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Abstract

Short-term power load forecasting plays a crucial role in the operation scheduling, energy
management, and security assessment of smart grids, as its accuracy directly affects the
economic efficiency and reliability of power systems. However, power load series are
characterized by strong nonlinearity, non-stationarity, and multi-scale temporal depen-
dencies, which make it difficult for traditional forecasting models to achieve both high
accuracy and strong generalization under complex load scenarios. In recent years, deep
learning models have demonstrated promising performance in load forecasting; neverthe-
less, their effectiveness is highly dependent on hyperparameter configurations. Manual
hyperparameter tuning is not only time-consuming but also prone to premature conver-
gence to suboptimal solutions. To overcome these challenges, this study develops an
AMS-GRO-based short-term power load forecasting framework. By improving the original
Gold Rush Optimizer (GRO), three adaptive strategies are integrated into the proposed
optimizer, namely the current-to-pbest/1 mutation strategy, adaptive elite-guided search
strategy, and success-rate-based adaptive strategy selection mechanism. These improve-
ments jointly enhance the global exploration capability, local exploitation ability, and
strategy adaptability of the optimizer. Subsequently, the proposed AMS-GRO is employed
to perform global hyperparameter optimization for a Dilated BiGRU-Attention model,
forming the AMS-GRO–Dilated BiGRU forecasting framework. Key hyperparameters, in-
cluding the learning rate, number of hidden units, attention dimension, and regularization
coefficient, are adaptively optimized. Extensive numerical experiments were conducted on
the 30-dimensional CEC2017 suite and the 10- and 20-dimensional CEC2022 suites using
30 independent runs. According to the Friedman test, AMS-GRO achieved mean ranks of
1.37, 1.33, and 1.25, respectively, ranking first in all three experimental settings. In the short-
term power load forecasting experiment, AMS-GRO–Dilated BiGRU achieved an MAE of
21.09, MAPE of 0.0177, MSE of 791.10, and R2 of 0.9746. Compared with the unoptimized
Dilated BiGRU model, these results correspond to reductions of 13.0%, 13.7%, and 21.5% in
MAE, MAPE, and MSE, respectively, together with a 0.70-percentage-point improvement in
R2. From a symmetry perspective, the proposed framework balances global exploration
and local exploitation through adaptive strategy selection, while the Dilated BiGRU ex-
ploits bidirectional temporal symmetry to capture multi-scale load patterns. These results
demonstrate that the proposed framework provides competitive optimization performance
and improves forecasting accuracy on the investigated load dataset.
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1. Introduction
As a critical enabling technology underpinning operational dispatch, grid infrastruc-

ture planning, and energy resource management within power systems, short-term load
forecasting (STLF) directly influences the security, cost-effectiveness, and overall energy
efficiency of grid operations [1]. The ongoing large-scale integration of variable renew-
able energy sources, together with the growing diversity of consumption patterns among
end-users and the rising incidence of severe weather events, has rendered the short-term
load—conventionally projected over a horizon spanning from 1 to 72 h—increasingly
volatile, inherently nonlinear, and governed by intricate multi-scale temporal interdepen-
dencies [2,3]. Prolonged heatwave episodes, for instance, tend to precipitate a surge in
cooling demand from air-conditioning systems, while the inherent variability and unpre-
dictability of wind and solar generation further complicate the real-time balancing between
generation output and load demand. These compounding factors cause the underlying
statistical properties of load time series to shift continuously over time, thereby adding
substantial complexity to the construction of accurate predictive models.

Traditional forecasting approaches based on time-series analysis or linear regression
models struggle to effectively capture these complex characteristics and often produce large
prediction errors under highly volatile operating conditions. Consequently, such methods
can no longer meet the practical requirements of modern power systems for refined and
intelligent scheduling [4–6].

Over the past several years, deep learning architectures have garnered consider-
able research interest within the short-term load forecasting community, owing princi-
pally to their inherent strengths in capturing complex nonlinear relationships and au-
tonomously distilling high-level features from raw input data. Among these approaches,
recurrent neural networks (RNNs), along with their advanced augmented variants—most
notably Long Short-Term Memory (LSTM) networks [7] and Gated Recurrent Units
(GRUs) [4]—incorporate specialized gating schemes that effectively circumvent the well-
known issue of diminishing gradients during backpropagation. These gated architectures
have consequently demonstrated substantial promise in uncovering and tracking the se-
quential regularities embedded in historical load measurements. However, standard LSTM
and GRU architectures rely on step-by-step recursive updates, resulting in a receptive field
that grows linearly with the time horizon. When dealing with load sequences characterized
by long-term periodicity and multi-scale temporal patterns, these models still suffer from
limited efficiency in capturing long-range dependencies. Moreover, when the input se-
quences are long or the load patterns are highly complex, the training process may become
slow or even experience performance degradation.

