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Abstract

This study introduces a novel population-based metaheuristic algorithm, the Pirates of the Caribbean Optimization Algorithm

(PCOA), inspired by the adventurous strategies of pirates in cinematic narratives. PCOA models the exploration and exploitation

process through the metaphor of pirate crews searching for hidden treasure while navigating unpredictable challenges. The

algorithms effectiveness is evaluated by extensive comparisons with leading optimization methods across 23 classical functions and

the CEC 2019 benchmark suites. Results consistently demonstrate PCOAs superior solution quality, robustness, and convergence

speed. Additionally, PCOA is successfully applied to challenging real-world inverse problems in nonlinear partial differential

equations, highlighting its practical potential. The open-source implementation of PCOA further supports reproducibility and

future research.

Keywords: Pirates of the Caribbean optimization algorithm (PCOA), Cinematic Metaphor, Hybrid metaheuristic, Global

optimization, Partial differential equations (PDEs)
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1 Introduction
solutions where classical methods such as Hill Climbing [1], Simulated Annealing [2], and Nelder-Mead [3] frequently struggle to converge

efficiently or become trapped in local minima [4]. The appeal of metaheuristics lies in their ability to explore complex and multimodal

search spaces effectively, making them invaluable for addressing computationally challenging and real-world optimization problems [5].

Motivated by these advantages, researchers have introduced a wide array of metaheuristic frameworks inspired by natural, physical, and

cultural phenomena, broadening the horizons of optimization methodologies [6]. Despite remarkable progress, many existing metaheuristic

algorithms still encounter critical challenges, including premature convergence, insufficient exploration of the search space, or limited

performance when tackling highly multimodal or dynamic optimization landscapes. These issues highlight the ongoing need for the

development of more effective and adaptable optimization strategies.

In this work, we propose a novel population-based metaheuristic algorithm, termed the Pirates of the Caribbean Optimization Algorithm
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(PCOA). The PCOA draws inspiration from the adventurous pursuits of pirate ships seeking hidden treasures, modeling the optimization

process as multiple ships, each manned by a crew of pirates, navigating a vast ocean (the solution space) and searching various islands

(candidate solutions) in quest of the elusive treasure island representing the global optimum (see Fig. 1). To enhance its optimization

capability, PCOA incorporates several advanced mechanisms, including chaotic reflection, Lévy flights, quasi-opposition learning, elitism,

differential evolution (DE)-style crossover, and local refinement. These strategies collectively enable the algorithm to achieve a better

balance between exploration and exploitation, mitigating the risk of premature convergence and ensuring a comprehensive search of the

solution landscape. Established metaheuristic methodologies such as Genetic Algorithms (GA) [7], Ant Colony Optimization (ACO) [8],

and Particle Swarm Optimization (PSO) [9] have demonstrated notable success across diverse scientific and engineering domains. The

sustained prominence of these approaches is largely due to their algorithmic simplicity, structural adaptability, and derivative-free search

capabilities, which enable them to handle intricate and black-box optimization problems effectively [10, 11]. Metaheuristics are inherently

intuitive and conceptually accessible [5, 12, 13], and their inspirations from nature or evolution [14] facilitate their rapid adoption and

continuous theoretical development across disciplines [12, 15]. Their high adaptability allows them to be applied to a broad spectrum of

optimization problems with minimal modifications [16], especially as they emphasize input-output relationships over system internals [17],

[18]. Furthermore, the stochastic search strategies and derivative-free nature of metaheuristics [10,19] make them particularly well-suited for

real-world problems where derivatives are difficult or expensive to obtain. Crucially, their inherent stochasticity enables them to circumvent

local optima and explore complex, multimodal landscapes more effectively than traditional optimization methods [10].

It should be noted that, according to the No Free Lunch (NFL) theorem, no universal metaheuristic can consistently outperform all

others across every problem domain [20]. This fundamental principle motivates continuous innovation and refinement in metaheuristic

research to address the diverse and evolving challenges encountered in real-world optimization tasks. Metaheuristic algorithms are generally

classified into two categories: solution-based (trajectory-based) methods and population-based methods. While the former, such as simulated

annealing, operates with a single candidate solution [20], the latter leverages multiple solutions, promoting information exchange and

collective search to better explore the solution space [20,21]. Population-based metaheuristics, including swarm intelligence algorithms like

ACO, PSO, and Artificial Bee Colony (ABC) [22–24], have demonstrated remarkable robustness and flexibility across a range of complex

applications, from network design [25] to combinatorial optimization [26]. Their success is attributed to their collective search dynamics,

adaptability, and the effective balance they maintain between exploration and exploitation [24, 27].

Despite the diversity among metaheuristic approaches, the search process is typically structured into two fundamental phases:

exploration and exploitation [12, 28]. Achieving an effective balance between these phases remains a central challenge, as excessive

exploration can slow convergence while excessive exploitation can lead to premature stagnation [29, 30]. Furthermore, when applied to

inverse boundary identification for the Fisher and Huxley equations, inspired by real-world engineering scenarios such as inverse heat

conduction problems (IHCPs) [10,31], PCOA exhibits high convergence speed and accuracy in reconstructing unknown parameters, further

demonstrating its effectiveness for challenging scientific and engineering tasks.

2 Strategic Behaviors in Cinematic Narratives and Optimization
Cinematic storytelling, particularly within high-stakes adventure narratives, introduces a sophisticated blend of exploration, strategic

maneuvering, and adaptive learning, mirroring the challenges faced in global optimization. Unlike purely stochastic or biologically emergent

search processes, cinematic narratives incorporate intentionality, overarching strategic arcs, and multi-layered decision-making, factors that

can significantly enhance heuristic search methodologies. Several key components of this paradigm include:

1. Dynamic Exploration and Exploitation: In pirate-themed narratives, ships embark on perilous voyages across unpredictable seas in

search of hidden treasure. This mirrors the fundamental optimization challenge of navigating complex, multimodal search landscapes,

balancing broad exploration to avoid local optima while refining search efforts near promising solutions. In the PCOA, this cinematic

metaphor is directly implemented through two key algorithmic phases. During the early exploration stage, each agent (pirate ship)

samples widely across the solution space by updating its position based on random vectors and the trajectories of other ships (see

Equation (5)). As the search progresses, the algorithm transitions into a more exploitative mode, refining solutions by focusing

updates around the best-known locations and gradually reducing the degree of randomness (see Equation (9)). These mathematically

defined phases ensure that the algorithm initially explores globally to discover promising regions and then exploits locally to converge

towards the global optimum, mirroring the pirates need to balance searching new waters with investigating the most promising islands.
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2. Collaborative Intelligence and Strategic Communication: Pirate fleets frequently exchange intelligence, form temporary

alliances, and employ deceptive strategies, analogous to swarm intelligence mechanisms and differential evolution strategies that

enhance search efficiency through collective adaptation (section 2.3.6.4).

3. Environmental Perturbations and Adaptive Navigation: The unpredictability of the sea, ranging from violent storms to

treacherous reefs, forces navigators to dynamically recalibrate their trajectories in real-time. This concept is directly translated into

controlled perturbations within the optimization algorithm, designed to prevent premature convergence and ensure robust adaptability.

In the Pirates of the Caribbean Optimization Algorithm (PCOA), this narrative translates to the incorporation of random perturbation

and mutation mechanisms, such as sinusoidal perturbations and Gaussian quasi-reflection, at various stages of the search process.

These mathematical operations, detailed in Equations (18) and (section 2.3.6), introduce stochastic variations into the positions of the

agents (pirate ships), helping the population escape local optima and enhancing overall adaptability. By periodically applying these

controlled disturbances, the algorithm prevents premature convergence and ensures that the exploration of the solution space remains

diverse and resilient, much like a fleet of ships dynamically steering through unpredictable and stormy seas.

