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cpanag@hmu.gr

Abstract

In this paper, we propose a metaheuristic optimization algorithm called Adaptive Gold Rush Op-
timizer (AGRO), a substantial evolution of the original Gold Rush Optimizer (GRO). Unlike the
standard GRO, which relies on fixed probabilities in the strategy selection process, AGRO utilizes
a novel adaptive mechanism that prioritizes strategies improving solution quality. This adaptive
component, that can be applied to any optimization algorithm with fixed probabilities in the strat-
egy selection, adjusts the probabilities of the three core search strategies of GRO (Migration, Col-
laboration, and Panning), in real-time, rewarding those that successfully improve solution quality.
Furthermore, AGRO introduces fundamental modifications to the search equations, eliminating the
inherent attraction towards the zero coordinates, while explicitly incorporating objective function
values to guide prospectors towards promising regions. Experimental results demonstrate that AGRO
outperforms ten state-of-the-art algorithms on the twenty-three classical benchmark functions, the
CEC2017, and the CEC2019 datasets. The source code of AGRO algorithm is publicly available at
https:/ /sites.google.com/site/costaspanagiotakis/research /agro.

Keywords: gold rush optimizer; metaheuristic; artificial intelligence; global optimization; benchmark
function; swarm intelligence; population-based algorithm

1. Introduction

The goal of optimization is to search for the global optimal value (minimum or maximum). The
algorithms used for this search process are called optimization algorithms, which are broadly classified
into deterministic methods and metaheuristic algorithms [1].

Deterministic algorithms are capable of locating the exact global optimum for small-scale and sim-
ple problems but face significant limitations. These approaches are prone to stagnation in local optima,
often require gradient information of the objective functions, and can be computationally expensive [2].
However, as modern scientific and engineering challenges evolve, there is an increasing need to solve
large-scale and high-dimensional optimization problems [3]. Due to the complexity, non-linearity,
and high dimensionality of these real-world problems, traditional deterministic algorithms often fail
to locate the global optimum efficiently. To address these challenges, nature-inspired metaheuristic
algorithms have been proposed. Although there were about 150 metaheuristic algorithms before 2012,
their number rapidly increased to 540 by 2022 [4], with an almost linear growth rate, indicating that
efficient global optimum estimation remains an open problem that attracts significant research interest.
In recent decades, seminal metaheuristic algorithms such as Particle Swarm Optimization (PSO) [5],
Gravitational Search Algorithm (GSA) [6], Grey Wolf Optimizer (GWO) [7], Whale Optimization
Algorithm (WOA) [8] and Weighted Mean of Vectors [9] have demonstrated remarkable success in
solving complex optimization tasks.

Metaheuristic optimization algorithms search for the optimal solution via a method called “trial
and error” and are classified into single-based and population-based algorithms [9,10]. The search
process for single-based algorithms begins with a single solution and updates its position during the
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optimization process, e.g., simulated annealing [11] and tabu search [12]. These algorithms are typically
straightforward to implement and computationally inexpensive. However, their main drawback is
the high probability of convergence to local optima. This limitation is addressed by population-based
algorithms, in which the optimization process starts from a set of candidate solutions whose positions
are iteratively updated during the search.

Exploration Exploitation
(Global Search) (Local Search)

Figure 1. A graphical representation illustrating two distinct search phases of metaheuristic algorithms:
(a) exploration, characterized by discovering new regions using large steps, and (b) exploitation, focusing on
refining the best solutions using small, fine steps.

Most of metaheuristic algorithms search for the optimal solution using exploration and exploita-
tion phases after randomly initializing population and obtaining the first optimal solution [13,14].
During the exploration phase, the algorithm navigates the search space globally to identify promising
regions. In contrast, the exploitation phase focuses on refining the search locally within these identified
areas to locate the precise optimum. Excessive exploration can lead to insufficient exploitation, which
will lead to low accuracy of the search solution, while over-exploitation can cause the candidate
solution to fall into local optima. The balance between these two phases is a challenging issue for any
optimization algorithm, since no precise rule has been established to distinguish the most appropriate
time to transit from exploration to exploitation due to the unexplored form of search spaces. Figure 1
presents a graphical illustration of the task of locating the highest peak by employing both exploration
and exploitation strategies. Exploration is characterized by discovering new regions using large steps,
and exploitation, focusing on refining the highest peak using small steps.

The foundation of modern metaheuristics was laid by classical evolutionary and physics-based
algorithms. Pioneers in the field include Genetic Algorithms (GA) [15,16], which simulate Darwinian
natural selection, and Simulated Annealing (SA) [17], inspired by the physical process of slowly
cooling metals. Alongside these, Differential Evolution (DE) [18] emerged as a powerful tool for
global optimization. Building on these foundations, Swarm Intelligence was introduced with Particle
Swarm Optimization (PSO) [5], mimicking the social behavior of bird flocks, Ant Colony Optimization
(ACO) [19,20], mimicking the social behavior of ants, and Gravitational Search Algorithm (GSA) [6],
based on the laws of gravity and mass interactions.

Subsequently, numerous bio-inspired approaches have been introduced in the literature, many
of which are based on imitating animal hunting behaviors, including the Grey Wolf Optimizer
(GWO) [7,21] inspired by the hierarchy and hunting of wolves, the Whale Optimization Algorithm
(WOA) [8], which models the bubble-net feeding of humpback whales, the Harris Hawks Optimization
(HHO) [22] based on the cooperative hunting behavior and social intelligence of Harris’s hawks, and
the Snake Optimizer (SO) [23] which mimics the foraging and mating behaviors of snakes. More

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.0662.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 February 2026 d0i:10.20944/preprints202602.0662.v1

30f22

recently, algorithms like the FOX Optimizer [24] and the Blood-sucking Leech Optimizer (BLSO) [13]
have been introduced, simulating the foraging behavior of leeches and foxes, respectively.

Beyond animal-inspired methods, researchers have looked to plant life, proposing the Dandelion
Optimizer (DO) [25], based on the wind-driven dissemination of dandelion seeds, and the Sequoia
Optimization Algorithm (SOA) [26], inspired by the self-regulating dynamics and resilience of sequoia
forest ecosystems. Furthermore, human behavior has inspired the Political Optimizer (PO) [27], which
models the multi-phased process of politics such as constituency allocation, party switching, election
campaign, inter-party election, and parliamentary affairs, and the Gold Rush Optimizer (GRO) [10],
which mimics gold prospectors. Other approaches like INFO [9] rely purely on mathematical concepts,
utilizing weighted vector means and computational geometry.

According to the literature review, the majority of metaheuristic optimization algorithms are
typically classified into four categories through various inspirations and evolution mechanisms [13,28]:

e  Evolutionary Algorithms are inspired by the natural laws of evolution, among which are the
Genetic Algorithm (GA) [16] and differential evolution (DE) [18].

e  Physics-Based Algorithms inspired by physical law in the Universe, among which are Simulated
Annealing (SA) [11] and Gravitational Search (GSA) [6] Algorithms.

e  Human-Based Algorithms inspired by the production and life of human society, among which
are Group Teaching Optimization Algorithm (GTOA) [29] and Gold Rush Optimizer (GRO) [10].

e  Swarm Intelligence Algorithms inspired by the hunting behavior, hierarchy, and reproductive
behavior of plants (e.g., Dandelion Optimizer (DO) [25]), and animals among which are Particle
Swarm Optimization (PSO) [5], Ant Colony Optimization (ACO) [20], Grey Wolf Optimizer
(GWO) [7], Whale Optimization Algorithm (WOA) [8] and Blood-Sucking Leech Optimizer
(BLSO) [13].