To further enhance the ability of recurrent models to capture long-term temporal
dependencies, dilation mechanisms have been introduced into recurrent neural networks,
leading to the development of Dilated RNN architectures. Among them, the Dilated Bidi-
rectional Gated Recurrent Unit (Dilated BiGRU) combines bidirectional temporal modeling
with dilated connections, enabling an exponential expansion of the receptive field without
significantly increasing network depth or parameter complexity. As a result, Dilated BiGRU
can simultaneously capture short-term load fluctuations and long-term periodic variations.
Existing studies have demonstrated that Dilated BiGRU achieves higher prediction accu-
racy and better stability than conventional LSTM and GRU models in short-term power
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load forecasting tasks [8]. Nevertheless, the prediction performance of Dilated BiGRU is
strongly influenced by the selection of hyperparameters, such as the learning rate, hidden
unit number, attention dimension, and regularization coefficient. These hyperparameters
are often nonlinearly coupled, and relying on manual experience or trial-and-error tuning
is not only inefficient but also prone to yielding suboptimal solutions, thereby limiting the
generalization ability of the model under highly volatile load scenarios.

Swarm intelligence optimization algorithms, as an important branch of evolution-
ary computation, simulate cooperative behaviors observed in natural systems to perform
global optimization and have demonstrated strong robustness and adaptability in high-
dimensional, non-convex, and multimodal search spaces [9–11]. Representative swarm
intelligence algorithms include Particle Swarm Optimization (PSO) [12], Grey Wolf Op-
timization (GWO) [13], Whale Optimization Algorithm (WOA) [14], Secretary Bird Opti-
mization Algorithm (SBOA) [15], Bounty Hunter Optimizer (BHO) [16], Sparrow Search
Algorithm (SSA) [17], and Animated Oat Optimization (AOO) [18]. These algorithms are
characterized by simple parameter settings, independence from gradient information, and
strong compatibility with machine learning models, making them widely applicable to
complex optimization problems such as path planning, engineering design, parameter
estimation, and feature selection.

Recently, the application of swarm intelligence algorithms to hyperparameter opti-
mization in machine learning and deep learning has become an active research topic. Owing
to the high dimensionality and strong nonlinearity of hyperparameter search spaces in deep
models, traditional grid search or random search methods often incur high computational
costs and low search efficiency. In contrast, swarm intelligence algorithms can effectively ex-
plore complex parameter spaces through population-based cooperative search mechanisms,
thereby reducing the uncertainty associated with manual tuning [19]. Numerous studies
have shown that integrating swarm intelligence algorithms with deep learning models
can significantly improve predictive performance and training stability. For example, PSO
and GWO have been successfully applied to hyperparameter optimization of LSTM and
GRU models in tasks such as load forecasting, traffic flow prediction, and hydrological fore-
casting [20,21]. Nevertheless, when applied to high-dimensional hyperparameter tuning
tasks, swarm intelligence algorithms that rely on a single optimization strategy continue
to encounter persistent difficulties, including a tendency toward premature stagnation
at suboptimal solutions, erratic convergence trajectories, and inadequate genetic variety
within the candidate solution pool.

The Gold Rush Optimizer (GRO) constitutes a swarm-intelligence-based metaheuristic
that has emerged in the recent literature, drawing its conceptual foundations from the
migratory patterns, extraction activities, and cooperative interactions observed among
historical gold prospectors [22]. GRO is characterized by a parsimonious algorithmic archi-
tecture, requiring only a limited set of configurable parameters and offering straightforward
deployment, which has contributed to its competitive empirical performance across a broad
spectrum of engineering-oriented optimization tasks. However, when confronting intricate
high-dimensional search spaces, the algorithm reveals several nontrivial shortcomings.
Chief among these is the absence of a well-designed adaptive regulation mechanism capable
of dynamically adjusting the trade-off between broad global exploration and intensive local
exploitation as the search process unfolds. This inherent deficiency frequently manifests as
oscillatory patterns in the convergence trajectory or, alternatively, as a premature settling
toward locally optimal regions during the later stages of iteration. Second, the individual
update strategies are relatively simple, resulting in limited utilization efficiency of high-
quality solutions and difficulty in maintaining both population diversity and convergence
speed in complex search spaces [23,24]. In addition, fixed or weakly adaptive strategy
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selection schemes prevent the algorithm from dynamically allocating search resources
based on real-time feedback from the optimization process, thereby restricting its overall
optimization performance.

To overcome these limitations, this paper proposes an Adaptive Multi-Strategy Gold
Rush Optimizer (AMS-GRO) and integrates it into the global hyperparameter optimization
of a Dilated BiGRU model, forming an AMS-GRO–Dilated BiGRU short-term power load
forecasting framework. By incorporating multiple cooperative search strategies and a
dynamic selection mechanism. The proposed AMS-GRO variant delivers substantial
improvements across three key performance dimensions: the breadth of global search, the
precision of local refinement, and the robustness of the convergence process. The principal
innovations and contributions of this work are articulated below:

(1) Current-to-pbest/1–based convergence–diversity balanced mutation strategy: A
current-to-pbest/1 mutation mechanism is introduced into the GRO framework to
accelerate convergence while effectively preserving population diversity, thereby
alleviating premature convergence.

(2) Adaptive elite-guided search strategy: By restricting learning sources to an elite
subset and introducing adaptive perturbation control, the proposed strategy enhances
local exploitation capability and improves convergence stability in the later stages
of optimization.

