95E—-03 —3.32E+00 —3.20E+00 1.31E-01
F21 —1.01E401 —9.37E+00 5.25E-01 —1.02E+01 —7.26E+00 3.61E+00
F22 —1.03E4-01 —9.75E+00 4.30E-01 —1.04E+01 —8.40E+00 3.28E+00
F23 —1.05E+401 —9.94E+00 4.30E-01 —1.05E+01 —7.22E+00 3.71E+00

Table 7

Result for fixed dimension multimodal F14-F23 with 50 runs and 1000 iterations.

Function ZFO CUTTLE JS
BEST MEAN STD BEST MEAN STD BEST MEAN STD

F14 9.98E—-01 9.98E—01 1.72E—05 9.98E—01 9.98E—01 9.48E—05 9.98E—01 4.46E+00 3.07E+00
FI5 6.84E—04 1.12E—03 2.13E—04 6.13E—04 9.24E—04 1.46E—04 3.33E—04 4.72E—03 9.47E—03
Fl16 —1.03E4+00 —1.03E+00 1.28E—04 —1.03E+00 —1.03E+00 1.91E—04 —1.03E+00 —1.03E+00 5.93E—05
F17 3.98E—01 3.98E—01 3.25E—04 398E—01 3.98E—-01 2.81E—04 3.98E—-01 4.29E-01 1.03E-01
F18 3.00E+00 3.00E+00 1.69E—03 3.00E4+00 3.00E+00 2.59E—03 3.00E+00 3.61E+00  3.69E+00
F19 —3.86E4+00 —3.86E4+00 5.18E—05 —3.86E+00 —3.86E4+00 2.31E—04 —3.86E+00 —3.84E+00 2.34E—02
F20 —3.32E+00 —3.26E+00 6.00E—02 —3.32E+00 —3.30E+00 8.78E—03 —3.32E+00 —3.07E+00 1.94E—01
F21 —1.01E4+01 —8.88E+00 1.86E+00 —9.81E+00 —8.66E+00 7.04E—01 —1.02E4+01 —5.58E+400 3.34E+00
F22 —1.03E+01 —9.88E+00 1.02E+00 —1.01E+01 —9.07E+00 5.64E—01 —1.04E+01 —5.91E+00 3.25E+00
F23 —1.05E4+01 —1.01E4+01 7.42E—01 —1.03E+01 —8.76E+00 8.20E—01 —1.05E+01 —5.67E4+00 3.05E+00
Function POA KH

BEST MEAN STD BEST MEAN STD
Fl14 9.98E—01 9.98E—01 3.41E-07 9.98E—01 1.22E+4-01 2.11E+401
F15 6.69E—04 1.05E—03 1.77E—04 3.08E—04 3.40E—03 6.35E—03
Fl16 —1.03E+00 —1.03E+00 3.05E-05 —1.03E+00 —1.03E+00 3.20E—-06
F17 3.98E—01 3.98E—01 4.90E—05 3.98E—01 3.98E—01 4.20E—06
F18 3.00E400 3.00E+00 3.46E—-04 3.00E+00 3.00E+00 1.19E—-08
F19 —3.86E+00 —3.86E+00 4.89E—05 —3.86E+00 —3.85E+00 1.42E-02
F20 —3.32E+00 —3.32E+00 2.70E—-03 —3.32E+00 —3.28E+00 7.16E—02
F21 —1.01E+01 —9.94E+00 1.59E-01 —1.02E4-01 —7.50E+00 3.37E+00
F22 —1.04E+01 —1.02E+401 9.73E—02 —1.04E+01 —7.34E+00 3.66E+00
F23 —1.05E+401 —1.04E+4-01 8.08E—02 —1.05E+01 —7.83E+00 3.67E+00
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Fig. 11. Convergence curve for fixed dimension multimodal F14-F23 with 50 runs and 1000 iterations.

benchmark functions. In two specific cases, multimodal and fixed-dimension multimodal
problems, the results of the Wilcoxon signed-rank test confirm that the statistically signifi-
cant performance improvements exhibited by the ZFO algorithm are due to its consistently
superior performance rather than due to any form of stochastic variation of performance.
Table 8 summarizes the p-value result for the Wilcoxon signed-rank test for statistically
significant differences of performance between the algorithms.Across all the benchmark
functions a trend was observed (p < 0.05) on statistically significance of the ZFO per-

form:

ance.