In this work, we propose a substantial evolution of the original Gold Rush Optimizer (GRO) [10],
called Adaptive Gold Rush Optimizer (AGRO). GRO belongs to the Human-Based Algorithms and
mimics the behavior of gold prospectors during the gold rush era using three key concepts of gold
prospecting: migration, collaboration, and panning. As the method progresses and approaches its
maximum number of iterations, the algorithm progressively shifts from the exploration phase to the
exploitation phase by adjusting the search spaces of migration, collaboration and panning processes.

GRO demonstrates high performance on optimization problems compared to other state-of-the-art
algorithms [10], which is the primary reason for its selection. However, the main motivation for this
work lies in its simplicity compared to recent algorithms like BLSO [13] and DO [25]. These methods
consist of complex steps with advanced mathematical formulations that are difficult to refine further.
In contrast, GRO’s inspiration leads to an intuitive search process divided into three meaningful
strategies with simple formulation, providing a solid basis for modifications and improvements.

AGRO introduces fundamental modifications to the search equations, eliminating the inherent
attraction towards the zero coordinates, while explicitly incorporating objective function values (fitness)
to guide prospectors towards promising regions. Furthermore, unlike the standard GRO, which relies
on fixed probabilities in the strategy selection process, AGRO employs a novel dynamic strategy
selection mechanism. This adaptive component adjusts the probabilities of the three core search
strategies: Migration, Collaboration, and Panning, in real-time, rewarding those that successfully
improve solution quality. The proposed method is compared with the state-of-the-art metaheuristic
evolutionary algorithms [5-10,13,24-26] presented in Table 1 in chronological order.

The main contributions of this paper are summarized as follows:

¢  The proposal of an Adaptive Gold Rush Optimizer (AGRO) that introduces key enhancements
to the traditional GRO, a novel adaptive mechanism that prioritizes strategies improving solu-
tion quality, that can be applied to any optimization algorithm with fixed probabilities in the
strategy selection.

e Additionally, AGRO explicitly incorporates objective function values to guide prospectors to
promising regions.
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e  High performance results of AGRO against ten state-of-the-art algorithms, including GRO, BLSO,
INFO, FOX, DO, WOA, GWO, and PSO.

The remainder of this paper is organized as follows: Section 2 outlines the standard GRO.
Section 3 details the proposed AGRO. Section 4 presents the experimental setup along with the
results obtained. Finally, conclusions and future work are provided in Section 5.

Table 1. Overview of the optimization algorithms considered in this study.

Acronym  Algorithm Name Mechanism Year
PSO Particle Swarm Optimization [5] g:cl;:; als (birds): Mimics the behavior of bird 1995

Physics (masses): Based on the law of gravity
and mass interactions.

Animals (grey wolves): Mimics the leadership
GWO Grey Wolf Optimizer [7] hierarchy and hunting mechanism of grey 2014
wolves in nature.

Animals (Whales): Mimics the bubble-net

GSA Gravitational Search Algorithm [6] 2009

WOA Whale Optimization Algorithm [8] hunting strategy of humpback whales. 2016
Plants (dandelion seed): Inspired by the
DO Dandelion Optimizer [25] dissemination of dandelion seeds carried by the 2022
wind.
. Animals (fox): Mimics the foraging behavior of
FOX FOX Optimizer [24] foxes in nature when hunting prey. 2022
INFO Weighted Mean of Vectors [9] g;::;?;;g?ﬁ:gi?:?;tﬁlf ased on vector 2022
. Human (gold prospectors): Mimics the behavior
GRO Gold Rush Optimizer [10] of gold prospectors during the Gold Rush era. 2023
BLSO Blood-sucking Leech Optimizer [13] Animals (leeches): Mimics the blood-sucking 2004

foraging behaviour of leeches.

Plants (Sequoia): Inspired by the self-regulating

SOA Sequoia Optimization Algorithm [26] and restorative phenomena observed in sequoia 2025
forest ecosystems.

2. Gold Rush Optimizer (GRO)

The Gold Rush Optimizer (GRO) is a population-based metaheuristic algorithm proposed by
Zolfi [10], inspired by the historical events of gold prospectors during the Gold Rush era. The algorithm
simulates the search for gold deposits through three distinct search strategies: Migration, Collaboration,
and Panning (Mining).

Hereafter, we describe the GRO algorithm for solving the minimization problem. Let
X ={X3,X2,..., XN} be the population of N prospectors (search agents) in a d-dimensional space.
The position vector of the i-th prospector at iteration ¢ is denoted by X;(t). In every iteration f, a
prospector randomly selects one of the three strategies to compute a new position Y;(t). The prospec-
tor’s position in the next iteration, indicated by X;(t + 1), is updated only if the amount of gold,
represented by the value of the objective function f(-), in the new location Y;(t) is better than in the
current location X;(t). Equation (1) describes this update rule for the minimization problem.

Yi(t), if f(Yi(t)) < f(Xi(H))

Xi(t+1) = X;(1), if FOYi(t)) > F(Xi(b))

(1)

As the method progresses and approaches its maximum number of iterations (T), the algorithm
progressively shifts from the exploration phase to the exploitation phase by adjusting the search spaces
of migration, collaboration and panning. This adjustment has been modeled by a linear function (L1 (t))
and a quadratic function (Ly(t)), as defined below.
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Li)=C-3) 7+ @
La(t) = (2~ 2) 1)+ 7 ®)

where t denotes the iteration step, t € {1,..., T}. Both of them decrease from 2 at the beginning (t = 1)
to % at the last iteration (f = T). The exploration ability of the algorithm is high at the beginning
due to the spread distribution of the locations of the prospectors. Since prospectors gradually get
close to the best gold mine, their distances to each other are reduced, providing a higher exploitation
ability. In the algorithm, this is also achieved by the reduction of search spaces over time, controlled by
L1 (t) and Ly(t). Based on L;(t) and Ly(t), the d-dimensional vectors A; and A, with random values
Ai(j)e1— LlT(t),l + LlT(t)] and Ay(j) € [—La(t), La(t)], j € {1,...,d}, are defined as follows:

M) =14 Li(0) (n() ~ 5) @
Ax(j) = Lat) - (2 72(j) ~ 1) ®)

where 71 (j) and r,(j) are random numbers in [0, 1] that follow uniform distribution. The vectors A;
and A; are used in migration and panning phases, respectively. The range of the vectors determines
the size of the phase search space, which decreases with the number of iterations. Figure 2 illustrates
the evolution of L1 (t), Lp(#) and the range of A;(j) and A;(j) during the execution of GRO.

A A

2 1 2

—L1 2 2
15 —L
2 15 1
1 1 0
05 05 1
0 0 -2
0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
Iterations Iterations Iterations
(a (b) (c)

Figure 2. The evolution of (a) L1, L, and the range of (b) A; and (¢) A, during the execution of GRO.