(3) Success-rate–based adaptive strategy selection mechanism: The selection probability
of each search strategy is dynamically adjusted according to its actual contribution
during the optimization process, enabling adaptive cooperation and competition
among multiple strategies.

(4) Global hyperparameter optimization framework for Dilated BiGRU: AMS-GRO is em-
ployed to optimize key hyperparameters of the Dilated BiGRU model, constructing an
integrated “intelligent optimization–deep temporal modeling” forecasting framework
that eliminates the reliance on manual hyperparameter tuning.

To evaluate the performance of the proposed method, extensive numerical experiments
are first conducted on the CEC2022 and CEC2017 benchmark suites. Subsequently, the
Friedman test is performed to statistically analyze the differences among the compared
algorithms. Following this, forecasting experiments are carried out on short-term power
load using authentic electricity consumption records from real-world grid operations. The
predictive capability of the AMS-GRO–Dilated BiGRU hybrid is benchmarked against
several alternative architectures, including RNN, LSTM, KELM, and the standalone Dilated
BiGRU without optimization, with its performance being systematically quantified through
the MAE, MAPE, MSE, and R2 evaluation criteria.

The concept of symmetry is also relevant to the design of the proposed method. In
metaheuristic optimization, exploration and exploitation are two complementary search
behaviors that must be balanced dynamically; this balance can be regarded as a form of
behavioral symmetry in the search process. The proposed AMS-GRO maintains such a
symmetry by adaptively allocating search resources among multiple strategies according
to their real-time success rates. In addition, the Dilated BiGRU processes load sequences
in both forward and backward directions, which introduces a bidirectional temporal sym-
metry and allows the model to exploit past and future contextual information simultane-
ously. The dilation mechanism further enables multi-scale temporal features to be cap-tured
in a balanced and hierarchical manner. Therefore, symmetry, in both its behavioral and
temporal senses, provides a useful perspective for understanding the design rationale of
the proposed forecasting framework.

The structural layout of the present paper proceeds in the following sequence.
Section 2 elaborates on the foundational underpinnings of both the canonical Gold
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Rush Optimizer and the newly devised AMS-GRO variant. Section 3 details a battery
of numerical tests designed to scrutinize the optimization proficiency of the enhanced
algorithm. Section 4 formulates the integrated forecasting framework that combines
AMS-GRO with Dilated BiGRU for short-term load prediction, accompanied by a thorough
examination of the experimental findings. Section 5, in closing, synthesizes the principal
conclusions drawn from this investigation and identifies promising avenues for subsequent
research endeavors.

2. The Gold Rush Optimizer and Its Enhanced Formulation
2.1. Canonical Gold Rush Optimizer

The Gold Rush Optimizer (GRO) belongs to the category of population-driven meta-
heuristic search techniques, with its underlying design philosophy rooted in the collective
behavioral patterns exhibited by historical gold seekers throughout their extraction endeav-
ors. Within the GRO framework, every individual prospector corresponds to a potential
solution within the decision space, while the overall optimization procedure is orches-
trated through the coordinated execution of three distinct strategies—namely, migratory
movement, localized excavation, and inter-prospector cooperation [22].

Let X(t)
i =

[︂
x(t)i,1 , x(t)i,2 , . . . , x(t)i,D

]︂
represent the position of the i-th prospector at iteration

t. Here, D denotes the dimensionality of the optimization problem, and N represents the
population size. The historically optimal positional vector identified up to the current
iteration t is designated as X(t)

best.

(1) Migration behavior

The migration behavior simulates the movement of prospectors toward a discovered gold
mine. In this stage, each prospector updates its position by moving toward the current global
best solution with a randomly scaled step size. The position update can be expressed as [22]:

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

i + A(t)
1 ·

(︂
C(t)

1 · X
(t)
best − X(t)

i

)︂
(1)

where A(t)
1 and C(t)

1 are stochastic control coefficients.

Specifically, C(t)
1 controls the attraction strength toward the global best solution and is

generated by a uniformly distributed random variable in (0, 2), while A(t)
1 determines the

step size and is adaptively adjusted according to the iteration progress using a nonlinear
decreasing function combined with a random perturbation. This design enables strong
global exploration in early iterations and more stable convergence behavior in later stages.

(2) Mining behavior

After prospectors reach a potentially gold-rich region, local mining is performed to
exploit the surrounding area. In this behavior, each prospector updates its position relative
to a randomly selected prospector [22]:

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

r + A(t)
2 ·

(︂
X(t)

i − X(t)
r

)︂
(2)

where r ̸= i is a randomly selected index, and A(t)
2 is a stochastic coefficient that controls

the exploitation intensity.
The coefficient A(t)

2 is generated using a nonlinear decreasing function similar to A(t)
1 ,

allowing the algorithm to gradually shift from coarse local exploration to fine-grained
exploitation as the iteration proceeds.

(3) Collaboration behavior
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The collaboration behavior models cooperative exploration among prospectors.
Two randomly selected prospectors are used to construct a cooperative search direction,
and the position of the i-th prospector is updated as [22]:

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

i + r ·
(︂

X(t)
g2 − X(t)

g1

)︂
(3)

where g1 and g2 are two distinct prospectors selected at random, and r ∼ U(0, 1) is a
uniformly distributed random number.