4. Hybrid Search Maneuvers: Adventure narratives frequently depict bold, sweeping movements (akin to flights) interwoven with

precise, localized refinements (resembling gradient-based searches), striking a nuanced balance between global exploration and local

exploitation, a crucial factor in high-performance metaheuristic design.

Within the algorithm, this metaphor is implemented by alternating between global moves using Lévy flights and local refinement

strategies near the best solutions. Equation (11) and section 2.3.8 formalize these search maneuvers, allowing agents to make

both large exploratory jumps and fine-tuned local adjustments, thus balancing diversification and intensification throughout the

optimization process.

2.1 Cinematic Metaphors as a Paradigm for Metaheuristic Optimization

Metaheuristic optimization algorithms have become indispensable for tackling complex, high-dimensional, and multimodal optimization

problems. By leveraging stochastic principles derived from biological evolution, swarm intelligence, and physical processes, these

algorithms efficiently explore vast search spaces to identify optimal solutions. However, despite the significant advancements brought

by nature-inspired methodologies, they often remain constrained by their reliance on emergent, localized interactions and stochastic

perturbations. This limitation raises a critical question: can structured, human-driven decision-making frameworks enhance metaheuristic

search dynamics?

2.2 Algorithmic Design and Key Innovations

By systematically translating these cinematic principles into a computational framework, the proposed algorithm introduces multiple

innovative mechanisms that enhance search efficiency and robustness:

• Elitism and Solution Retention: Inspired by the strategic decision-making processes of successful pirate captains, the algorithm

employs an elitism-based selection protocol that preserves superior solutions across generations, ensuring progressive improvement

while mitigating performance degradation.

• Multi-Agent Communication for Enhanced Exploration: Just as pirate fleets coordinate intelligence gathering and divide search

responsibilities, the algorithm enables search agents to exchange information dynamically, fostering a collaborative learning

environment that accelerates convergence and enriches solution diversity.

• In PCOA, the simulation of sudden oceanic storms serves as a dedicated strategy to introduce adaptive perturbations, enabling search

agents to effectively escape local optima and enhance the algorithms ability to explore alternative regions of the search space.

2.3 Mathematical Modeling

2.3.1 Algorithm Preliminary Process

The proposed Pirates of the Caribbean Optimization Algorithm (PCOA) is a population-based algorithm, where pirate ships serve as the

exploratory agents within the framework. In this algorithm, each population member represents a potential solution to the problem and
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Figure 1. A cinematic-inspired metaheuristic approach is illustrated, drawing thematic influence from the film Pirates of the Caribbean.

Image source: Promotional material from Amazon.com.

defines the values of the variables. In PCOA, the position of each pirate ship in the search space directly represents the values of the

decision variables. These positions serve as candidate solutions to the problem being solved.

During the initial stage of PCOA, Equation (1) is applied to randomly initialize the positions of the pirate ships within the specified

search boundaries:

X (1)
i, j = lb j + rand()× (ub j− lb j), i = 1,2,3, . . . ,N, j = 1,2,3, . . . ,dim (1)

here, Xi is the position of the i−th pirate ship, lb j and ub j denote the lower and upper bounds for the j−th dimension, respectively, and

rand ( ) is a random function uniformly generate distributed numbers between 0 and 1.

This formulation ensures that each dimension of every ship’s position is sampled uniformly within the allowable bounds, maintaining

diversity and preventing initial bias in the population. This diversity lays the foundation for robust exploration of the search space during

subsequent algorithmic phases.

Mathematically, each population member is modeled as a vector, and collectively, these vectors constitute the population matrix of the

algorithm. Initially, the population members are randomly distributed within the search space. The population matrix in PCOA is generated

as described by Equation (2):

X =



x1,1 · · · x1, j · · · x1,dim
...

. . .
...

. . .
...

xi,1 · · · xi, j · · · xi,dim
...

. . .
...

. . .
...

xN,1 · · · xN, j · · · xN,dim


N×dim

, (2)

where, X is the population matrix representing the positions of all pirate ships; Xi is the i-th proposed solution (position of the i-th pirate

ship); xi, j represents the value of the j-th variable defined by the i-th proposed solution; N is the total number of population members (pirate

ships) and dim is the number of problem variables (dimensions).

Each population member represents a proposed solution to the problem. Accordingly, the objective function of the problem can be
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evaluated for each population member. The resulting values of the objective function can be expressed as a vector using Equation (3):

F(X) =



f1(X1)
...

fi(Xi)
...

fN(XN)


N×1

, fi(Xi) = fitness(Xi), (3)

here, F is a vector containing all the objective function values obtained from the population members; and fi represents an objective function

value calculated for the i-th proposed solution within the population.

We denote the best solution (the best-known treasure location) and its fitness as:

B∗ = argmin
i
{Xi}, f ∗ = min

i
{ fi}, (4)

2.3.2 Search Phases

The operation of the Pirates of the Caribbean Optimization Algorithm (PCOA) is structured into three primary search phases, each

corresponding to a specific stage of the treasure hunting process. These phases are designed to ensure a balanced trade-off between

exploration and exploitation, gradually refining the search for the optimal solution as iterations progress. The cinematic metaphor of

pirate ships navigating an oceanic search space in pursuit of a treasure island serves as the foundation for these phases, aligning with the

narrative structure of "Pirates of the Caribbean." Here, pirate ships navigate through challenges such as turbulent waters, hidden reefs, and

competition among themselves, reflecting the strategic progression of the treasure hunt. The three-phase structure reflects the strategic

progression of the treasure hunt:

• Exploration Phase: Ships embark on perilous voyages across unpredictable seas, symbolizing the need for extensive exploration in

complex optimization landscapes.

• Approaching Phase: As ships identify promising regions, they refine their search efforts while maintaining adaptability, mirroring

the balance between exploration and exploitation.

• Convergence Phase: In the final stages, ships employ precise navigation techniques to locate the treasure island, representing the

algorithm’s ability to converge toward the global optimum.

2.3.3 Initial Search Stage (Exploration Phase)

In the early exploration phase (t < T/3), each pirate ship adjusts its course by combining its own direction with information gleaned from

the trajectories of other ships, guided by unpredictable winds. This collective navigation strategy enhances the fleets ability to uncover

promising regions within the search space and is mathematically expressed as:

X (t+1)
i = X (t)

i +
(

X (t)
r −X (t)

s

)
⊙R1, (5)

here, X (t+1)
i is the updated position of ship i, X (t)

r , X (t)
s are two randomly selected ships from the population, R1 ∈ Rd is a random

vector with elements uniformly distributed in [0,1] and ⊙ represents element-wise multiplication. This update mechanism leverages the

diversity between randomly selected ships, enabling the algorithm to explore uncharted regions of the search space and prevent premature

convergence.

2.3.4 Approaching Treasure Stage (Approaching Phase)

In the middle third of the iterations (T/3 ≤ t < 2T/3), as some knowledge about promising regions is gained, each ship gradually aligns

its course with the best-known location B∗. Brownian motion RB is introduced at this stage to represent the ships stochastic navigation.

We define a damping factor qw to reduce the magnitude of random displacements. Additionally, this strategy not only mitigates the risk of

premature convergence to local optima, but also enhances the algorithms convergence rate toward optimal solutions. By enabling individuals
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to utilize both global information and their own historical best positions, the probability of identifying the global optimum increases. The

incorporation of Brownian motion introduces stochasticity, further improving the algorithms ability to escape local traps and thoroughly

explore the solution space. As a result, updating the ships position during the Approaching Treasure stage can be mathematically formulated

as shown in Equation (7).

qw = e−5p2
, p =

t
T
, (6)

X (t)
new = B∗+qw× (RB−0.5)×

(
B∗−X (t−1)

i

)
, (7)

where, RB is a random vector with elements uniformly distributed in [Lowlocal,Highlocal], Lowlocal =
lb

t+1 and Highlocal =
ub

t+1 define

dynamically adjusted bounds for local exploration. This phase enhances exploitation by refining the search around promising regions while

maintaining some exploratory capacity through the randomness introduced by RB. So, this equation ensures that ships move closer to

the best-known solution B∗, while still allowing for some degree of randomness, preventing premature convergence. By multiplying the

stochastic adjustment term (RB − 0.5)× (B∗ −X (t−1)
i ) by the decaying weight qw you ensure that both the direction and magnitude of

each random step shrink over time according to the same schedule. Early on, when qw ≈ 1, the swarm makes larger, more exploratory

moves around B∗; as t increases and qw falls, these moves become progressively more conservative, honing in on the best-known solution.