2.1. Migration (Global Oriented Search)

This strategy simulates the movement of prospectors towards the most promising gold deposits
identified so far. This phase acts as a convergence mechanism, guiding the population towards the
neighborhood of a reference point based on the current global best solution X, where gb prospector
is given by Equation (6):

gb = argmin f(X;(t)) 6)
1

To prevent premature convergence and allow local exploration around the optimum, the algorithm
introduces a randomized distance vector D; based on a randomized vector C;. The mathematical
formulation of the migration strategy is defined as follows:

Ci(j) = 2-7r1(j) )
D1(j) = C1(j) - X () — Xi(t, ) (8)
Yi(t,j) = Xi(t,j) + A1(j) - D1(j) )

where:

*  X;(t,j) is the current position of the i-th prospector in the j-th dimension at iteration ¢.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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*  Xg(t,f) is the position of the best solution in the j-th dimension found so far.

e Ci(j) - Xgp(t,f) is the position of the reference point in the j-th dimension, that guides the i-th
prospector to prevent premature convergence and allow local exploration.

*  ry(j)is a random number in the interval [0, 1].

¢ (;isarandom vector that creates a weighted target point, allowing the prospector to explore the
region around the destination rather than directly moving to it.

* A isa vector that determines the step size of the movement.

*  Y(t,j) is the proposed position of the i-th prospector in the j-th dimension at iteration t according
to the migration phase.

In this model, the term A; - D; directs the prospector towards the randomized vicinity of the
gold mine, rapidly narrowing the search space. Figure 3a illustrates a schematic representation of the
migration phase. The blue rectangle represents the phase search space, centered at the reference point,
with side length Ly (t).

Migration Collaboration Panning

Figure 3. The schematic representation of the three phases of GRO, (a) migration, (b) collaboration and (c) panning.

2.2. Collaboration (Information Sharing)

In the collaboration phase, the algorithm mimics the social interaction between gold prospectors,
who communicate to share information about promising locations. This strategy promotes knowledge
exchange within the population, ensuring that the search agents do not act in isolation, but rather
benefit from the collective findings of the swarm.

Unlike Migration, which directs prospectors towards the global best, Collaboration introduces a
stochastic search direction derived from the relative positions of other prospectors. Specifically, for the
i-th prospector, the algorithm randomly selects two other distinct agents from the population, denoted
by indices a and b. The mathematical model for this interaction is formulated as:

Da(j) = Xa(t,7) = Xp(£,)) (10)

Yi(t,j) = Xi(t,j) +r(j) - D2(j) (11)
where:

*  X,(t,:) and X, (t,:) represent the position vectors of two randomly selected prospectors from the
population (a,b € {1,...,N}).

* D, is the differential vector representing the direction and magnitude of the interaction between
the two selected agents.

e r(j) is a random number in the interval [0, 1], acting as a scaling factor for the influence of the
collaboration phase.

*  Y(t,j) is the proposed position of the i-th prospector in the j-th dimension at iteration t according
to the collaboration phase.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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By utilizing the differential vector D,, this strategy enhances the diversity of the population. It
allows the algorithm to explore search directions that are not necessarily aligned with the current
global optimum, thereby reducing the risk of stagnation in local optima and facilitating a broader
exploration of the search space. Figure 3b illustrates a schematic representation of the collaboration
phase. The blue rectangle corresponds to the phase search space, with bottom-left corner at X;(t) and
side length equal to | Dy]|.

2.3. Panning (Gold Mining)

Panning or Gold Mining corresponds to the exploitation phase, where a prospector carefully
searches the immediate vicinity of a promising area to extract gold. During this phase, a prospector
randomly selects another prospector and searches within a region determined by the relative positions
of the two prospectors. This phase involves smaller, more precise steps to refine the solution. The
mathematical formulation is given by:

Da(j) = Xi(t,j) = X (,]) (12)

Yi(t,j) = X () + A2(j) - D2(j) (13)

where X, (t,:) is the position of a randomly selected prospector, D; is the distance vector, and A; is a
scaling coefficient vector that reduces the search radius over time to facilitate convergence. Y;(t, j) is the
proposed position of the i-th prospector in the j-th dimension at iteration f according to the panning
phase. Figure 3c illustrates a schematic representation of the panning phase. The blue rectangle
corresponds to the phase search space, centered at the X, (t) and side length equal to 2 - L, ().

3. Adaptive Gold Rush Optimizer (AGRO)

In GRO, the algorithm simulates the search for gold deposits through three distinct search
strategies: Migration, Collaboration, and Panning. Adaptive Gold Rush Optimizer (AGRO) addresses
the following three issues of GRO to further improve its performance.

*  Strategy Adaptation: In each iteration of GRO, the prospectors randomly select one of the three
strategies to improve their positions. The efficiency of each strategy depends on the optimization
data and on the progress of the GRO. To address this issue, AGRO utilizes a novel adaptive
mechanism that prioritizes strategies by measuring in real time their performances, so that the
most promising strategy is selected with higher probability.

*  Search Space of Reference point: In the Migration phase, the prospector computes a reference
point (see Equation (8)), that defines the search space of the new proposed position of the
prospector, based on the current global best solution X,,. According to Equations (7) and (8),
the search space always includes the origin point ([0,0, ..., 0]), while the j-th dimension of the
new position search space is [min(0,2Xq(j)), max(0,2Xg(j) )] depending on the distance of the
prospector from the origin. AGRO redefines C; (see Equation (14)), to make the search space
independent of X, (j), while excluding the origin point a priori.

G() =1+ L) - (1)~ 5) (1)

¢ Incorporating fitness values: In the Panning phase, the prospector randomly selects another
prospector and explores a region defined by their positions to search for gold. However, this
random selection process increases the exploration ability of the phase, but since it does not
take into account the values of the objective function on the prospectors positions, it has low
exploitation ability. To overcome this issue AGRO incorporates objective function values in
selection of the prospectors to guide prospectors towards promising regions and at the same time
to keep the exploration ability of the GRO.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Algorithm 1 presents the pseudocode of the proposed AGRO algorithm. The inputs of the
algorithm are the objective function f, the population size N, the dimension d, the domain of f
(search space) (), and the maximum number of iterations T. The output is the global best solution Xep
identified by the gold prospectors.

Algorithm 1: The pseudocode of the proposed AGRO algorithm.
input :f,N,d,Q,T
output: X,

1 /* Initialization of the prospectors population */
2 foreachi € {1,..,N} do

3 Y (i) = X(i) = getRandomSample(Q)

4 Fit(i) = oo

5 Str(i) = getRandomSample({1,2,3})

end

/* Main loop */
foreacht € {1,.., T} do

SHyew = [0,0,0]

10 foreach k € {1,2,3} do

6
7
8
9

1 \ LS(k) = Lieqa,... N astr(i)=k 1

12 end

13 foreachi € {1,..,N} do

14 /* Update prospectors’ position */
15 if f(Y(i)) < Fit(i) then

16 Fit(i) = f(Y(i))

17 X(@) =Y(>)

18 SHyew(Str(i)) = SHyew (Str(i)) + gm
19 end

20 end

21 8bnew = argmin; (Fit)

2 /* Update of global best */
23 if gb # gbpew then

24 gb = gbnew

2 SHyew(Str(gb)) = SHyew(Str(gh)) + %
26 end

27 if t = 1 then

28 ‘ SH = SHyep

29 else

0 | | SH=3SH+}SHuew

31 end

32 Li=02-%)-=+1

s | L=(2-4)- =21}

34 Scores = %ntazl(lgfffﬁn:f(l;tt) + %

35 foreach k € {1,2,3} do

* ZORE REw

37 end

38 /* Strategy Selection (collaboration, panning, migration) */
39 foreachi € {1,..,N} do

40 m = getRandomSample([0,1])

a1 if m < py(t) then

2 Y (i) = runCollaboration(X)

3 Str(i) =1

m else if m < p1(t) + p2(t) then

45 Y (i) = runPanning(X, Scores)

46 Str(i) =2

47 else

48 Y (i) = runMigration(X, gb)

49 Str(i) =3

50 end

51 Y (i) = correctBounds(Y (i), X(i), Q0)

52 end

53 end

r(s). Distributed under a Creative Commons CC BY license.
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Initially, the population of prospectors X and their corresponding candidate positions Y are
initialized randomly within the search space (), while their fitness values Fit are set to infinity.
Furthermore, each prospector is assigned a random initial strategy Str € {1,2,3}, corresponding to
Collaboration, Panning, and Migration, respectively.