This mechanism introduces additional population diversity and helps the algorithm
escape from local optima by encouraging cooperative exploration.

(4) Selection mechanism

After generating a candidate solution using one of the above behaviors, GRO adopts a
greedy selection strategy to determine whether the new position should be accepted:

Xi =

⎧⎨⎩ X(t+1)
i , i f f

(︂
X(t+1)

i

)︂
< f

(︂
X(t)

i

)︂
,

X(t)
i , otherwise.

(4)

This selection rule ensures that the fitness value of each prospector does not deteriorate
over iterations.

2.2. Adaptive Multi-Strategy Gold Rush Optimizer

In response to the deficiencies exhibited by the canonical GRO with respect to conver-
gence robustness and environmental adaptability, an enhanced variant termed the Adaptive
Multi-Strategy Gold Rush Optimizer (AMS-GRO) is introduced in this work. The central
concept underlying AMS-GRO lies in the establishment of a hybrid search architecture
that integrates a suite of complementary exploration and exploitation strategies, which
are orchestrated through a unified self-adaptive regulation mechanism that enables both
cooperative interaction and competitive selection among the constituent strategies.

Specifically, AMS-GRO integrates three core components:

(1) a convergence–diversity balanced mutation strategy based on current-to-pbest/1;
(2) an adaptive elite-guided search strategy;
(3) a success-rate–based adaptive strategy selection mechanism.

These modules are devised to collectively promote the breadth of global search, the
depth of local refinement, and the overall responsiveness of strategy selection as the
optimization routine progresses.

2.2.1. Current-to-pbest/1–Based Convergence–Diversity Balanced Mutation Strategy

Position updates in standard GRO are primarily guided by randomly chosen popu-
lation members or the current global-best solution. Although this mechanism promotes
exploration, it offers limited directional guidance toward promising regions. Consequently,
the search may converge slowly or fluctuate considerably on complex, high-dimensional
problems. AMS-GRO addresses this limitation by introducing a differential-evolution-
inspired current-to-pbest/1 mutation strategy. This strategy applies controlled convergence
pressure while maintaining population diversity.

At each algorithmic cycle t, the entire swarm is initially ranked in ascending order
based on their respective fitness evaluations, after which an elite representative, denoted as
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X(t)
pbest, is stochastically drawn from the uppermost p performers within the ranked list. The

cardinality of this elite subset is determined in an adaptive fashion, as specified by

p = max
(︂

2,
⌊︂

N ·
(︂

pmin + (pmax − pmin)
(︁
1− t

T
)︁1.2

)︂⌋︂)︂
(5)

where pmin = 0.05, pmax = 0.20, N represents the population size, and T indicates the
maximum number of iterations.

Based on the selected elite individual, the mutation vector for the i-th prospector is
constructed as [25]:

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

i + F(t) ·
(︂

X(t)
pbest − X(t)

i

)︂
+ F ·

(︂
X(t)

r1 − X(t)
r2

)︂
F(t) = MF + 0.1 · tan

[︂
π
(︂

rand− 1
2

)︂]︂ (6)

where X(t)
r1 and X(t)

r2 represent two randomly selected and mutually exclusive individuals,

while X(t)
r2 is selected from the historical archive to maintain population diversity. The

scaling factor F(t) is adaptively generated through the parameter control mechanism. MF
is selected from a memory pool and updated according to the success history of previous
mutations. To ensure numerical stability, F(t) is restricted to the interval [0.05, 1].

By introducing the current-to-pbest/1 strategy, AMS-GRO effectively balances conver-
gence acceleration and diversity preservation, enabling a smooth transition from global
exploration to local exploitation.

As show in Figure 1, the term
(︂

X(t)
pbest − X(t)

i

)︂
introduces explicit convergence pressure

toward promising regions, while the differential vector
(︂

X(t)
r1 − X(t)

r2

)︂
maintains population

diversity. The mutation magnitude is adaptively modulated by the scaling coefficient F(t),
which serves to facilitate a gradual progression from broad-range global scanning toward
fine-grained local refinement over the course of the optimization run.

Figure 1. Illustrates the geometric interpretation of the current-to-pbest/1 mutation strategy.
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2.2.2. Adaptive Elite-Guided Search (AEG)

Although the stochastic behaviors in GRO provide strong exploration capability, the
random selection of learning sources may cause inefficient exploitation and oscillatory
convergence in later stages of the optimization process. To improve search stability and
precision, AMS-GRO introduces an Adaptive Elite-Guided Search (AEG) strategy as a
unified refinement mechanism.