Because qw follows a smooth, bell-shaped decay, the transition from exploration to exploitation is gradual rather than abrupt, which helps

stabilize convergence and reduces oscillations around B∗. In practice, this multiplicative coupling of randomness and time-varying weight

elegantly balances global search with local refinement, maintaining enough diversity to escape shallow traps early on, while concentrating

computational effort on fine-tuning the optimum in later stages. Moreover, this mechanism is specifically aimed at identifying the best

anchoring location, ensuring ships can find the safest and most optimal point at each phase of the algorithms progression.

2.3.5 Moving Towards Treasure Stage (Convergence Phase)

In the final third of the iterations (t > 2T/3), the proposed PCOA algorithm treats each parent solution as an anchor point for a localized,

stochastic search inspired by Lévy flights. This behavior is modeled as:

CF = 1− (t/T )3× (10−15t/T +6(t/T )2), (8)

X (t)
new = B∗+CF×X (t)

i ⊙L, (9)

L = LévyFlight(dim,β ), (10)

here, B∗ represents the best-known solution, L is a Lévy step vector, and CF is a convergence factor that diminishes step size as iterations

progress. L combines small and large jumps for diverse search behavior.

L =
u
|v|1/β , (11)

u∼ N(0,σ2
u ), v∼ N(0,1), (12)

where β is a parameter controlling the heaviness of the distributions tail, adaptively set within the range 1 < β ≤ 2. The standard deviation

σu is determined by:

σu =

(
Γ(1+β )sin(πβ/2)

Γ((1+β )/2)β2(β−1)/2

)1/β
, (13)

where Γ(·) denotes the Gamma function. Instead of a constant β , the PCOA algorithm smoothly transitions β from 1.5 to 2.0 as t increases:

β (t) = βmin +(βmax−βmin)×
(

1− e−σ(t/T )p
)
, (14)

where βmin = 1.5, βmax = 2.0, and σ , p are parameters controlling the steepness and acceleration of the transition (e.g., σ = 4.1, p = 1.5)

respectively. Once L is generated, it is scaled to a desired radius or used directly in:
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Lévy flight is utilized to simulate the exploratory movement of pirate crew. Each pirate crew (the set of individuals on a ship) is capable

of performing local island exploration via random jumps governed by Lévy flights. For a step size L ∈Rd . When a ship finds a better island

(i.e., the position Xi improves its fitness), it dispatches its pirates as offspring around Xi. Let r be a small radius:

r = 0.1× (ub− lb)× (1− t/T ), (15)

δm =
L
∥L∥
· r, (16)

X (m)
(i,child) = XParent

i +δm, m = 1,2, . . . ,M, (17)

where δm is a directional step is computed based on a reference vector. This formulation ensures controlled exploration along relevant

directions while preserving stability in the absence of directional cues, a strategy commonly employed in nature-inspired metaheuristics.

2.3.6 Advanced Mechanisms in Every Phase

The Pirates of the Caribbean Optimization Algorithm (PCOA) incorporates several advanced mechanisms to enhance exploration,

exploitation, and convergence. Below is a detailed explanation of these mechanisms, including their mathematical formulations and roles in

the algorithm.

2.3.6.1 Sinusoidal Perturbation Mechanism

To prevent premature convergence and encourage global exploration, a sinusoidal perturbation mechanism is applied. This introduces

periodic oscillations into the search process, ensuring that ships do not get trapped in local optima. The perturbation value is calculated as:

P(t)
i =

(
αinitialeβPt/T +αmide−γ(t/T−0.5)2

)
· (1+δ sin(2πt/T )) · p f , (18)

where αinitial and αmid are initial and mid-term perturbation factors, βP,γ,δ are parameters controlling the perturbation dynamics, and

p f = 1/(1+η(t/T )p) is the probability factor. The sinusoidal component (2πt/T ) introduces oscillatory behavior, while the exponential

decay terms ensure that perturbations diminish over time, promoting convergence.

X (t)
new =



1+δ sin(2πt/T ), if r2 < 0.5,

B∗+P(t)
i × (2×RB−1)×Xi, if f ∗ is not satisfied,

r1 < 0.5,e−5t/T ,

|B∗2−X2
i |× e5·rand(−1,1) · cos(2π · rand(−1,1)), if f ∗ is not satisfied,

r1 ≥ 0.5,

(19)

where r1 is a random number generated at each step to decide the main update condition and r2 is a secondary random number for finer

decision-making within the first branch.

2.3.6.2 Gaussian Quasi-Reflection

To expand the search space further, Gaussian quasi-reflection is applied. This technique creates quasi-opposite and reflected solutions,

ensuring diversity and preventing premature convergence. The primary goal of Gaussian quasi-reflection is to:

• Expand the search space by creating alternative solutions that are quasi-opposite or reflected with respect to the current position of

the agent.

• Introduce diversity into the population, reducing the risk of stagnation or entrapment in local optima.

• Ensure robust exploration while maintaining adaptability as the algorithm progresses.

This mechanism is particularly effective during the early and intermediate phases of the optimization process when extensive exploration is

critical.

To encourage further diversification, the algorithm employs a reflection mechanism whenever a new solution fails to improve its fitness or

periodically as an additional move. For each ships position , we define:
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1. Opposite Position (xop
i ): For each agent Xi, a quasi-opposite solution xop

i is generated using the following formula:

xop
i = lb+ub−Xi× e(−

t
T )(−1)t+1

, (20)

This is a time-dependent opposite point, factoring in an exponentially decaying term e(−
t
T ). Where, x represents the current position of an

agent, t is the current iteration, and T is the total number of iterations. This equation introduces a time-dependent exponential factor (e−1/T )

and an alternating sign ((−1)(t+1)) to dynamically adjust the quasi-opposite solution based on the progress of the algorithm.

2. Quasi-Opposite Position (xqo
i ): A quasi-opposite approach restricts the new candidate between the midpoint m = 1

2 (lb+ub) and

the opposite point xop
i :

xqo
i = Lq +Uq rand(0,1), (21)

Lq = min(m,xop
i ), Uq = max(m,xop

i )−Lq, (22)

3. Gaussian Factor (γ): A (0,1) sample is drawn from a standard normal distribution via the logistic function:

z∼ N(0,1), γ =
1

1+ e−z , (23)

4. Quasi-Reflection (xgqo
i ): We use γ to shift Xi and form another reflected candidate:

ri = lb+ub− γXi, (24)

xgqo
i = Lr +Ur rand(0,1), Lr = min(m,ri), Ur = max(m,ri)−Lr, (25)

Each ship tests xqo
i and xgqo

i for improved fitness. If any yields a better fitness than Xi, an update is performed:

Xi← argmin{ f itness(xqo
i ), f itness(xgqo

i )}, (26)

Xi←min{ f itness(xqo
i ), f itness(xgqo

i )}, (27)

If f itness(Xi) improves upon the global best f ∗, then B∗ = Xi and f ∗ = f itness(Xi).

Gaussian quasi-reflection is integrated into the main loop of PCOA and is applied to all agents at each iteration. This ensures that the

population remains diverse and adaptive throughout the optimization process. Specifically:

• During the exploration phase, it expands the search space by introducing quasi-opposite and reflected solutions.