In the main loop, which runs for T iterations, the algorithm first resets the temporary history of
successful strategies SHyep. Then, it evaluates the candidate solutions. For each prospector i, if the
new position Y; yields a better fitness value than the current Fit;, the prospector moves to this new
position (X; = Y;) (see lines 15-19 of Algorithm 1). Crucially, this improvement triggers the adaptive
reward mechanism: the strategy Str; responsible for this success is rewarded by increasing its score in
SHyew normalized by the number of prospectors using it (LS). This ensures that successful strategies
used by fewer agents receive a higher relative reward.

Subsequently, the algorithm updates the global best solution by assigning the index of the best
prospector to the gb variable (see lines 23-26 of Algorithm 1). If a new global optimum is found, the
responsible strategy receives an additional fixed reward to further reinforce its probability of selection.
The strategy history SH is then updated using a weighted moving average between the old history
and the new rewards (SHj,ew), ensuring a smooth adaptation of probabilities over time. The factors L
and L, are updated based on the current iteration ¢, and a normalized fitness score vector (Scores) is
calculated to guide the Panning process. The inclusion of the constant term % in the Score definition
(line 34, Algorithm 1) guarantees a non-zero selection probability even for the prospector with the
worst fitness, thus enhancing the exploration capability of the method during the Panning phase.

Finally, as indicated in line 36 of Algorithm 1, the selection probabilities p(t) for the three
strategies (Migration, Collaboration, Panning) are computed by combining the normalized SH values
with a constant base probability. The probability distribution is defined as follows:

13 SH(K)
pi(t) = ot Zm (15)

This formulation ensures that the probabilities sum to one (Zizl pk(t) = 1). Crucially, the inclusion
of the constant term % guarantees that all strategies remain accessible, preventing the complete
exclusion of any strategy even if its historical performance score (SH) drops to zero. Figure 4 presents
a comparative qualitative analysis of AGRO and GRO, illustrating the evolution of the best fitness
values for functions F3 and Fj, of CBF23 suite defined in Section 4.1.1, alongside the temporal evolution
of the probability distributions pi(t), p2(t), and p3(t). It is observed that AGRO obtains better scores
than GRO, since the dynamic update mechanism ensures that all strategies remain accessible, while
simultaneously assigning higher probability to the most promising strategy. Notably, the preferred
strategy varies significantly over time, even in functions characterized by a single global minimum
(see Figure 4a).
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Figure 4. Qualitative analysis for the (a) F3 and (c) Fj, functions from the CBF23 suite. The evolution of probability
distributions p1 (¢), p2(t) and p3(t) for the (b) F3 and (d) Fyp.

For the next iteration, each prospector selects a new strategy probabilistically based on py(t) (see
lines 41-50 of Algorithm 1). More specifically:

e If Collaboration is selected, the new position is generated using the interaction between
random agents.

e If Panningis selected, the algorithm utilizes the computed Scores to guide the local search towards
regions with better fitness, enhancing exploitation.

e If Migration is selected, the prospector moves towards the vicinity of the global best.

Finally, a boundary control mechanism is applied: any proposed position Y (i) that violates the search
space limits () is reverted to the prospector’s previous valid position X (i) (see line 51 of Algorithm 1).

4. Experimental Evaluation

In this section, the performance of the proposed Adaptive Gold Rush Optimizer (AGRO) is
comprehensively evaluated. The algorithm is compared against ten state-of-the-art metaheuristic
algorithms (see Table 1) utilizing three distinct sets of benchmark functions: the twenty-three classical
benchmark functions, the CEC2017, and the CEC2019 [13]. These datasets provide a comprehensive
assessment of the algorithm’s exploration, exploitation, and convergence capabilities across diverse
optimization landscapes.

All the analysis has been done using MATLAB 2023b on an Intel i7 core 3.20GHz with 32 GB
RAM without the use of code optimization or parallel processing tools. The code implementing the
proposed methods along with the data sets will be publicly available online after acceptance of the
paper: https:/ /sites.google.com/site/costaspanagiotakis/research/agro.

4.1. Benchmark Test Functions
4.1.1. Classical Benchmark Functions

The first dataset comprises 23 classical benchmark functions [13] (CBF23), categorized into
three groups:

¢  Unimodal Functions (F; — F;): Characterized by a single global optimum, these functions evaluate
the exploitation capability and convergence speed of the algorithm.

e  Multimodal Functions (Fg — Fy3): These functions possess multiple local optima, testing the
algorithm’s exploration ability and its robustness against premature convergence.

¢  Fixed-dimension Multimodal Functions (F;4 — F,3): These are lower-dimensional problems with
fixed search spaces, designed to assess stability in constrained environments.

The details of these functions, including their mathematical formulation, dimensions (d), search
ranges, and optimal values (f,,,), are presented in Tables 2—4.
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4.1.2. Classical Benchmark Functions

The detailed characteristics of the 23 classical benchmark functions (CBF23), including their
mathematical formulation, search range, and global optimum values, are presented in Tables 2—4.

Table 2. Unimodal Classical Benchmark Functions (d = 30).

ID Function Range Fuin
51 flx) = El L X7 [—100,100] 0
15} flx) =%k, || +TTE |l [—10,10] 0
Fs fx) =X (T %) [—100, 100] 0
E, £(x) = max;{|x;|} [—100,100] 0
Fs Fx) = X 100(xi 0 — 22)% + (x — 1)) [—30,30] 0
Fs F(x) = £ ([xi +0.5])2 [~100,100] 0
F f(x) = ¥4, ix* + random[0,1) [—1.28,1.28] 0

Table 3. Multimodal Classical Benchmark Functions (d = 30).

ID  Function Range Foin
Fs  f(x)=x%, —x;sin(y/[xi]) [-500,500] —418.9829 x d
Fp  f(x)=x4,[x2-10 cos(ZTrxi) +10] [~5.12,5.12] 0
Fo  f(x) = 720exp( 24/1¥a2) —exp(d Tcos(2mx;)) +20 +¢ [—32,32] 0
Fii f(x) = oo T8y 22 — TTE, cos( ) +1 [~600, 600] 0
b S = F(0sin () + £ — 121+ 1080 ()] + (v 050 .
12 [—50,50]
1)2} + Y u(x;,10,100,4)
_ - _ 2 , _

Fl3 ( ) - 0 1{S]I1 (37[.7(1) Z (xl 1) [1 + s (3nxl+1)] + (xd [_50’ 50] 0

1)2[1 + sin®(27tx4)]} + Zu(xl,S 100,4)

Table 4. Fixed-dimension Multimodal Classical Benchmark Functions.