3.5.3. Overall Ranking Analysis
This overall ranking considers all of the functions possible within a benchmark configu-
ration, using averaged Friedman rankings to see how the different configurations stack up
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Table 8
Statistical significance analysis using Wilcoxon signed-rank test for ZFO under multiple run.

Runs:25,500  Runs:30,500  Runs:50,500  Runs:25,1000  Runs:30,1000  Runs:50,1000

Iteration Iteration Iteration Iteration Iteration Iteration

Function  p_value p_value p_value p_value p_value p_value

Fl1 1.15SE-19 1.77E-23 1.58E—39 1.03E—-17 2.10E—-21 1.02E-35
F2 1.33E—19 2.70E—22 1.51E-39 1.10E—-19 1.01E-23 5.14E-39
F3 3.04E—18 3.74E-22 2.93E-37 2.02E—18 2.66E—-21 7.76E—38
F4 8.63E—17 8.49E—-20 3.88E—34 7.73E—17 3.54E-20 5.62E—34
F5 6.87E—20 3.53E-24 3.19E—40 1.14E—-19 2.07E-23 2.98E—-39
F6 3.19E—19 2.83E-23 1.02E-39 1.52E—-17 3.55E-21 4.90E—36
F7 4.72E-20 1.55E—-24 1.39E—40 1.33E—-19 6.45E—24 1.75E—40
F8 1.10E—17 1.51E-20 1.26E—35 1.46E—18 3.03E-22 5.26E—-37
F9 4.72E-20 2.75E-24 2.23E—41 1.03E—-19 1.02E-23 5.30E—40
F10 8.30E—20 7.35E—24 8.93E—41 1.10E—-19 1.68E—23 3.19E—40
F11 2.77E-20 7.81E—-25 1.42E—40 2.02E-20 1.11E-24 5.54E—42
F12 2.02E-20 1.11E-24 1.15E—41 1.29E—-19 1.55E-23 1.81E—40
F13 4.43E-20 2.48E—24 3.04E—41 2.95E-20 5.03E—-24 2.71E-39
F14 2.15E—-14 1.86E—15 1.86E—30 1.12E—14 2.01E—15 2.28E—-29
F15 2.63E—-05 8.87TE—02 8.84E—06 2.85E—-03 1.84E—04 1.40E—02
F16 4.53E—-14 9.88E—19 1.01E-28 3.76E—14 5.11E—18 1.53E-31
F17 5.18E—10 1.17E—10 1.66E—20 3.17E—-10 2.99E—11 4.99E—19
F18 1.36E—09 9.75E—11 8.98E—22 1.57E—09 5.46E—12 2.42E-21
F19 2.81E—12 1.10E—19 4.35E—30 1.31E—14 3.63E—13 1.79E-21
F20 1.16E—-08 8.60E—09 3.50E—13 3.81E—-10 1.50E—14 1.01E-19
F21 5.45E—04 2.91E-03 4.28E—06 3.14E—-06 6.18E—08 2.03E—12
F22 7.08E—04 3.49E—-05 3.72E—11 3.64E—10 3.15E—-08 2.49E—11
F23 2.54E—-02 1.96E—09 2.14E—-10 4.04E—07 1.09E—06 6.60E—18

against one another based on the results of the global performance evaluation. All bench-
marks, as expected, performed extremely well, with ZFO finishing at the top of the list
each time. The results from the experimental configurations provided conclusive evidence
that the overall performance of ZFO shows high levels of robustness in varying sizes of
evaluations and budgets of evaluations (or iteration budgets) while allowing for general-
ising across other types of optimization landscapes. Averages of the Friedman rankings
and overall ranks for all algorithms with different runs and iterations show that ZFO is
consistently achieving the lowest average rank and demonstrating that it has superior and
robust performance overall in Table 9.

3.6. Analysis of Phase Contributions and Performance Drivers

The benchmark results, as described in Section 3.5.1 and 3.5.3, show that ZFO outper-
forms or performs competitively to CFO, JSO, POA, KHO in all three benchmark cate-
gories. However, performing well compared to other algorithms does not alone guarantee
algorithmic quality, determining where and why ZFO performs well (which phase, which
biological mechanism and which mechanism driven by parameter is responsible for which
improvement of benchmark function classes) is a crucial step. The performance drivers
of ZFO were analysed as follow.
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Table 9
Friedman average ranks and overall ranking of algorithms under different runs
and iterations.