• During the approaching phase, it refines the search by focusing on promising regions while maintaining diversity.

• During the convergence phase, it assists in fine-tuning the solution around the global optimum.

By incorporating Gaussian quasi-reflection, PCOA achieves a balanced trade-off between exploration and exploitation, making it well-suited

for solving complex, multimodal optimization problems.

2.3.6.3 Crossover: Information Exchange Among Ships

The algorithm incorporates a Differential Evolution (DE)-style crossover mechanism to facilitate efficient information exchange among

pirate ships, analogous to the sharing of intelligence about potential treasure locations. This mechanism enhances the diversity of solutions

while directing the search towards promising areas. The crossover process involves a mutant vector, which is generated before combining

with the target vector to create a trial vector. A mutant vector is generated as:

v = Xa +F× (Xb−Xc), (28)



Arti
cle

in
pr

es
s

Pirates of the Caribbean Metaheuristic 9 of 33

where, Xa, Xb, Xc are randomly selected ships from the population (distinct from Xi), and F is the differential weight (F = 0.5 is the chosen

differential weight) that controls the amplification of the difference vector.

The trial vector u is created by mixing the mutant vector with the target vector (Xi):

u j =

v j, if rand()<Cr or j = jrand,

xi, j, otherwise,
(29)

where, Cr is the crossover probability (e.g., 0.1), probability of replacing the target vector’s component with the mutant vector’s component.

rand() is a random number uniformly distributed between 0 and 1. j is dimension index and jrand is a randomly chosen dimension index to

ensure at least one component is taken from the mutant vector.

Finally, accept if f itness(u)< f itness(xi); otherwise discard.

2.3.7 Elitism Protocol: Elitism with Rollback

The algorithm incorporates an advanced Elitism with Rollback mechanism, meticulously engineered to ensure the preservation of

superior-quality solutions while embedding a sophisticated flexibility framework to accommodate recovery from suboptimal updates. This

mechanism uses a metaphor, wherein a fleet of pirate ships (symbolizing candidate solutions) engages in a nuanced interplay of competitive

strategies and episodic cooperative dynamics, collectively navigating toward the coveted treasure, emblematic of the global optimum.

This dual-faceted mechanism emphasizes the strategic retention of elite solutions, analogous to safeguarding the navigational prowess of

the most successful vessels charting optimal routes. Concurrently, it empowers the population to exhibit adaptive resilience by recalibrating

and diversifying its exploratory trajectory in response to the stagnation of progress or the emergence of uncharted complexities within the

search landscape.

By seamlessly integrating the exploitation of high-caliber solutions with the adaptive recalibration afforded by the rollback strategy, the

mechanism achieves a sophisticated equilibrium, balancing convergence toward optimality with the maintenance of population diversity,

thereby enhancing robustness and adaptability in dynamic optimization scenarios. This process is applied through the following steps:

To preserve valuable discoveries, an elitism operator is invoked, where a fraction µ (e.g., 10%) of the best ships (lowest fitness) are identified

and used to replace the µ worst ships. Denote the set of indices of the µN best ships as Ebest and then µN worst as Eworst. Then:

xk← x j, k ∈ Eworst, j ∈ Ebest, (30)

where each worst individual is replaced by a corresponding elite solution. However, if this replacement does not yield an improvement in

the global best f ∗, the entire update is rolled back to ensure no detrimental effect on the population diversity. Symbolically, if post-elitism

min fi ≥ f ∗old, revert:

xi← xbackup
i , ∀i ∈ {1,2, . . . ,N} (31)

This ensures we do not lose beneficial diversity or the global best solution.

2.3.8 Local Refinement

After every few iterations, the best ship B∗ undergoes a localized search to refine its position, akin to pirates scouring every corner of the

discovered best island. Specifically, we select a neighborhood radius:

rlocal(t) = (ub j− lb j)×0.1×
(

1− t
T

)
(32)

and generate a small number v of random directions δk around B∗. The best improvement, if found, updates B∗. This can be formulated by:

δk = θk
gk

∥gk∥+10−30 , δk ∼N (0, Id), 0≤ θk ≤ rlocal(t), (33)

Hence, the new candidate is:

B∗new = B∗+δk (34)

accepting B∗new if its fitness is an improvement.



Arti
cle

in
pr

es
s

Analytical and Numerical Solutions for Nonlinear Equations | 2026, Volume 11, Issue 1 10 of 33

2.4 Putting It All Together: The ‘‘Pirates of the Caribbean Optimization Algorithm”

The complete workflow of one iteration (t) is summarized below and the flowchart is depicted in Figure 2:

1. Evaluate Current Fitness: For all ships xi compute fi = fitness(xi). Update global best B∗ and f ∗.

2. Movement by Phase:

• If t < T/3, use random vector-based exploration (Stage 1).

• If T/3≤ t < 2T/3, apply approaching formula (Stage 2).

• Otherwise, use Lévy-based exploitation around B∗ (Stage 3).

3. Check and Apply Quasi-Reflection: Generate xop
i ,xqo

i ,xgqo
i and update xi if they yield better fitness.

4. Elitism with Rollback: Replace worst µN solutions with best µN solutions. Keep the new population only if the global best

improves or remains the same.

5. DE-Style Crossover: For each xi, create a mutant vector from other random ships, perform binomial crossover, and update xi if the

trial vector is better.

6. Local Refinement: Periodically refine B∗ by sampling neighbors and picking the best solution found.

7. Update Global Best: If xi improves upon f ∗, then B∗ = xi and f ∗ = fitness(xi).

8. Repeat for t = t +1 until t > T .

2.5 Computational Complexity Analysis

predominantly governed by the operations executed at each iteration. In every iteration, the evaluation of the objective function across

all individuals in the population incurs a computational cost of O(N) where N represents the number of pirate ships. Simultaneously, the

update of each ships position within a D-dimensional search space necessitates O(ND) operations, with D denoting the number of decision

variables. The application of diversity-preserving mechanisms, including Gaussian quasi-reflection, differential evolution-style crossover,

and stochastic mutation, further contributes to the computational burden, each operating at an order of O(ND).

The elitism mechanism, which preserves superior solutions through selective replacement, involves either partial selection or full sorting

operations, leading to a worst-case complexity of O(N logN). Nevertheless, given that D typically exceeds logN in high-dimensional

optimization problems, the overall per-iteration complexity is dominated by the position update and diversity enhancement procedures.

Accordingly, the computational complexity per iteration of PCOA is asymptotically approximated by O(ND).

Over T total iterations, the cumulative computational complexity of the PCOA algorithm can therefore be expressed as O(T ND).

This linear relationship with respect to the population size, dimensionality, and iteration count underscores the algorithm’s scalability and

computational viability, particularly in addressing complex, large-scale, and high-dimensional optimization tasks.

2.6 Convergence Analysis

Metaheuristic algorithms such as the proposed Pirates of the Caribbean Optimization Algorithm (PCOA) are inherently stochastic and

iterative in nature. While it is generally challenging to provide deterministic convergence proofs for such algorithms due to their reliance

on randomization, it is possible to analyze their convergence behavior in a probabilistic sense. This section presents a formal convergence

analysis for PCOA under standard assumptions commonly used in the literature on population-based metaheuristics.

2.6.1 Assumptions

The following conditions are assumed for the convergence analysis:

1. Bounded Search Space: The solution space S⊂ RD is compact and bounded.
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2. Continuity: The objective function f : S→ R is continuous and bounded from below.

3. Existence of Global Optimum: There exists at least one global optimum x∗ ∈ S such that f (x∗)≤ f (x) for all x ∈ S.

4. Positive Reachability: For any x ∈ S and any open neighborhood U(x,ε), there exists a nonzero probability that a candidate solution

generated by the algorithm will fall within U(x,ε) in a finite number of iterations, due to the randomization mechanisms (such as

Lévy flights, sinusoidal perturbation, and Gaussian quasi-reflection).