ID Function Dim (d) Range Fuin
Fa [1oys 1 ] 2 [—65.53,65.53] ~1

500 J=1 I (xi—ai)®
Fis  vi1 [, x(hx) } 2 4 [=5,5] 0.00030

i=1|% b?+biX3+J(4
Fg 4x3 —2.1xf+ 1 x? +xxg = 4x3 + 4x2 2 [-5,5] -1.0316
Bz (xo- 243+ 2x - 6) +10(1— g ) cosx1 +10 2 [-5,5] x [0,15] 0398
Bg [+ (x1 4+ x2 +1)2(19 — 14x; + 322 — 14x; + 6x1x2 + 333)] x 2 [-2,2] 3

X [30 + (2x1 — 3x2)?(18 — 32x; + 12x2 + 48xp — 3631 %7 + 27x3)]

Fig - Z?:l Cciexp| — Z? 1 az]( Pz]) 3 [0’ l} —3.86
Fo - E;‘L:l ciexp|— ):j:l ‘11]( i~ Pi /) 6 [0,1] —3.32
Br -5 [x—a)(x—a)T +¢] " 4 [0,10] —-10.1532
Fn  —Y7 [(x—a)(x—a)T +¢] " 4 [0,10] —10.4029
B~y [(x—a)(x—a)T+¢] ! 4 [0,10] ~10.5364

4.1.3. CEC2017 Benchmark

The CEC2017 benchmark dataset [13,30] consists of 30 complex functions (C; — Csp) designed
to simulate challenging real-world optimization problems. These functions are shifted, rotated, and
shuffled to test the algorithm’s adaptability. The dataset is divided into four categories as shown in
Table 5. The CEC2017 benchmark dataset was evaluated using a dimensionality of d = 10. In our
experiments, the C, function has been removed from the CEC2017 set due to its unstable behavior [31].
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Table 5. Summary of CEC2017 Benchmark Functions. Search Range: [—100, 100].
Type Functions Description
Unimodal Ci—GCs Shifted and Rotated Unimodal Functions
Multimodal Cs — Cyp Shifted and Rotated Multimodal Functions
Hybrid C11 — Cy Combinations of unimodal and multimodal sub-functions
Composition Co — Cyp Merging properties of multiple sub-functions

4.1.4. CEC2019 Benchmark

The CEC2019 benchmark [13,32] comprises 10 distinct functions with varying dimensions and
search ranges. Unlike scalable functions, these problems have fixed dimensions and are specifically
designed to test the precision of the optimizer. Table 6 lists the details of these functions.

Table 6. CEC2019 Benchmark Functions (100-Digit Challenge).

Function Function Name Dim (d) Range fmin
Col Storn’s Chebyshev Polynomial 9 [—8192,8192] 1
Coz Inverse Hilbert Matrix 16 [—16384,16384] 1
Cos Lennard-Jones Minimum Energy 18 [—4,4] 1
Cos Rastrigin 10 [—100, 100] 1
Cos Griewank 10 [—100, 100] 1
Cos Weierstrass 10 [—100, 100] 1
Coz Modified Schwefel 10 [—100, 100] 1
Cos Expanded Schaffer F6 10 [—100, 100] 1
Coo Happy Cat 10 [—100, 100] 1
Cro Ackley 10 [—100, 100] 1

4.2. Evaluation Metrics

To provide a comprehensive and fair assessment of the proposed algorithm’s performance,
standard statistical metrics are employed following the methodology established in recent state-of-
the-art studies [9,10,13,25,26]. Each algorithm is executed for Ny;;s = 30 independent runs for every
benchmark function to mitigate the stochastic nature of metaheuristic optimization and the maximum
number of iterations is T = 1000. These parameter settings are consistent with those commonly
adopted in state-of-the-art methods [9,13,25]. The following metrics are recorded and analyzed:

The primary indicators of performance are the Best, Average (Mean) and the Standard Deviation
(SD) of the optimal fitness values recorded across independent runs.

®  Best: This metric indicates the best score of the algorithm. It is calculated as:

Best = i * 16
es ie{ﬁﬁm}ﬂx’) (16)

where f(x}) represents the best fitness value found in the i-th run.

®  Mean: This metric indicates the accuracy of the algorithm and its ability to converge to the global
optimum. This is the most important and robust metric and it is calculated as:

NT’HVIS

Y. fx) (17)

Mean =
Nruns i=1

*  Standard Deviation (SD): This metric evaluates the stability and robustness of the algorithm
across different runs. A lower SD value indicates that the algorithm produces consistent results.
It is defined as:

1 Nruns
SD = | —— Z (f(xF) — Mean)? (18)
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For each performance indicator, two key metrics are computed. The Ranking (Rank € [1,11],
corresponding to the eleven comparative methods) and the Accuracy (Acc € [0%, 100%]).

*  The Rank represents the average ranking of a method across all experiments according to the
performance indicator used. Notably, a lower Rank indicates superior performance.

¢ The Accuracy metric quantifies the relative performance of a method normalized between the
best and worst solutions found. It is formulated as:

—0

M
Acc = - 100% 19
cc i (19)

where v is the value obtained by the method, m corresponds to the best value found among all
methods (minimum for minimization problems), and M represents the worst value (maximum
value). Based on this definition, the top-performing method achieves Acc = 100%, while the
worst-performing one yields Acc = 0%.

4.3. Performance Comparison of AGRO with Other Algorithms

In this section, a comprehensive comparative analysis is conducted to evaluate the efficiency of
the proposed AGRO algorithm against ten state-of-the-art metaheuristics, including the original GRO.
The experimental results are visualized in Figure 5 and summarized in Tables 7-12.

Figure 5 provides a holistic view of the performance, illustrating the average Rank (top row) and
Accuracy (bottom row) across all three datasets (CBF23, CEC2017, CEC2019) based on Mean metric.
It is evident that AGRO yields the most stable and robust performance, maintaining the lowest rank
and highest accuracy in most scenarios. More specifically, regarding the average rank criterion, AGRO
demonstrates superior performance by the top position in the challenging CEC2017 and CEC2019
datasets, while ranking second in the CBF23 dataset. In terms of average accuracy, the proposed AGRO
algorithm emerges as the leading optimizer, consistently achieving an average accuracy exceeding
90% across all datasets. Notably, AGRO outperforms GRO, in all scenarios, highlighting the efficacy of
the proposed modifications, particularly the adaptive mechanism, which significantly enhances the
prospectors’ ability to explore the search space effectively.

Tables 7-9 report numerical results on the average ranking of the algorithms based on Best, Mean,
and Standard Deviation (SD) metrics under the CBF23 dataset, the CEC2017 suite, and the CEC2019
suite, respectively. The algorithms are arranged in descending order based on the Mean criterion.
Regarding the Best criterion, AGRO ranks as the second-best method on the CBF23 and CEC2017
suites, and third on the CEC2019 dataset. In terms of the Mean and Standard Deviation (SD) criteria,
AGRO exhibits superior performance, by achieving the top position in the challenging CEC2017 and
CEC2019 suites, while ranking second in the CBF23 dataset. Among competitor algorithms, BSLO,
GRO, INFO, and PSO also demonstrate notable performance results.

Tables 10-12 report numerical results on the average accuracy of the algorithms computed by the
Best and Mean metrics under the CBF23 dataset, the CEC2017 suite, and the CEC2019 suite, respectively.
The algorithms are arranged in descending order based on the Mean criterion. Regarding the Best
criterion, AGRO ranks as the third-best method on the CBF23 suite, and second best method on the
CEC2017 and CEC2019 datasets. In terms of the Mean criterion, AGRO exhibits superior performance,
by the top position in any dataset. Among competitor algorithms, BSLO, GRO, INFO, and PSO also
demonstrate notable performance results.