Within the AEG framework, the informational reference pool available to each prospec-
tor is confined exclusively to an elite sub-population, rather than being drawn from the
entirety of the swarm. More precisely, at each iteration, an elite exemplar denoted as X(t)

e is
stochastically sampled from the uppermost

E = ⌈0.2N⌉ (7)

individuals to guide the search direction. The position of the i-th prospector is then updated
according to

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

e + A ·
(︂

X(t)
i − X(t)

e

)︂
+N

(︁
0, σ2)︁ (8)

where A is a control coefficient inherited from the GRO framework, and N
(︁
0, σ2)︁ denotes

Gaussian perturbation.
To further enhance robustness, the perturbation intensity is adaptively controlled as

σ = 0.12 ·
(︁
1− t

T
)︁1.3 · (ub− lb) (9)

where σ denotes the standard deviation of the Gaussian perturbation, t is the current
iteration, T is the maximum number of iterations, and ub and lb denote the upper and
lower bounds of the search space, respectively. The coefficient 0.12 determines the initial
perturbation amplitude, whereas the exponent 1.3 controls its nonlinear decay rate. There-
fore, a relatively large perturbation is retained during the early search stage to improve
population diversity, while the perturbation gradually approaches zero as the iteration
proceeds, thereby facilitating stable local refinement. In addition, a lightweight best-guided
refinement is applied to the updated position:

X(t+1)
i = (1− β) · X(t+1)

i + β · X(t)
best

β = 0.2 · t
T

(10)

where β is the adaptive best-guidance coefficient, X(t)
best denotes the best solution found up

to iteration t, and X(t+1)
i is the candidate solution generated by the elite-guided update

in Equation (8). Since β increases linearly from 0 to 0.2, the influence of the global-best
solution is deliberately limited in the early stage and gradually strengthened in the later
stage. This design preserves exploration at the beginning of the search while improving
convergence accuracy near the end of the optimization process.

By combining elite-guided learning, adaptive perturbation control, and mild best
guidance, the AEG strategy enhances local exploitation capability while preserving
sufficient exploration.

2.2.3. Success-Rate–Based Adaptive Strategy Selection Mechanism

Different search strategies may exhibit varying effectiveness at different optimization
stages. Therefore, a fixed strategy selection scheme cannot guarantee robust performance
across diverse problems or iteration phases.

To address this issue, AMS-GRO employs a success-rate–based adaptive strategy
selection mechanism to dynamically coordinate multiple search strategies.
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At each iteration of AMS-GRO, every prospector constructs one trial solution using
a strategy selected from the available pool. For strategy succs records the number of trial
solutions that replace their corresponding parent solutions during the current iteration.
An update is classified as successful when the new solution achieves a better objective
value than its parent. The strategy probabilities P = [P1, P2, P3] are subsequently adjusted
as follows:

P(t+1)
s = (1− α)P(t)

s + α · succs
∑3

k=1 succk
(11)

where α = 0.2 controls the smoothing between the previous probability and the latest
performance of each strategy.

To avoid permanently excluding a strategy because of short-term poor performance, a
lower bound Ps ≥ ε is imposed, after which the probability vector is normalized. In this
way, AMS-GRO adaptively distributes search resources according to the contribution of
each strategy, thereby enhancing its adaptability and robustness.

The adaptive implementation consists of three mutually connected levels. First, the
candidate strategy pool contains the current-to-pbest/1 operator, the original GRO operator,
and the adaptive elite-guided operator. At the beginning of the optimization process, their
selection probabilities are initialized equally, i.e., P(0)

1 = P(0)
2 = P(0)

3 = 1/3. For each
individual, one operator is sampled according to the categorical distribution defined by
P(t), and only the selected operator generates the trial solution. Consequently, the three
operators do not need to be executed simultaneously for every individual.

Second, the internal search intensity of the operators changes with the optimization
progress. For the current-to-pbest/1 operator, the size of the elite set decreases from
approximately 0.20N to 0.05N, gradually increasing the selection pressure. Its scaling factor
F(t) is sampled from the success-history memory and restricted to [0.05,1]. For the adaptive
elite-guided operator, the Gaussian perturbation amplitude σ\sigma decreases nonlinearly,
whereas the best-guidance coefficient β\beta increases from 0 to 0.2. Thus, exploration is
emphasized at the beginning, while local refinement is gradually strengthened.

Third, the allocation of computational resources among the operators is adjusted accord-
ing to their observed success. A trial is counted as successful only when it improves its parent
under greedy selection. At the end of each iteration, the success ratios are combined with
the previous probability vector through Equation (11). A lower probability bound ε is then

imposed, followed by normalization:
∼
P
(t+1)

s = max
(︂

P(t+1)
s , ε

)︂
, P(t+1)

s =
∼
P
(t+1)

s

∑3
k=1

∼
P
(t+1)

k

.

If no strategy produces a successful update in an iteration, i.e., ∑3
k=1 succk = 0, the

previous probability vector is retained to avoid division by zero. This feedback process
assigns higher probabilities to strategies that have recently generated effective solutions
while preserving a nonzero chance of selecting temporarily unsuccessful strategies.

As shown in Figure 2, this mechanism evaluates strategy effectiveness through real-
time success rate statistics and dynamically adjusts the probability distribution of strategy
selection accordingly.

By incorporating the current-to-pbest/1 mutation strategy, Adaptive Elite-Guided
Search, and a success-rate-based adaptive strategy selection mechanism, AMS-GRO im-
proves the convergence stability, search efficiency, and adaptability of the original Gold
Rush Optimizer when solving complex optimization problems.
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Figure 2. Illustrates the workflow of the success-rate–based adaptive strategy selection mechanism.

A detailed pseudocode for AMS-GRO can be found in Algorithm 1.