2.6.2 Probabilistic Convergence Argument

Let P(t) = {x(t)1 ,x(t)2 , . . . ,x(t)N } denote the population of candidate solutions (pirate ships) at iteration t, and let x∗t represent the best solution

identified up to iteration t. The convergence argument is based on two key properties of PCOA:

1. Ergodic Search Capability: Due to the incorporation of various stochastic operators, including Lévy flights, perturbation

mechanisms, and quasi-reflection, PCOA has a nonzero probability of generating candidate solutions in any neighborhood of the

global optimum x∗. That is,

Pr
(
∃ t ∈ N : x(t)i ∈U(x∗,ε)

)
> 0, ∀ε > 0. (35)

2. Elitist Retention: The elitism protocol with rollback ensures that once a superior solution is found, it is preserved in the population

or restored if a population update does not yield an improvement. This mechanism guarantees a non-increasing sequence of best

objective values:

f
(
x∗t+1

)
≤ f (x∗t ) , ∀t. (36)

Given these properties and the boundedness of f , the sequence { f (x∗t )} forms a monotonic non-increasing and bounded stochastic process.

By the monotone convergence theorem, it follows that

lim
t→∞

f (x∗t ) = f ∗, (37)

almost surely, where f ∗ is the value of the global optimum.

Furthermore, because the search process is ergodic and the best solution is always retained, the probability that the global optimum is

eventually found approaches one as the number of iterations increases:

lim
t→∞

Pr(∥x∗t − x∗∥< ε) = 1, ∀ε > 0. (38)

2.6.3 Conclusion

In summary, under the stated assumptions, the PCOA algorithm converges asymptotically in probability to the global optimum. The diversity

mechanisms guarantee that the search process does not stagnate prematurely, while elitist retention ensures that superior solutions are never

lost. This convergence analysis, together with the empirical results, supports the reliability and robustness of PCOA in solving complex

optimization problems.

2.7 Empirical Validation and Performance Assessment

To rigorously evaluate the effectiveness of the proposed PCOA algorithm in solving optimization problems, a comprehensive set of

experiments was conducted across a diverse array of challenges, including classical test functions, the CEC2022 benchmark suite, and

real-world scenarios such as Nonlinear Inverse Partial Differential Equations (IPDEs) [32]. The empirical results demonstrate that:

• PCOA achieves superior convergence rates compared to state-of-the-art metaheuristics.

• Its adaptive balance between exploration and exploitation enhances robustness across highly deceptive and multimodal search

landscapes.

• The algorithm maintains high computational efficiency, affirming its practical applicability to complex problem domains.

To validate the statistical significance of PCOAs performance, comparisons were made against several leading metaheuristics using the

CEC 2019 and classical benchmarks. The rank-sum and Friedman tests were employed, confirming the superior performance of PCOA with

statistical confidence.
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Figure 2. Flowchart of the Proposed PCOA
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2.7.1 Numerical Experiments

In this section, the performance of PCOA is evaluated using two categories of test functions: twenty-three classical benchmark functions

and the CEC 2017 test functions.

2.7.1.1 Results of PCOA on the Twenty-Three Classical Benchmark Functions

To thoroughly evaluate the performance of PCOA and other swarm intelligence (SI) algorithms, 23 standard benchmark functions are

employed, categorized into three groups: unimodal (F1F7) for assessing convergence and local exploitation, multimodal (F8F13) for

testing global exploration and avoidance of local optima, and fixed-dimension multimodal (F14F23) for measuring robustness in complex

low-dimensional settings. The detailed definitions and characteristics of these functions are provided in Table 1.

To evaluate the performance of the proposed PCOA, several well-established and recently introduced metaheuristic algorithms were selected

for comparison. The benchmark set includes six classic algorithms: Genetic Algorithm (GA) [7], Differential Evolution (DE) [33], Particle

Swarm Optimization (PSO) [9], Ant Colony Optimization (ACO) [8], Artificial Bee Colony (ABC) [34], and Bat Algorithm (BA) [35]. In

addition, newer or nature-inspired methods were also considered, including the Whale Optimization Algorithm (WOA) [36], Grey Wolf

Optimizer (GWO) [37], Secretary Bird Optimization Algorithm (SBOA) [38], and Grasshopper Optimization Algorithm (GOA) [39].

All comparative algorithms were evaluated on the same 23 classical benchmark functions and CEC-2022 benchmark functions as

originally defined in their respective publications, ensuring fairness and reproducibility. This comprehensive comparative analysis serves to

validate the experimental robustness and general effectiveness of PCOA in handling diverse optimization landscapes.

To comprehensively evaluate the performance of the proposed PCOA algorithm, experiments were conducted on two benchmark sets:

(1) a collection of 23 classical benchmark functions, and (2) the CEC 2017 benchmark suite, comprising complex, shifted, rotated, hybrid,

and composition functions widely recognized for testing the robustness and generalization capabilities of optimization algorithms. For all

experiments, the population size was set to 60, and the maximum number of iterations was fixed at 1000, resulting in a total of 60,000 fitness

evaluations per run for each benchmark function. Each algorithm was independently executed 30 times on every test function to account for

stochastic variability and ensure the statistical robustness of the results.

To compare the performance of PCOA with other algorithms, both descriptive statistics (including best, mean, worst, median and

standard deviation) and non-parametric statistical tests were used. The Wilcoxon signed-rank test was applied for pairwise comparison

between PCOA and each competitor, while the Friedman test was employed to evaluate overall ranking differences among all algorithms.

A significance level of 0.05 was adopted for all statistical tests. These methods provide a rigorous foundation for determining whether

performance differences are statistically significant across both benchmark categories.

The detailed results of PCOA and ten comparative algorithms on the twenty-three classical benchmark functions along with the overall

Friedman ranking are presented in Table 2. For each function, the mean, best, worst, median, and standard deviation (STD) values over 30

independent runs are reported. PCOA consistently demonstrates dominant performance, achieving the best mean solution in 21 out of 23

functions (approximately 93%) and the lowest standard deviation in 19 functions (approximately 83%), highlighting its robustness, stability,

and high-precision convergence.

For the unimodal test functions (F1–F7), which evaluate the algorithms exploitation capability, PCOA achieves the best mean in

all functions. This strong performance signifies PCOAs superior convergence speed and local search efficiency compared to the other

algorithms.

On the multimodal functions (F8–F13), which challenge the exploration ability due to numerous local optima, PCOA outperforms all

other algorithms by achieving the best mean in all 6 cases. These results clearly illustrate the algorithms exceptional global search capacity

and its ability to avoid premature convergence.

The Friedman ranking test further supports these findings by ranking PCOA first overall, based on its average rank across all test

functions. Additionally, the Wilcoxon rank-sum test, summarized in Table 3, was applied at a significance level of 0.05. In this test, a ”+ ”

indicates that PCOA performs significantly better than a comparator, ”∼ ” indicates no significant difference, and ”−” indicates a loss. The

outcomes confirm that PCOA has statistically significant superiority over most competing algorithms.