These experimental findings, highlighted by the dominant performance of AGRO regarding the
Mean and Standard Deviation criteria, demonstrate the robustness and ability to converge to the
global optimum of the AGRO algorithm. Hereafter, we present more detailed results regarding the
performance of the AGRO algorithm against ten state-of-the-art metaheuristics on each function of the
three suites.
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Figure 5. The average rank (top) and average accuracy (bottom) based on Mean metric for the eleven algorithms
evaluated on (a) the 23 Classical Benchmark Functions, (b) the CEC2017 dataset, and (c) the CEC2019 dataset.

Table 7. Average ranking of the algorithms in terms of Best, Mean, and Standard Deviation (SD) metrics on the
CBF23 dataset. The algorithms are arranged in descending order based on the Mean criterion.

Rank Algorithm Best Mean SD
1 BLSO 3.00 2.96 2.78
2 AGRO 3.43 3.09 3.78
3 GRO 3.43 3.43 3.74
4 INFO 2.09 3.61 4.65
5 FOX 5.83 6.09 4.61
6 GSA 5.83 6.65 6.48
7 WOA 7.13 6.74 7.48
8 DO 6.74 6.91 6.96
9 PSO 4.26 7.26 7.91

10 GWO 7.57 7.30 7.26
11 SOA 10.57 8.96 8.65

Table 8. Average ranking of the algorithms in terms of Best, Mean, and Standard Deviation (SD) metrics on the
CEC2017 dataset. The algorithms are arranged in descending order based on the Mean criterion.

Rank Algorithm Best Mean SD
1 AGRO 3.24 2.24 2.86
2 GRO 3.52 2.34 3.03
3 INFO 2.72 4.45 4.86
4 PSO 4.34 5.03 517
5 BLSO 5.28 5.69 6.34
6 SOA 6.66 6.03 5.31
7 DO 6.93 6.48 6.45
8 GWO 7.48 6.72 6.45
9 GSA 8.34 8.21 6.90

10 FOX 8.17 9.34 9.21
11 WOA 9.14 9.45 9.41
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Table 9. Average ranking of the algorithms in terms of Best, Mean, and Standard Deviation (SD) metrics on the
CEC2019 dataset. The algorithms are arranged in descending order based on the Mean criterion.

Rank Algorithm Best Mean SD
1 AGRO 4.3 3.4 45
2 GRO 3.7 3.6 49
3 PSO 3.4 4.3 47
4 INFO 43 47 59
5 BLSO 49 5.0 49
6 GSA 5.8 53 49
7 DO 6.2 6.4 6.2
8 SOA 7.6 6.6 6.8
9 FOX 7.0 6.9 6.4

10 GWO 7.8 8.6 7.7
11 WOA 9.7 10.0 8.4

Table 10. Average accuracy of the algorithms computed by the Best and Mean metrics on the CBF23 dataset. The
algorithms are arranged in ascending order based on the Mean criterion.

Rank Algorithm Best Mean
1 AGRO 98.13% 98.14%
2 GRO 97.65% 98.05%
3 INFO 98.52% 89.43%
4 BLSO 98.92% 84.54%
5 DO 97.64% 80.72%
6 GSA 84.53% 76.32%
7 PSO 95.42% 73.46%
8 WOA 87.39% 73.18%
9 GWO 77.66% 71.65%

10 FOX 96.42% 66.42%
11 SOA 20.71% 51.93%

Table 11. Average accuracy of the algorithms computed by the Best and Mean metrics on the CEC2017 dataset.
The algorithms are arranged in ascending order based on the Mean criterion.

Rank Algorithm Best Mean
1 AGRO 94.19% 98.58%
2 GRO 95.39% 98.15%
3 INFO 85.00% 83.33%
4 PSO 85.69% 80.20%
5 SOA 80.73% 76.39%
6 BLSO 81.98% 75.83%
7 DO 75.50% 74.88%
8 GWO 74.15% 69.67%
9 GSA 30.45% 45.25%

10 WOA 52.99% 38.83%
11 FOX 54.51% 25.28%

Table 12. Average accuracy of the algorithms computed by the Best and Mean metrics on the CEC2019 dataset.
The algorithms are arranged in ascending order based on the Mean criterion.

Rank Algorithm Best Mean
1 AGRO 90.95% 92.05%
2 GRO 92.16% 90.35%
3 BLSO 81.42% 77.99%
4 PSO 88.69% 77.78%
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Table 12. Cont.

Rank Algorithm Best Mean
5 SOA 70.80% 74.27%
6 INFO 81.71% 73.96%
7 DO 80.09% 73.53%
8 GSA 58.22% 59.43%
9 WOA 43.32% 47.57%
10 GWO 62.07% 47.24%
11 FOX 52.99% 42.00%

4.3.1. Results on Classical Benchmark Functions

The performance of the best comparative algorithms on the 23 classical benchmark functions
(CBF23) is presented analytically in Table 13 and in Figure 6, via the average Rank that is computed
on the Mean metric. As illustrated in Table 13, which presents the results of the five top-performing
algorithms, AGRO demonstrates high exploitation capabilities. Specifically, it achieves optimal results
in seven out of the ten Fixed-dimension Multimodal functions (refer to Table 4). Furthermore, the
analysis of Figure 6 highlights the robustness of the proposed method, since AGRO attains high-
performance results with an accuracy exceeding 95% (based on the Mean metric) in 22 out of the
23 functions. BLSO achieves optimal results on all Unimodal Classical Benchmark functions (refer to
Table 2) and Multimodal Classical Benchmark functions (refer to Table 3).

4.3.2. Results on CEC2017 Suite

The CEC2017 benchmark introduces greater complexity with shifted, rotated, hybrid, and compo-
sition functions. The performance of the best comparative algorithms on the CEC2017 benchmark is
presented analytically in Table 14 and in Figure 7, based on the average Rank that is computed on the
mean metric. As illustrated in Table 14, which summarizes the results of the top five methods, AGRO
achieves the best results in 6 out of the 29 functions and secures the second-best position in 16 out
of the 29 functions. Furthermore, the analysis of Figure 7 highlights the robustness of the proposed
method. AGRO attains high-performance results with an accuracy exceeding 97% (based on the Mean
metric) in 26 out of the 29 functions. Similarly, GRO exhibits strong performance, reaching comparable
accuracy levels in 24 out of the 29 functions.

4.3.3. Results on CEC2019 Suite

The CEC2019 benchmark tests the algorithms’ ability to locate the global optimum with extreme
precision. The performance of the best comparative algorithms on the CEC2019 suite is presented
analytically in Table 15 and in Figure 8, based on the average Rank that is computed on the mean
metric. As illustrated in Table 15, which presents the results of the five top-performing algorithms,
AGRO achieves best results in four out of the ten functions. Furthermore, the analysis of Figure 7
highlights the robustness of the proposed method, since AGRO attains high-performance results
with an accuracy exceeding 99% (based on the Mean metric) in eight out of the ten functions. GRO
also achieves high performance results with accuracy exceeding 99% (based on the Mean metric) in
seven out of ten functions.
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Table 13. Statistical comparison of the top five algorithms on the CBF23 functions based on the average Rank that
is computed on the mean metric.