2.3. Computational Complexity Analysis

Let N, D, and T denote the population size, problem dimension, and maximum
number of iterations, respectively, and let C f denote the computational cost of one objective-

function evaluation. Population initialization requires O(ND) operations and O
(︂

NC f

)︂
for

the initial fitness evaluations.
During each iteration, sorting the population according to fitness requires O(NlogN).

The current-to-pbestpbest/1 mutation, original GRO search, adaptive elite-guided search,
boundary handling, and greedy selection all operate on D-dimensional vectors for N indi-
viduals, resulting in O(ND) computational cost. Updating the success counters, adaptive
parameter memory, and three-element strategy-probability vector requires O(N) opera-
tions and does not change the dominant order. The N candidate solutions generated in
each iteration require O

(︂
NC f

)︂
for fitness evaluation. Therefore, the total time complexity

of AMS-GRO is O
(︂

ND + NC f + T
(︂

NlogN + ND + NC f

)︂)︂
.
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Algorithm 1: the pseudo-code of the AMS-GRO

1 : Initialize population X(0)
i ∈ [lb, ub], i = 1, . . . , N; evaluate fitness f (X(0)

i ).

2 : Set Xbest ← arg min
i

f (X(0)
i ) ; initialize archive A.

3 : Initialize adaptive memories and strategy probabilities P = [P1, P2, P3].
4 : while t < T do
5 : Sort population according to fitness values; update Xbest.
6 : Compute elite sizes p (for pbest) and E (for AEG)
7 : Reset strategy success counters succs = 0, s = 1, 2, 3.
8 : for each individual X(t)

i do
9 : Sample adaptive control parameters F(t).
10 : Select a strategy s ∈ {1, 2, 3} according to probability vector P.
11 : if s = 1 do
12 : Update X(t+1)

i according to current-to-pbest/1 mutation.
13 : else if s = 2 do
14 : Update X(t+1)

i according to Original GRO search.
15 : else if s = 3 do
16 : Update X(t+1)

i Adaptive Elite-Guided Search.
17: end if
18 : Apply boundary handling to X(t+1)

i and f
(︂

X(t+1)
i

)︂
19 : if f

(︂
X(t+1)

i

)︂
< f (Xi) do

20 : Update Xi = X(t+1)
i

21: end if
22: end for
23 : Store replaced parent in archive A.
24 : Increment success counter succs ← succs + 1 .
25 : Update global best solution Xbest.
26 : Update adaptive control memories MF.
27 : Update strategy probabilities P.
28 : t = t + 1
29: end while
30 : return the best solution Xbest.

When the objective-function evaluation dominates the computational cost, the com-
plexity can be simplified to O

(︂
TNC f

)︂
. When only the internal optimization operations are

considered, the complexity is O(T(ND + NlogN)). The original GRO has an internal com-
plexity of approximately O(TND). Thus, AMS-GRO introduces an additional population-
sorting term but preserves the same dominant population–dimension iteration structure.

Regarding space complexity, storing the current population and its fitness values
requires O(ND + N). The historical archive contains at most N D-dimensional solutions
and therefore requires O(ND) additional space. The adaptive memories, success counters,
and strategy probabilities require only O(N) or constant space. Consequently, the overall
space complexity of AMS-GRO is O(ND).

3. Performance Assessment
3.1. Reference Algorithms and Experimental Setup

To systematically evaluate the optimization performance of the proposed AMS-GRO,
this section conducts empirical experiments on the challenging CEC2017 [26] and CEC2022
benchmark suites. The performance of our approach is rigorously benchmarked against a
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diverse array of competing algorithms, comprising both established variants of classical
metaheuristics—including Velocity Pausing Particle Swarm Optimization (VPPSO) [27], Im-
proved multi-strategy adaptive Grey Wolf Optimization (IAGWO) [28], and the Enhanced
Whale Optimization Algorithm (EWOA) [29]—as well as a set of recently developed algo-
rithms from the past two years, namely Wave Optics Optimization (WOO) [30], Secretary
Bird Optimization Algorithm (SBOA) [15], and Kangaroo Escape Optimization (KEO) [31].
In addition, multiple algorithms derived from the Gold Rush Optimizer framework are
considered, including the original Gold Rush Optimizer (GRO) [32], Augmented Gold Rush
Optimizer (AGRO) [33], and the Quantum-enhanced Gold Rush Optimizer (QHGRO) [34].
The detailed parameter configurations for each compared algorithm are compiled in Table 1
in a systematic manner.

Table 1. Parameter specifications of the algorithms used for comparison.

Algorithms Parameter Name Numerical Setting

VPPSO c1, c2, w, α, N1, N2 2, 2, 0.8, [1, 0], 0.15, 0.15
IAGWO vrand(t), a, ω, θ [−20, 20], [0, 2], [0.3, 0.9], 0.5
EWOA P, κ, r, l, α 0.2, 1.5× N, [0, 1], [−1, 1], Linear reduction f rom 2 to 1
WOO λ, d, I0 5 × 10−4, 10−2, 1
SBOA CF, K, R1, R2 [0, 1], {1, 2}, [0, 1], [0, 1]
KEO Energy threshold, β 0.5, 0.5
GRO m [0, 1]
AGRO m [0, 1]
QHGRO m [0, 1]
AMS-GRO βbase, c, h, p, exist, αinitial , α f inal , ϵ, δ, γ 0.15, 0.15, 0.35, 0.5, 5, 0.9, 0.2, 10−6, 0.9, 0.1

To ensure a robust comparison, all algorithms were tested using a common computa-
tional protocol. Each run employed a population of 30 individuals and terminated after
500 iterations. For every algorithm-function combination, 30 independent runs were con-
ducted to account for random fluctuations. The final objective values were summarized
using their mean (Ave) and standard deviation (Std). Lower values represent better perfor-
mance, while bold entries identify the best-performing method.