Moreover, the convergence behavior of the algorithms is visualized in Figure 3, where PCOA shows rapid convergence on functions

such as F1–F4, F9–F11, F18, and F20. Although PCOA converges more slowly at early stages in F6, F12, and F13, it consistently reaches

superior final solutions. This pattern demonstrates PCOAs strong capability to escape local optima and reinforces its overall reliability and
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Table 1. Twenty-three classical benchmark functions

Function Dimension Range fmin

F1(x) = ∑n
i=1 x2

i 30 [−100,100] 0

F2(x) = ∑n
i=1 |xi|+∏n

i=1 |xi| 30 [−10,10] 0

F3(x) = ∑n
i=1

(
∑i

j=1 x j

)2
30 [−100,100] 0

F4(x) = max1≤i≤n |xi| 30 [−100,100] 0

F5(x) = ∑n−1
i=1

[
100(xi+1− x2

i )
2 +(xi−1)2] 30 [−30,30] 0

F6(x) = ∑n
i=1(xi +0.5)2 30 [−100,100] 0

F7(x) = ∑n
i=1 ix4

i + rand(0,1) 30 [−1.28,1.28] 0

F8(x) = ∑n
i=1−xi sin(

√
|xi|) 30 [−500,500] −418.9829n

F9(x) = ∑n
i=1

[
x2

i −10cos(2πxi)+10
]

30 [−5.12,5.12] 0

F10(x) =−20exp
(
−0.2

√
1
n ∑x2

i

)
− exp

( 1
n ∑cos(2πxi)

)
+20+ e 30 [−32,32] 0

F11(x) = 1
4000 ∑x2

i −∏n
i=1 cos

(
xi√

i

)
+1 30 [−600,600] 0

F12(x) = π
n

[
10sin2(πy1)+∑n−1

i=1 (yi−1)2(1+10sin2(πyi+1))+(yn−1)2
]
+∑u(xi,10,100,4) 30 [−50,50] 0

F13(x) = 0.1
[
sin2(3πx1)+∑n−1

i=1 (xi−1)2(1+ sin2(3πxi+1))+(xn−1)2(1+ sin2(2πxn))
]
+∑u(xi,5,100,4) 30 [−50,50] 0

F14(x) =
(

1
500 +∑25

j=1
1

j+∑2
i=1(xi−ai j)6

)−1
2 [−65.536,65.536] 1

F15(x) = ∑11
i=1

[
ai− x1(b2

i +bix2)
b2

i +bix3+x4

]2
4 [−5,5] 0.0003075

F16(x) = 4x2
1−2.1x4

1 +
x6

1
3 + x1x2−4x2

2 +4x4
2 2 [−5,5] −1.0316

F17(x) =
(

x2− 5.1
4π2 x2

1 +
5
π x1−6

)2
+10

(
1− 1

8π
)

cosx1 +10 2 [−5,10]× [0,15] 0.3979

F18(x) =
[
1+(x1 + x2 +1)2(19−14x1 +3x2

1−14x2 +6x1x2 +3x2
2)
]

×
[
30+(2x1−3x2)

2(18−32x1 +12x2
1 +48x2−36x1x2 +27x2

2)
]

2 [−2,2] 3

F19(x) =−∑4
i=1 ci exp

(
−∑3

j=1 ai j(x j− pi j)
2
)

3 [0,1] −3.86

F20(x) =−∑4
i=1 ci exp

(
−∑6

j=1 ai j(x j− pi j)
2
)

6 [0,1] −3.32

F21(x) =−∑5
i=1

[
∑4

j=1(x j−ai j)
2 + ci

]−1
4 [0,10] −10.1532

F22(x) =−∑7
i=1

[
∑4

j=1(x j−ai j)
2 + ci

]−1
4 [0,10] −10.4029

F23(x) =−∑10
i=1

[
∑4

j=1(x j−ai j)
2 + ci

]−1
4 [0,10] −10.5364

effectiveness across various types of fitness landscapes.

2.7.1.2 Results of PCOA on the CEC 2019 Benchmark Functions

To further validate the effectiveness of the proposed PCOA algorithm, the CEC 2019 benchmark suite was adopted, which contains a

variety of complex, shifted, rotated, and composition functions designed to challenge both exploration and exploitation capabilities of

optimization algorithms. The experimental setup, including the maximum number of iterations, population size, parameter values, and

runtime configuration, was kept consistent with the previous experiments for fair comparison. PCOA was evaluated against ten competitive

algorithms: WOA, GWO, BA, DE, GA, ABC, ACO, PSO, SBOA, and GOA. Details of the CEC 2019 test suite can be found in Ref. [40].

According to the Friedman ranking test, PCOA achieved a ranking score of 3.1, placing it first among all competitors, followed by

SBOA with a score of 3.65. Additionally, PCOA achieved the best average optimal solutions on 9 out of 10 functions (F1–F10), with the

exception of F7, yielding a success rate of 90%. The slight underperformance on F7 can be attributed to the function’s complex structure,

which likely requires more delicate balance between exploration and exploitation than other functions in the suite. The comparative results

between PCOA and the other algorithms, along with the Friedman ranking test outcomes, are reported in Table 4.

The Wilcoxon rank-sum test results, summarized in Table 4, confirm that PCOA statistically outperforms comparative algorithms on

more than 90% of the CEC 2019 functions. In particular, PCOA demonstrates significantly better performance compared to WOA, GWO,

and SBOA, suggesting its superior robustness and adaptability in high-complexity landscapes.

Furthermore, Figure 4 illustrates the convergence curves of PCOA and other algorithms across the benchmark suite. It is evident

that PCOA exhibits the fastest convergence speed on functions F1-F10, and maintains a competitive convergence profile on the remaining

functions. This pattern aligns with the Friedman ranking and further demonstrates PCOA’s ability to reach very small objective values in

few iterations.
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Table 2. Comparison of PCOA with ten Metaheuristic Algorithms on Twenty-Three Classical Benchmark Functions
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Table 3. The Wilcoxon rank-sum test results between PCOA and ten comparative algorithms on classical benchmark functions

In summary, the results on the CEC 2019 test suite confirm that PCOA is highly effective for solving various complex optimization problems,

combining rapid convergence with robust global search behavior.

3 Inverse Boundary Identification for Fisher and Huxley Systems
Inspired by IHCPs

The process of solving nonlinear partial differential equations (PDEs) such as the Fisher and Huxley equations typically involves finding the

unknown solution function u(x, t) given complete knowledge of system parameters, coefficients, boundary, and initial conditions. However,

in many real-world applications, critical components, such as boundary conditions, may be unknown or difficult to measure directly. This

leads to the formulation of inverse problems, where missing information is inferred from observed data. This study focuses on the inverse

form of the Fisher and Huxley equations, where the time-dependent boundary condition q(t) is unknown. Such inverse formulations are

conceptually and structurally related to inverse heat conduction problems (IHCPs), in which the boundary or initial thermal profile is

estimated from transient measurements. Like IHCPs, these problems are typically ill-posed, meaning small perturbations in the data can

cause large errors in the solution. Therefore, solving them requires careful mathematical treatment and the use of robust computational

techniques.

In this work, the Pirates of the Caribbean Optimization Algorithm (PCOA), along with ten comparative algorithms, is employed to

estimate the unknown boundary function by minimizing the discrepancy between the numerically computed PDE solution and the available

observational data. This approach enables the accurate reconstruction of q(t), providing insight into system dynamics even in the absence

of direct boundary measurements. The methodology is applicable in various scientific and engineering contexts, including heat transfer,

nonlinear wave propagation, reaction-diffusion systems, and biological modeling.

Before analyzing the inverse formulation, we first present the generalized forms of the Fisher and Huxley equations, which serve as the

foundation for both the forward and inverse problem setups. These equations are defined over the spatial domain 0≤ x≤ 1 and time domain

t ≥ 0, and model distinct physical phenomena through nonlinear partial differential equations. The generalized form of Fisher equation is
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Figure 3. Convergence curves of PCOA and ten algorithms for twenty-three benchmark functions.
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Table 4. Comparison of PCOA with ten Metaheuristic Algorithms on IEEE CEC 2019 Test Functions
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Figure 4. Convergence curves of PCOA and ten algorithms for CEC 2019 benchmark functions.