Function Metric BLSO AGRO GRO INFO FOX
F Mean 0.00E+00 6.19E-76  2.54E-131 5.67E-55  0.00E+00
SD 0.00E+00 2.88E-75 9.94E-131 2.53E-55  0.00E+00
F Mean 0.00E+00 8.11E-48 4.51E-83 2.92E-27  0.00E+00
SD 0.00E+00 2.33E-47 1.74E-82 7.29E-28  0.00E+00
F Mean 0.00E+00 5.47E-04 2.42E-01 8.65E-52  0.00E+00
SD 0.00E+00 2.05E-03 8.66E-01 1.67E-51  0.00E+00
Fy Mean 0.00E+00 9.01E-05 2.84E-04 5.23E-28  0.00E+00
SD 0.00E+00 2.89E-04 1.26E-03 2.75E-28  0.00E+00
Fs Mean 2.53E+01 2.55E+01  2.60E+01 1.97E+01 2.88E+01
SD 1.04E-01 3.25E-01 1.92E-01 8.76E-01 4.07E-02
Fe Mean 2.50E-15 1.75E-04 1.32E-03 6.30E-12 2.73E-03
SD 6.96E-16 1.94E-04 1.86E-03 3.45E-11 1.13E-03
F; Mean 4.88E-05 2.20E-03 3.82E-03 5.68E-04 5.60E-05
SD 5.47E-05 1.42E-03 2.66E-03 4.05E-04 5.19E-05
Fg Mean -1.26E+04 -9.09E+03 -8.96E+03 -9.05E+03 -7.01E+03
SD 8.22E-11 7.67E+02  6.12E+02 7.39E+02  6.10E+02
Fy Mean 0.00E+00 0.00E+00  1.10E+00 0.00E+00  0.00E+00
SD 0.00E+00 0.00E+00  5.04E+00 0.00E+00  0.00E+00
Fio Mean 4.44E-16 6.60E-15 4.12E-15 4.44E-16 4.44E-16
SD 0.00E+00 1.60E-15 6.49E-16 0.00E+00  0.00E+00
Fi1 Mean 0.00E+00 8.34E-04  0.00E+00 0.00E+00  0.00E+00
SD 0.00E+00 3.23E-03  0.00E+00 0.00E+00  0.00E+00
Fi» Mean 3.13E-16 7.91E-06 4.99E-05 4.30E-15 6.84E-05
SD 1.02E-16 1.06E-05 4.45E-05 1.51E-14 2.05E-05
Fi3 Mean 3.33E-15 2.19E-02 1.66E-02 3.54E-02 1.00E-01
SD 1.15E-15 4.10E-02 3.37E-02 4.73E-02 5.43E-01
Fia Mean 9.98E-01 9.98E-01 9.98E-01 1.91E+00 1.06E+01
SD 1.13E-16 0.00E+00  0.00E+00 2.50E+00  3.97E+00
Fis Mean 8.24E-04 3.10E-04 3.21E-04 1.77E-03 3.71E-04
SD 3.80E-04 4.38E-06 3.02E-05 5.06E-03 2.32E-04
Fie Mean -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -9.77E-01
SD 5.05E-16 6.78E-16 6.78E-16 6.65E-16 2.07E-01
Fi7 Mean 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01
SD 0.00E+00 0.00E+00  0.00E+00 0.00E+00 1.08E-10
Fig Mean 3.00E+00 3.00E+00  3.00E+00 3.00E+00 1.29E+01
SD 2.50E-14 1.42E-15 1.26E-15 1.22E-15 251E+01
Fig Mean -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00
SD 1.82E-15 2.71E-15 2.71E-15 2.71E-15 1.19E-07
Fy Mean -3.27E+00 -3.32E+00 -3.32E+00 -3.27E+00 -3.25E+00
SD 5.99E-02 2.19E-14 4.20E-10 6.03E-02 5.96E-02
Fxn Mean -5.76E+00 -1.02E+01 -1.02E+01 -9.15E+00 -5.74E+00
SD 2.38E+00 3.77E-08 6.33E-12 2.60E+00 1.76E+00
Fy» Mean -6.24E+00 -1.04E+01 -1.04E+01 -8.21E+00 -5.62E+00
SD 2.89E+00 1.48E-13 1.51E-15 3.43E+00 1.62E+00
Fy3 Mean -6.28 E+00 -1.05E+01 -1.05E+01 -951E+00 -6.03E+00
SD 3.21E+00 1.98E-15 1.14E-15 2.66E+00  2.05E+00
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Table 14. Statistical comparison of the top five algorithms on the CEC2017 functions based on the average Rank
that is computed on the mean metric.

Function Metric AGRO GRO INFO PSO SOA
C1 Mean 5.47E+03 1.52E+04 1.00E+02 2.00E+03 2.17E+04
SD 1.33E+04 3.51E+04  1.38E-02 1.89E+03 7.08E+03
Cs Mean 3.02E+02 3.04E+02 3.00E+02 3.00E+02 5.78E+03
SD 4.41E+00 7.28E+00  4.01E-11 8.77E-14  3.33E+03
Cy Mean 4.03E+02 4.03E+02  4.00E+02 4.03E+02 4.05E+02
SD 1.70E+00 1.77E+00  1.71E-01 9.76E-01 2.03E+00
Cs Mean 5.09E+02 5.07E+02 5.25E+02 5.23E+02 5.14E+02
SD 2.92E+00 2.62E+00 1.02E+01 9.97E+00 8.33E+00
Ce Mean 6.00E+02 6.00E+02 6.01E+02 6.03E+02  6.00E+02
SD 3.34E-04 8.90E-04 1.37E+00 8.03E+00  2.80E-01
Cy Mean 7.18E+02 7.19E+02 7.37E+02 7.27E+02  7.22E+02
SD 2.61E+00 3.71E+00 1.31E+01 7.18E+00 5.75E+00
Cg Mean 8.09E+02 8.08E+02 8.21E+02 8.19E+02 8.08E+02
SD 3.90E+00 2.87E+00 9.89E+00 7.85E+00 4.32E+00
Cy Mean 9.00E+02 9.00E+02 9.26E+02 9.00E+02 9.00E+02
SD 1.94E-06 1.77E-05 4.96E+01 5.90E-01 2.67E-02
Cio Mean 1.32E+03 1.37E+03 1.77E+03 1.73E+03  1.69E+03
SD 2.19E+02 1.87E+02  3.08E+02 2.83E+02 2.46E+02
C11 Mean 1.10E+03 1.10E+03 1.12E+03 1.13E+03 1.11E+03
SD 1.11E+00 1.04E+00 1.78E+01 2.50E+01 5.16E+00
Ci2 Mean 4.06E+04 4.78E+04 7.50E+03 1.28E+04 1.10E+06
SD 3.55E+04 5.77E+04 1.21E+04 1.17E+04 9.80E+05
Ci3 Mean 1.97E+03 2.06E+03 1.47E+03 1.02E+04 9.66E+03
SD 3.07E+02 4.78E+02  1.92E+02 7.54E+03 4.50E+03
Cia Mean 1.44E+03 1.44E+03 1.45E+03 2.41E+03 5.17E+03
SD 1.26E+01 1.38E+01 2.15E+01 9.86E+02 2.89E+03
Cis Mean 1.61E+03 1.62E+03  1.55E+03 2.74E+03  4.84E+03
SD 4.81E+01 458E+01 4.59E+01 1.43E+03 2.55E+03
Cie Mean 1.61E+03 1.61E+03 1.76E+03 1.86E+03 1.82E+03
SD 3.03E+01 2.18E+01 1.36E+02 1.07E+02  1.22E+02
Ci7 Mean 1.73E+03 1.73E+03 1.76E+03 1.78E+03 1.76E+03
SD 9.52E+00 6.45E+00 4.81E+01 7.12E+01 3.22E+01
Cis Mean 3.31E+03 3.37E+03 1.86E+03 1.04E+04 6.94E+03
SD 1.15E+03 1.08E+03 4.52E+01 8.09E+03 4.84E+03
Cy9 Mean 1.94E+03 1.96E+03 1.92E+03 4.78E+03  6.49E+03
SD 1.83E+01 3.35E+01 1.48E+01 3.81E+03 3.95E+03
Cyo Mean 2.01E+03 2.01E+03 2.06E+03 2.10E+03 2.09E+03
SD 9.19E+00 1.02E+01 5.46E+01 6.26E+01 6.56E+01
Cyx Mean 2.25E+03 2.27E+03 2.31E+03 2.30E+03 2.31E+03
SD 5.44E+01 5.32E+01 4.46E+01 4.66E+01 1.80E+01
Cy Mean 2.29E+03 2.29E+03 2.30E+03 2.30E+03 2.30E+03
SD 2.26E+01 2.54E+01 1.13E+00 7.88E-01 1.03E+00
Cos Mean 2.61E+03 2.61E+03 2.62E+03 2.63E+03 2.63E+03
SD 4.11E+00 3.54E+00 1.08E+01 1.39E+01 1.55E+01
Cog Mean 2.67E+03 2.67E+03  2.75E+03 2.73E+03 2.75E+03
SD 1.10E+02 1.02E+02 1.34E+01 7.84E+01 1.66E+01
Cos Mean 2.90E+03 2.90E+03 2.93E+03 2.93E+03 2.93E+03
SD 8.18E+00 8.53E+00 2.26E+01 2.33E+01 2.05E+01
Coe Mean 2.90E+03 2.87E+03  3.22E+03 3.01E+03 3.33E+03
SD 1.83E+01 7.76E+01 4.57E+02 3.68E+02 4.76E+02
Cyy Mean 3.09E+03 3.09E+03 3.10E+03 3.12E+03 3.12E+03
SD 2.45E+00 2.22E+00 1.91E+01 3.47E+01 2.34E+01
Cog Mean 3.14E+03 3.14E+03 3.28E+03 3.29E+03 3.34E+03
SD 9.64E+01 9.64E+01 1.48E+02 1.44E+02 1.11E+02
Coo Mean 3.16E+03 3.16E+03 3.22E+03 3.23E+03  3.23E+03
SD 1.28E+01 1.39E+01 6.67E+01 5.42E+01 5.24E+01
Cso Mean 2.12E+04 1.59E+04 5.34E+05 2.89E+05 2.81E+05
SD 1.92E+04 9.01E+03 7.72E+05 492E+05 4.18E+05
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Table 15. Statistical comparison of the top five algorithms on the CEC2019 functions based on the average Rank
that is computed on the mean metric.