Run Iteration Algorithm AvgRank Overall rank
25 500 ZFO 1.98E4-00 1
CUTTLE 3.65E+00 4
IS 2.93E+00 3
POA 3.78E+-00 5
KH 2.65E+00 2
30 500 ZFO 1.98E+00 1
CUTTLE 3.68E+00 4
IS 2.91E+00 3
POA 3.79E+00 5
KH 2.64E+00 2
50 500 ZFO 2.00E+00 1
CUTTLE 3.71E+4-00 4
IS 2.84E+00 3
POA 3.80E+-00 5
KH 2.65E+00 2
25 1000 ZFO 2.10E+00 1
CUTTLE 3.79E+00 5
IS 2.98E+00 3
POA 3.54E+00 4
KH 2.58E+00 2
30 1000 ZFO 2.08E+00 1
CUTTLE 3.76E+00 5
IS 2.98E+00 3
POA 3.58E+00 4
KH 2.60E+00 2
50 1000 ZFO 2.09E+00 1
CUTTLE 3.77E+4-00 5
IS 2.94E+00 3
POA 3.57E+00 4
KH 2.63E+00 2

3.6.1. Unimodal Benchmarks (FI1-F7): Hunting-Driven Exploitation

For unimodal F1-F7 (with single global and no local optimum) performance is driven
by Hunting Phase (Section 2.3.3). Update (11) includes global (to population best) and
local (to neighbours best) directional vector, modulated by time-dependent factor T = %
When small local exploration dominates, to keep population coverage wide, whilst as
grows global direction dominates and it increasingly targets the optimum. This temporal
dependency fits well with convex, gradient-consistent landscapes such as F1 (Sphere), F2
(Schwefel 2.22) and F4 (Rosenbrock).

This Biological Inspiration directly relates to leaderless group predation observed in
zebrafish; the intensity of the attack increases with the group as it closes in on the prey
target. In contrast, the cuttlefish (CFO) use their camouflage-based search operator with a
static, iteration independent, pull toward the best and pufferfish (POA) with their puffing
mechanism use a radius search that increases equally regardless of distance to optimum.
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CFO and POA are unable to adapt directional search influence and therefore present higher
mean values and a larger spread on F1-F7 due to the difference mechanism described.
Fairness factor ¢; (5) is also directly inspired by leaderless, individual-centric, foraging
behaviour: we make a direct connection to zebrafish schooling where less capable indi-
viduals are allowed greater exploratory ranges and this is achieved at each hunting step,
where weak agents (lower fitness) receive disproportionately larger hunting steps than
strong (higher fitness) agents due to the fairness factor ¢;.

3.6.2. Multimodal Benchmarks (F8—F13): Fairness-Weighted Exploration and
Stagnation Recovery

ZFQ is able to outperform on F8—F13 where, due to the multitude of local optima, the two
working principles are responsible for the gain: the Fairness-Weighted Exploration Phase
(Section 2.3.1) and the Stagnation-Aware Reinitialization (Section 2.3.4). The adaptable
step t (4) is controlled by max and min and it remains sufficiently large to maintain spread
of population in initial iterations, where the risk of being attracted by local optima is the
highest, whilst the fairness coefficient ¢; enables individuals trapped around a suboptimal
local optimum to have larger exploratory movements in proportion to the severity of their
trapping and therefore be capable of being kicked out of the basins of attraction. When
they fail over iterations of escape, the stagnation count up forces a complete reinitialization
to another random point (12), thus forcibly ensuring diversity at the individual level. It is
the combination of this two-tiered system of step amplification, which accounts for the
unfairest of being trapped around poor local optima and reinitialization after a defined
threshold, that is key to ZFO being able to find high-quality solutions in difficult functions
such as F8 (Schwefel 2.26), F9 (Rastrigin) and F12 (Penalised).

The fairness coefficient ¢; serves the biologically inspired element, directly drawn
from the concept of equal access foraging observed in zebrafish where the worse-off in-
dividuals exhibit a larger relative movement range than fitter individuals within the shoal,
a component not present in jellyfish (JSO) which passively moves with currents and em-
ploys a dynamic, population-based state-transition between drifting and foraging or krill
(KHO), which uses diffusive, random walks and has no agent-specific state of stagnation.
The reinitialization based on the stagnation count up is inspired by the empirical obser-
vation of zebrafish abandoning unfavourable foraging sites and redistributing itself and
this is again an agent-specific change in state, unlike the two algorithms. It is the lack of
these two components which is the cause for the higher mean fitness values and variance
produced by JSO and KHO for F8-F13.