Table 5. The Wilcoxon rank-sum test results between PCOA and ten comparative algorithms on IEEE CEC 2019 Test Functions



Arti
cle

in
pr

es
s

Analytical and Numerical Solutions for Nonlinear Equations | 2026, Volume 11, Issue 1 20 of 33

shown as follows:
∂u
∂ t

= D
∂ 2u
∂x2 + ru(1−u), 0≤ x≤ 1, 0≤ t ≤ tM , (39)

with the initial condition:

u(x,0) = f (x) =
1(

1+ ex/
√

6
)2 , 0≤ x≤ 1, (40)

and the boundary conditions:

u(0, t) = p(t) =
1(

1+ e−5/6 t
)2 , 0≤ t ≤ tM , (41)

u(1, t) = q(t), 0≤ t ≤ tM , (42)

in which q(t) represents the unknown continuous boundary function as:

u(1, t) = q(t) =
1(

1+ e1/
√

6−5/6 t
)2 , (43)

and the over-specified condition:

u(a0, t j) = s(t j), (44)

and the exact solution of this problem is:

u(x, t) =
1(

1+ ex/
√

6−5/6 t
)2 , (45)

F(u(x, t)) = u(x, t)(1−u(x, t)), (46)

Figure 5. A 1-D Heat Conduction Problem.

In real world applications, it is common to employ a sensor placed at an interior point a0 (i.e. a0 = 0.5) to measure and collect

observational data from a system governed by a partial differential equation (PDE). This system models heat conduction in a solid bar of

unit length. As the boundary condition is unknown, the problem is treated as an inverse problem. The primary objective is to determine q(t),

the temperature at time t and at the endpoint x = 1, as well as to identify the unknown boundary condition. To compensate for the lack of

boundary information, a sensor is placed within the interval [a,b] to collect temperature data (Fig. 5).

This data is then used to estimate an unknown function within the system. To illustrate the significance of observed data, consider a

classic example from heat transfer: a heat conduction problem described by a simple linear PDE.

3.1 Discretization Process

To construct the numerical solution, we define nodal points (xi, t j) over the domain [0,1]× [0, tM ], where xi and t j represent the discretized

spatial and temporal coordinates, respectively. A schematic view of the discretized computational domain in both space and time is depicted

in Figure 6, which helps visualize the nodal structure used in the fully implicit numerical formulation. Equation (39) is discretized using the

fully implicit method. Consequently, the discretized form of the Fisher equation is derived as follows:

0 = x1 < x2 < · · ·< xn = 1 = a, h = xi+1− xi =
1
N
, (47)
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Figure 6. Schematic view of the space-time discretization used in the solution.

0 = t0 < t1 < · · ·< 1 = b · · ·< 1, k = t j+1− t j, (48)

Now, by applying the fully implicit method to Equation (39), we obtain:

1
k
(Ui, j+1−Ui, j) =

1
h2 (Ui+1, j+1−2Ui, j+1 +Ui−1, j+1)+F(Ui, j), (49)

where Ui, j =U(xi, t j). Then, the Fisher equation can thus be expressed in the following form:

Ui, j + kF(Ui, j) =−rUi−1, j+1 +(1+2r)Ui, j+1− rUi+1, j+1, (50)

Ui,0 = f (ih), (51)

U0, j = p( jk), (52)

U1, j = q( jk), (53)

r =
k
h2 , (54)

which gives:

1+2r −r 0 · · · 0 0 0

−r 1+2r −r · · · 0 0 0

0 −r 1+2r · · · 0 0 0
...

...
...

. . .
...

...
...

0 0 0 · · · 1+2r −r 0

0 0 0 · · · −r 1+2r −r

0 0 0 · · · 0 −r 1+2r


(N−1)×(N−1)



u1, j+1

u2, j+1
...

uN−2, j+1

uN−1, j+1


(N−1)

− rk



p j+1

0
...

0

q j+1


(N−1)

=



u1, j

u2, j
...

uN−2, j

uN−1, j


(N−1)

+ k



F(u1, j)

F(u2, j)
...

F(uN−2, j)

F(uN−1, j)


(N−1)

, (55)
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we obtain the following system:

AX = B, (56)

where A is the coefficient matrix, X is the vector of unknowns, and B is the right-hand side vector. The corresponding components for A, X ,

and B are given as follows:

A =



1+2r −r 0 · · · 0 0 0

−r 1+2r −r · · · 0 0 0

0 −r 1+2r · · · 0 0 0
...

...
...

. . .
...

...
...

0 0 0 · · · 1+2r −r 0

0 0 0 · · · −r 1+2r −r

0 0 0 · · · 0 −r 1+2r


, (57)

X =



u1, j+1

u2, j+1
...

uN−2, j+1

uN−1, j+1


, (58)

B = rk



p j+1

0
...

0

q j+1


+



u1, j

u2, j
...

uN−2, j

uN−1, j


+ k



F(u1, j)

F(u2, j)
...

F(uN−2, j)

F(uN−1, j)


, (59)

By solving this linear system, (N−1) unknown axial values along the boundary x = 1 are obtained.

To tackle inverse problems involving partial differential equations, it is necessary to first determine the unknown conditions. Once these

conditions are known, the problem is converted into a direct problem, which can then be accurately solved using the outlined numerical

methods. For the PCOA algorithm, the cost function is defined as follows and is designed to identify the optimal solution by minimizing

the value of Equation (60):

S =

[
1
m

m

∑
j=1

(Ua0, j− s j)
2

]1/2

, (60)

where Ua0, j represents the computed solution at the observation points (i.e. a0 = 0.5), s j is the corresponding measured data, and m is the

total number of observations. The objective is to minimize this cost to obtain the optimal solution.

To obtain a stable and accurate numerical solution for the Huxley equation, the fully implicit finite difference method is employed. This

approach offers enhanced stability, particularly for stiff nonlinear reactiondiffusion problems, and is well-suited for long-time integration.

The generalized one-dimensional Huxley equation is given by:

∂u
∂ t

= D
∂ 2u
∂x2 + ku(1−u)(u−a),0≤ x≤ 1,0≤ t ≤ tM , (61)

where u(x, t) denotes the unknown function, D is the diffusion coefficient, k is the reaction rate constant, and a ∈ (0,1) is a threshold

parameter. The domain is discretized using a uniform grid with xi = ih for i = 0,1, . . . ,N, and t j = jk for j = 0,1, . . . , tM , where h and k

denote the spatial and temporal step sizes, respectively.

The time derivative is approximated using a backward (implicit) difference:

∂u
∂ t

∣∣∣∣
xi,t j+1

≈
ui, j+1−ui, j

k
, (62)
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while the second-order spatial derivative is discretized using central differences evaluated at the new time level:

∂ 2u
∂x2

∣∣∣∣
xi,t j+1

≈
ui+1, j+1−2ui, j+1 +ui−1, j+1

h2 . (63)

The nonlinear reaction term is also evaluated at the implicit time level:

u(1−u)(u−a)|xi,t j+1
≈ ui, j+1(1−ui, j+1)(ui, j+1−a). (64)

Substituting these approximations into the original PDE yields the fully discretized implicit form:

ui, j+1−ui, j

k
= D

ui+1, j+1−2ui, j+1 +ui−1, j+1

h2 + k ui, j+1(1−ui, j+1)(ui, j+1−a). (65)

Rewriting in matrix form leads to a nonlinear system AX = B, where A is a tridiagonal matrix derived from the diffusion term, and B

incorporates known values from the previous time step and the nonlinear reaction term; with the initial condition:

U(x,0) =
1
2
+

1
2

tanh
(

x
2
√

2

)
,0≤ x≤ 1, (66)

and the boundary conditions:

u(0, t) =
1
2
+

1
2

tanh
(
−t
4

)
,0≤ x≤ tM , (67)

u(1, t) = q(t),0≤ t ≤ tM , (68)

in which q(t) represents the unknown continuous boundary function as:

u(1, t) = q(t) =
1
2
+

1
2

tanh
(

1
2
√

2

(
1− t√

2

))
,0≤ x≤ tM , (69)

and the over-specified condition:

u(a0, t j) = s(t j), (70)

and the exact solution of this problem is:

u(x, t) =
1
2
+

1
2

tanh
(

1
2
√

2

(
x− t√

2

))
, (71)

F(u(x, t)) = (1−u(x, t))(u(x, t)−1). (72)

In inverse heat conduction problems (IHCPs), estimation accuracy is influenced by two fundamental error sources. The first is the

deterministic error (or bias), which originates from model simplifications and discretization assumptions. The second is the stochastic

error, caused by the amplification of measurement noise during the inversion process. The overall impact of these errors is typically

evaluated through the root mean squared error (RMSE), which encapsulates both bias and variance contributions, thereby representing the

total estimation error [10].