All experiments were performed on a workstation running Ubuntu 22.04, equipped
with a 12th-generation Intel® Core™ i7-12700 processor operating at 2.1 GHz and 32 GB of
RAM. All algorithms were implemented and evaluated using MATLAB R2024a.

3.2. Experimental Evaluation on CEC2017 Benchmark Problems

To rigorously examine the optimization efficacy of the proposed Adaptive Multi-
Strategy Gold Rush Optimizer (AMS-GRO) across varying problem landscapes—with
particular emphasis on its enhancements in global search breadth, local refinement preci-
sion, and convergence robustness—a series of numerical trials is undertaken in this section
using the 30-dimensional CEC2017 benchmark suite. Through systematic side-by-side
comparisons against both classical and cutting-edge optimization techniques, the compre-
hensive solution quality of AMS-GRO is critically appraised. The detailed findings from
these experiments are subsequently reported in Table 2, Figures 3 and 4.
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Table 2. Performance comparison of algorithms on the CEC2017 benchmark suite with 30 dimensions.

Function Metric VPPSO IAGWO EWOA WOO SBOA KEO GRO AGRO QHGRO AMS-GRO

F1 Ave 6.2964 × 106 1.6212 × 106 3.0503 × 109 4.8053 × 108 1.6568 × 105 1.2316 × 105 1.0852 × 109 1.2164 × 107 1.6766 × 104 1.4426 × 103

Std 1.5589 × 107 5.3544 × 105 3.5668 × 109 1.2688 × 108 2.6623 × 105 8.3268 × 104 1.0186 × 109 2.2254 × 107 1.1390 × 104 2.3107 × 103

F2 Ave 2.1237 × 1024 2.2144 × 1035 2.3868 × 1037 2.6086 × 1027 1.3620 × 1019 2.4453 × 1021 7.0437 × 1028 3.1099 × 1021 5.3671 × 1017 1.7622 × 1012

Std 6.1240 × 1024 1.1438 × 1036 9.7287 × 1037 1.4001 × 1028 7.2140 × 1019 8.3374 × 1021 2.4416 × 1029 1.5726 × 1022 1.4868 × 1018 6.5381 × 1012

F3 Ave 4.8465 × 104 6.2166 × 104 1.8009 × 105 4.0569 × 104 3.3559 × 104 4.5134 × 104 5.6172 × 104 4.9714 × 104 3.6995 × 104 7.1305 × 104

Std 9.2484 × 103 1.8125 × 104 3.3716 × 104 9.7521 × 103 1.0025 × 104 1.9359 × 104 1.2253 × 104 8.5648 × 103 9.7452 × 103 5.2217 × 104

F4 Ave 5.3390 × 102 6.2951 × 102 8.6863 × 102 5.9236 × 102 5.2323 × 102 5.2583 × 102 6.4163 × 102 5.3146 × 102 4.9156 × 102 4.7926 × 102

Std 2.9826 × 101 1.5846 × 102 3.3997 × 102 2.7620 × 101 3.0333 × 101 3.4624 × 101 7.5343 × 101 3.3022 × 101 2.5044 × 101 3.2515 × 101

F5 Ave 6.6161 × 102 6.5016 × 102 6.9658 × 102 6.4091 × 102 5.9588 × 102 6.3975 × 102 6.3128 × 102 6.0615 × 102 6.2587 × 102 5.6799 × 102

Std 3.4335 × 101 2.6723 × 101 5.4641 × 101 1.6883 × 101 2.2499 × 101 3.8922 × 101 2.1591 × 101 3.7263 × 101 3.1610 × 101 1.2125 × 101

F6 Ave 6.4025 × 102 6.1960 × 102 6.4652 × 102 6.1117 × 102 6.0525 × 102 6.2850 × 102 6.1753 × 102 6.1299 × 102 6.1862 × 102 6.0004 × 102

Std 8.6758 × 1000 8.6699 × 1000 1.2796 × 101 1.8313 × 1000 3.9154 × 1000 9.8670 × 1000 5.2352 × 1000 7.5618 × 1000 8.0272 × 1000 8.2906 × 10−2

F7 Ave 9.3569 × 102 9.1908 × 102 1.0116 × 103 9.3373 × 102 8.7499 × 102 9.7146 × 102 9.1288 × 102 8.9565 × 102 9.7045 × 102 8.1344 × 102

Std 6.3068 × 101 4.1929 × 101 7.2753 × 101 2.2951 × 101 5.1937 × 101 7.3151 × 101 4.2734 × 101 4.3440 × 101 6.1658 × 101 1.2814 × 101