3.6.3. Fixed-Dimension Multimodal Benchmarks (F14-F23): Shoaling-Based
Coordination and Diversity

For highly non-linear, deceptive, multi-modal fixed-dimension benchmark functions

F14-F23, it is the Shoaling Phase (Section 2.3.2) which predominantly drives perfor-

mance. The shoaling update (7) drives each individual towards the centroid of its k closest

neighbours, as opposed to towards global best, facilitating rich neighbourhood-level in-

formation exchange and allowing the population to simultaneously explore and converge
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on distinct promising sub-regions. Minimum distance between individuals is encouraged
through the separation parameter y (S; in 7), preventing population collapse and keeping
distinct basins of attraction explored simultaneously. The stochastic perturbation param-
eter 85 (R in (7)) helps maintain local diversity in each neighbourhood and allows indi-
viduals to move through the sharp ridges found in F14 (Langermann), F16 (Six-Hump
Camelback) and F18 (Goldstein-Price).

The neighbourhood-centroid based shoaling update is biologically inspired by the very
real active spatial regrouping based on proximity in shoals of zebrafish, which continually
reform their position based on local cues and shared gradient information. It is distinctly
different from the passive, drift-driven positioning of jellyfish (JSO) and diffusion-based
herding of krill (KHO). In the case of the zebrafish shoaling mechanism, y and 8, con-
tribute to its ability to efficiently navigate sharp, tricky terrain which is strongly linked
to its unique neighbourhood-centroid style update combined with intelligent control of
both separation between individuals and internal diversity. CFO’s performed inconsistent
behaviour across these specific F14-F23 problems, as compared to JSO, is that neither
these specific kinds of spatial search mechanics nor active local grouping behaviours are
present in CFO and hence CFO’s performance has the largest variance of all.

3.6.4. Role of the Adaptive Behavioural Transition Strategy and Parameter Interactions
The most unique parameter among the 4 comparison algorithms and ZFO is the adaptive
behavioural transition strategy (13)—(15). The adaptive behavioural transition strategy as-
signed each agent with their own, fitness rank-dependent probability of moving in the
direction of exploration, shoaling or hunting at each iteration. This strategy of assigning
individual, phase-switching probabilities depended on the interplay of the normalized it-
eration progress T = %, which skewed the population toward hunting over exploration as
optimization progressed, and the individual fairness factor ¢;, which modified the individ-
ual agent’s personal phase probabilities based on their individual fitness rank. The higher
is an agent’s fitness rank, the greater its P hunt, the greater its probability of exploiting
the environment intensely, whereas low rank promoted greater P explore. This effectively
caused each iteration to maintain a heterogeneous population stratified by fitness level and
simultaneous exploration, shoaling and hunting occur within the swarm at varying times.
This corresponds to the simultaneous occurrence of these three states at all times in a
school of zebrafish.

The probabilities of phase transition are predicated on an empirically proven fitness-
dependent zebrafish phase switching behaviour; individuals of low fitness will behave
in an explorative or dispersive manner while those with high fitness will maintain the
directed hunting behaviour. ZFO is the only model that incorporates an individual, fitness-
dependent phase-switching mechanism. CFO has one visibility function-based operator,
JSO has a population wide, time-dependent probability, POA utilizes a threshold-based
mode switching between attraction and puffing and KHO is designed around static, pre-set
weights on three distinct movement components without an individual assigned state.

Umax»> ®min Which govern the step range of the exploratory movement, § (shoaling
attraction parameter), 8, (hunting step size) and the stagnation parameter S;, (controls
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the rate of reinitialization) are the parameter combination that characterizes the time and
spatial profile of search by ZFO. When combined, these parameters determine the tempo-
ral/individual characteristic of search performed by ZFO and are confirmed to yield stable
and effective search within all three categories of benchmarks without function-specific
parameter adjustment, suggesting generality of the biologically-motivated design.

3.6.5. Summary of Performance Drivers

A summary of the phase-to-benchmark mapping as defined in this work, listing the core
driver for each benchmark class, biological inspiration, underlying ZFO mechanism, dom-
inant parameter and the relevant algorithmic shortcoming of comparison algorithms for
each benchmark class.