Function Metric AGRO GRO PSO INFO BLSO
Co1 Mean 1.09E+08 1.16E+08 1.66E+08 1.56E+05 4.08E+04
SD 1.32E+08 1.36E+08 1.35E+08 2.34E+05 1.49E+03
Co Mean 1.73E+01 1.73E+01 1.73E+01 1.73E+01 1.73E+01
SD 6.66E-15 6.53E-15  7.23E-15 7.23E-15  6.60E-10
Cos Mean 1.27E+01 1.27E+01 1.27E+01 1.27E+01 1.27E+01
SD 4.81E-10 1.73E-10  3.61E-15 3.61E-15 3.61E-15
Cos Mean 7.85E+00 8.21E+00 2.18E+01 4.43E+01 4.49E+01
SD 2.65E+00 3.34E+00 1.11E+01 3.27E+01 2.39E+01
Cos Mean 1.03E+00 1.04E+00 1.13E+00 1.12E+00 1.24E+00
SD 1.59E-02 2.33E-02  8.91E-02 9.35E-02 1.46E-01
Cos Mean 7.98E+00 7.70E+00 5.71E+00 5.25E+00 3.11E+00
SD 9.83E-01 1.07E+00 1.65E+00 2.15E+00 1.12E+00
Co7 Mean 1.04E+02 7.66E+01 1.18E+02 2.76E+02 1.05E+02
SD 1.01E+02 1.16E+02 1.29E+02 2.19E+02 1.23E+02
Cos Mean 2.68E+00 2.89E+00 5.09E+00 494E+00 5.20E+00
SD 6.86E-01 791E-01 5.08E-01 1.09E+00 6.93E-01
Coo Mean 2.38E+00 2.37E+00 2.36E+00 2.40E+00 2.55E+00
SD 2.35E-02 2.00E-02 1.68E-02 4.08E-02 1.20E-01
Cio Mean 1.50E+01 1.60E+01 1.94E+01 2.00E+01 2.00E+01
SD 8.70E+00 7.80E+00 3.66E+00 3.48E-02 2.15E-02
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Figure 6. Rank (top) and Accuracy (bottom) based on Mean metric of the top three performing algorithms for
each of the 23 Classical Benchmark Functions.
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Figure 7. Rank (top) and Accuracy (bottom) based on Mean metric of the top three performing algorithms across
the 29 functions of the CEC2017 dataset.
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Figure 8. Rank (top) and Accuracy (bottom) based on Mean metric of the top three performing algorithms across
the 10 functions of the CEC2019 dataset.

5. Conclusions

In this paper, a novel metaheuristic algorithm named Adaptive Gold Rush Optimizer (AGRO)
was proposed as a substantial evolution of the standard Gold Rush Optimizer (GRO). The primary
motivation behind AGRO was to address the structural limitations of GRO, specifically the inherent
bias towards zero coordinates and the static nature of its strategy selection process. To this end,
AGRO introduced fundamental modifications to the search equations and incorporated a dynamic
strategy selection mechanism that adaptively prioritizes the most effective search behaviors (Migration,
Collaboration, or Panning) based on their real-time contribution to the solution quality.

The performance of AGRO was evaluated against ten state-of-the-art algorithms, including
the original GRO, BLSO, PSO, INFO, BLSO, GWO and other recent metaheuristics, across three
diverse benchmark suites: the 23 Classical Benchmark Functions (CBF23), the CEC2017 suite, and the
CEC2019 suite. The experimental results demonstrated that AGRO exhibits superior robustness and
efficiency. Specifically:
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e In terms of exploration, AGRO successfully avoided premature convergence in complex mul-
timodal landscapes of CBF23 and CEC2017, significantly outperforming algorithms with
static parameters.

*  Interms of exploitation and precision, the algorithm achieved remarkable accuracy in the CEC2019
dataset, often locating the global optimum with high precision where other methods stagnated.

¢  Comparative analysis confirmed that AGRO consistently achieved the lowest average rank and
highest accuracy across the majority of test functions, validating the effectiveness of the proposed
adaptive mechanism.

Furthermore, the qualitative analysis revealed that the dynamic probability update allows the
algorithm to fluidly shift between exploration and exploitation, ensuring that the prospectors focus on
the most promising regions of the search space.

Future research directions will focus on applying AGRO to complex real-world engineering design
problems and constrained optimization tasks. Additionally, since the proposed adaptive strategy
selection mechanism is generic, its integration into other metaheuristic frameworks to enhance their
adaptability and performance constitutes a promising avenue for future study.
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