S =

[
1

N−1

N

∑
i=1

(q̂i−qi)
2

]1/2

, (73)

where N denotes the total number of estimated values, and q̂ represents the predicted values obtained from the interpolated numerical

solution, used in comparison with observed data to compute the error metric.

To provide a more comprehensive comparison and to evaluate the performance of the proposed PCOA algorithm, experiments were

conducted on six different grid sizes, each corresponding to a distinct discretization level. Tables 6 and 7 present the RMSE results obtained

for the Fisher and Huxley equations, respectively. The findings clearly demonstrate the robustness and effectiveness of PCOA across all

tested discretization schemes for both parabolic PDEs.

Additionally, to enable a more detailed investigation, the over-specified condition was examined under two different settings: a0 = 0.5

and a0 = 0.7 except for the grid size 5×5, where the settings were adjusted to a0 = 0.4 and a0 = 0.6. This supplementary analysis highlights

the adaptability of the algorithm under varying boundary information, reinforcing its reliability in solving inverse problems.
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Moreover, the PCOA was evaluated against ten competitive algorithms including WOA, GWO, BA, DE, GA, ABC, ACO, PSO, SBOA,

and GOA, all of which were also tested on standard benchmark functions. This comparative study further emphasizes the superior accuracy

and stability of PCOA in addressing inverse parabolic PDEs.

To further assess the convergence behavior of the proposed method in comparison with other algorithms, the evolution of the estimated

boundary function q(t) at the spatial location x = 1 was analyzed for each method. The convergence profiles were individually plotted

for all algorithms to illustrate their stability and accuracy in reconstructing the unknown boundary condition. These convergence plots are

presented in Figures 7 through 14, corresponding to the Fisher and Huxley equations, respectively. As evidenced by the results presented in

Tables 6 and 7, multiple spatiotemporal discretizations have been employed to solve the Fisher and Huxley equations. This comprehensive

comparison clearly highlights that the most accurate solutions in this study were achieved using a grid size of 10×20 for the Fisher equation

and a grid size of 10×10 for the Huxley equation.

Table 6. RMSE Results of the Estimated Unknown Boundary Function - Fisher Equation along with Execution Times

3.2 Parameter Recovery Accuracy for Fisher and Huxley Equations

Accurate recovery of unknown or time-dependent parameters is a fundamental challenge in solving inverse problems. Table 8 presents

representative values of the exact and estimated boundary function q(t) at selected time points for the Fisher and Huxley equations, under

over-specified conditions (a0 = 0.5 and a0 = 0.7). The corresponding percentage error is also reported. These values illustrate the high

accuracy of the proposed algorithm in recovering the true parameter values over the interval t ∈ [0.1,1.0].
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Table 7. RMSE Results of the Estimated Unknown Boundary Function - Huxley Equation along with Execution Times

Figure 7. Best cost (fitness) plots for the Fisher equation at over-specified condition x = 0.5 and x = 0.7 at grid size 10×20, compared

with ten competitive algorithms. The left plot shows the best fitness values computed at x = 0.5, while the right plot presents the

corresponding values at x = 0.7 over 1000 iterations.
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Figure 8. Convergence curves of the estimated boundary points q(t) for the Fisher equation at grid size 10×20, compared with ten

competitive algorithms. The left plot corresponds to the case with over-specified condition a0 = 0.5, and the right plot to the case with

a0 = 0.7, both evaluated at the boundary point x = 1 over 1000 iterations.

Figure 9. Exact and approximated boundary function q(t) for the Fisher equation at grid size 10×20 by PCOA. The left plot corresponds

to the case with the over-specified condition a0 = 0.5, and the right plot to the case with a0 = 0.7.
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Figure 10. Exact and PCOA-estimated solution u(x, t) for the Fisher equation. The left plot shows the exact solution, while the right plot

presents the solution obtained using the PCOA algorithm.

Figure 11. Best cost (fitness) plots for the Huxley equation at over-specified condition x = 0.5 and x = 0.7 at grid size 10×10, compared

with ten competitive algorithms. The left plot shows the best fitness values computed at x = 0.5, while the right plot presents the

corresponding values at x = 0.7 over 1000 iterations.
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Figure 12. Convergence curves of the estimated boundary points q(t) for the Huxley equation at grid size 10×10, compared with ten

competitive algorithms. The left plot corresponds to the case with over-specified condition a0 = 0.5, and the right plot to the case with

a0 = 0.7, both evaluated at the boundary point x = 1 over 1000 iterations.

Figure 13. Exact and approximated boundary function q(t) for the Huxley equation at grid size 10×10 by PCOA. The left plot

corresponds to the case with the over-specified condition a0 = 0.5, and the right plot to the case with a0 = 0.7.
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Figure 14. - Exact and PCOA-estimated solution u(x, t) for the Fisher equation at grid size 10×10. The left plot shows the exact solution,

while the right plot presents the solution obtained using the PCOA algorithm.

Table 8. Exact and estimated boundary function at selected time points for the Fisher and Huxley equations
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4 Conclusion
The algorithms efficacy was rigorously validated through benchmark evaluations, including twenty-three classical functions and the CEC

2017 test suite. Comparative analysis against ten state-of-the-art algorithms (e.g., DE, PSO, GWO, GA, WOA, and others) demonstrated

that PCOA consistently outperformed its peers in terms of convergence rate, robustness, and solution accuracy. Statistical tests such as

Wilcoxon rank-sum and Friedman tests confirmed the significance of these performance improvements.

Beyond benchmark scenarios, PCOA was successfully applied to the inverse formulations of the Fisher and Huxley equations,

showcasing its ability to estimate unknown boundary conditions with high precision, even in the absence of prior information or initial

guesses. Numerical results confirmed that the algorithm remains effective across different discretization levels and over-specified boundary

settings. Moreover, the method showed strong adaptability in solving both homogeneous and non-homogeneous NIPDEs, and proved

compatible with established numerical solvers such as the CrankNicolson method.

In summary, PCOA not only offers a powerful and generalizable framework for solving a wide range of real-world and theoretical

optimization problems but also introduces a new paradigm for algorithmic design through cinematic metaphor. Its demonstrated

performance, conceptual novelty, and adaptability suggest strong potential for future extensions across high-dimensional, dynamic, and

multi-objective optimization challenges.

5 Broader Implications and Future Research
By merging narrative-driven strategic reasoning with computational intelligence, this study establishes a transformative paradigm in

metaheuristic optimization. The broader implications of this approach include:

1. Advanced Decision-Space Modeling: Cinematic-inspired frameworks enable more structured yet flexible navigation strategies for

tackling high-dimensional, nonlinear search problems.

2. Enhanced Communication Mechanisms for Swarm Intelligence: Inspired by cooperative storytelling and cinematic fleet coordination,

the proposed framework lays a foundation for sophisticated inter-agent collaboration models that enhance efficiency and scalability.

3. Implementing similar strategies on other goal-oriented movies can be very exciting.

4. The main idea, in addition to incorporating such innovations inspired by movies, can pave the way for drawing inspiration from video

games as well.
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