Unimodal (F1-F7): Dominant driver Hunting Phase (11); Biological basis zebrafish
leaderless time-intensified predation; Dominant parameter time-adaptive and fairness i
and the reason for competitors fail is that CFO and POA utilize iteration-independent
static attraction that is incapable of increasing directionality over time. Multimodal
(F8-F13): Dominant driver Exploration Phase (4), Stagnation Reinitialization (12) ze-
brafish fairness-weighted dispersal and patch-abandonment and the Dominant parameters
— O'max»> @min, Pi, stagnation S;; = max(3, round(0.05 x T')) where T is the number of
iterations. It refers to the number of unsuccessful search steps allowed consecutively be-
fore reinitialization. It is scaled dynamically according to the optimization horizon and
bounded from below by 3. This condition for reset is designed such that it triggers early
enough for detecting premature stagnation in short time periods and sustained enough
for detection of stagnation in long time periods before reset and the reason of competitor
fails is that JSO and KHO are devoid of individual level stagnation detection and thresh-
old based reinitialization. Fixed-dim Multimodal (F14-F23): Dominant driver Shoaling
Phase (7); zebrafish proximity-driven fluid spatial regrouping; Dominant parameters j
(attraction), y (separation), §; (perturbation), k (neighbourhood size) and the reason for
competitors fail is that CFO and JSO are devoid of structured neighbourhood-centroid
movement including separation and perturbation.

In conclusion, the superior results demonstrated by ZFO cannot be attributed merely
to favourable average benchmark statistics but are mechanistically explained by three dis-
tinct behavioural phases, each designed to address specific structural characteristics of op-
timization landscapes. The fairness factor, inspired by the egalitarian foraging behaviour
of zebrafish and embedded across all behavioural phases and transition mechanisms acts
as an overarching adaptive control mechanism at the individual-agent level. This mecha-
nism helps overcome the limitations of CFO, JSO, POA and KHO, particularly in diversity
preservation, stagnation avoidance and adaptive search regulation.

4. Conclusion And Future Work

The Zebrafish Optimization Algorithm (ZFO) is an innovative metaheuristic algorithm
based on models of how zebrafish forage. The key components of ZFO are the explo-
ration phase, where the individual fish explore all available search spaces, the shoaling
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phase, where the group of zebrafish gathers to assess how they can best hunt together, and
the hunt phase, where they will hunt in a group. In the optimization process, ZFO utilizes
both stagnation-aware behaviour adaptation and a fairness-driven movement mechanism
to maintain an effective balance between global exploration and local exploitation of re-
sources.

The performance of ZFO was tested on a wide variety of benchmark optimization
problems ranging from unimodal, multimodal and fixed dimension multimodal functions.
ZFO was also compared to multiple state-of-the-art metaheuristic algorithms including the
Cuttlefish Optimization Algorithm (CUTTLE), Jellyfish Search Optimizer (JS), Pufferfish
Optimization Algorithm (POA) and the Krill Herd Optimizer (KH). Most of the results
of the comparative experiments demonstrate ZFO produces solutions of a higher or equal
quality, converges faster and is more robust than the others on most benchmark functions.
The qualitative evaluation of the convergence curves, search histories/trajectories and the
evolution of the population fitness of the ZFO all provide continued support for the efficacy
of the behaviour-based methods employed to guide the ZFO search towards potentially
promising areas and away from premature convergence.

ZFO’s biologically interpretable architecture and small number of control parameters
make it straightforward to develop and implement, greatly reducing tuning time. The use
of fairness-based movement allows less capable agents to have meaningful involvement
in the search for optimal solutions, stagnation-aware reinitialization gives ZFO the ability
to escape local minima. These features provide ZFO with the flexibility and efficiency
needed to solve various types of continuous optimization problems.

Although ZFO has shown strong promise, it may exhibit slower convergence when
initialized near optimal regions of the search space due to the method’s emphasis on
maintaining a diverse population as a means for exploration. Future studies will ex-
amine various adaptive parameter control techniques to further enhance exploitation in
later stages of the optimization process. Combining ZFO with local search techniques
or other population-based metaheuristics may further enhance convergence precision and
efficiency. Expanding this framework into multi-objective, discrete and real-world con-
strained optimization domains may also be significant future work.
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