F8 Ave 9.2017 × 102 9.0700 × 102 9.9947 × 102 9.2751 × 102 8.7886 × 102 9.1258 × 102 9.1349 × 102 9.0403 × 102 9.1813 × 102 8.6669 × 102

Std 3.3429 × 101 1.9143 × 101 5.7058 × 101 1.2540 × 101 2.0155 × 101 2.8348 × 101 1.9668 × 101 2.6769 × 101 2.8561 × 101 1.1014 × 101

F9 Ave 3.1559 × 103 4.2649 × 103 7.1080 × 103 1.8506 × 103 2.0170 × 103 3.1620 × 103 2.0589 × 103 1.7123 × 103 3.2605 × 103 9.4260 × 102

Std 7.3454 × 102 1.1116 × 103 3.2828 × 103 3.5544 × 102 5.9939 × 102 1.0510 × 103 5.3762 × 102 4.4674 × 102 8.8752 × 102 8.4988 × 101

F10 Ave 5.0515 × 103 4.7734 × 103 6.7620 × 103 5.9962 × 103 4.5712 × 103 5.2125 × 103 5.1899 × 103 6.2458 × 103 4.7536 × 103 4.6703 × 103

Std 7.2902 × 102 6.3159 × 102 8.2460 × 102 3.3893 × 102 6.6709 × 102 8.4120 × 102 5.3427 × 102 6.5898 × 102 7.0305 × 102 4.3896 × 102

F11 Ave 1.4537 × 103 1.7485 × 103 2.1000 × 103 1.3462 × 103 1.2307 × 103 1.2981 × 103 1.4449 × 103 1.2723 × 103 1.1884 × 103 1.1954 × 103

Std 1.4780 × 102 6.1144 × 102 1.0332 × 103 3.5656 × 101 4.5006 × 101 7.1348 × 101 1.3139 × 102 4.7302 × 101 3.5907 × 101 4.7408 × 101

F12 Ave 1.8261 × 107 5.8972 × 107 1.0159 × 108 2.6217 × 107 1.7388 × 106 3.0188 × 106 8.4009 × 106 1.5338 × 106 1.4644 × 106 5.5476 × 104

Std 1.4050 × 107 1.6935 × 108 3.5264 × 108 9.9690 × 106 1.3308 × 106 2.5581 × 106 6.7113 × 106 1.0724 × 106 1.2123 × 106 6.0957 × 104

F13 Ave 9.7992 × 104 5.9268 × 104 2.7381 × 106 6.2142 × 105 2.2011 × 104 3.6513 × 104 3.6154 × 104 7.3827 × 103 1.8536 × 104 7.5979 × 103

Std 4.3756 × 104 2.2447 × 105 1.2883 × 107 2.5431 × 105 2.1516 × 104 2.9017 × 104 2.2232 × 104 6.2601 × 103 1.5827 × 104 7.8421 × 103

F14 Ave 1.0682 × 105 5.7712 × 105 4.1384 × 105 2.2396 × 103 4.5806 × 104 2.4000 × 104 3.4615 × 104 4.7089 × 104 1.1374 × 105 1.5003 × 104

Std 1.1520 × 105 4.7538 × 105 5.0769 × 105 3.9346 × 102 3.3296 × 104 2.6687 × 104 3.3991 × 104 9.0472 × 104 9.3163 × 104 4.8212 × 104

F15 Ave 5.2857 × 104 7.5468 × 103 4.0932 × 104 4.5011 × 104 1.1252 × 104 1.5271 × 104 9.6790 × 103 5.2281 × 103 7.2054 × 103 1.7014 × 103

Std 5.3597 × 104 7.0386 × 103 3.1864 × 104 1.4810 × 104 1.0279 × 104 1.5941 × 104 4.9713 × 103 4.2137 × 103 6.0887 × 103 8.5896 × 101

F16 Ave 2.8813 × 103 3.0875 × 103 3.1434 × 103 2.7640 × 103 2.3885 × 103 2.8034 × 103 2.5381 × 103 2.6750 × 103 2.7863 × 103 2.3456 × 103

Std 2.9386 × 102 4.1983 × 102 3.5819 × 102 1.7007 × 102 3.0618 × 102 3.2397 × 102 2.7894 × 102 2.5246 × 102 3.0499 × 102 1.8693 × 102

F17 Ave 2.2003 × 103 2.3685 × 103 2.6164 × 103 2.1972 × 103 1.9724 × 103 2.3341 × 103 1.9544 × 103 1.9906 × 103 2.2734 × 103 1.8861 × 103

Std 1.9785 × 102 2.4505 × 102 3.1597 × 102 1.5838 × 102 1.4024 × 102 2.0597 × 102 1.4385 × 102 1.4368 × 102 2.1292 × 102 1.0371 × 102

F18 Ave 1.0927 × 106 1.2135 × 106 3.4865 × 106 5.6433 × 104 9.1890 × 105 4.3835 × 105 4.8501 × 105 4.7864 × 105 1.3755 × 106 1.3251 × 105

Std 1.5236 × 106 1.7454 × 106 3.8657 × 106 2.3909 × 104 1.0642 × 106 7.1989 × 105 4.0407 × 105 5.0829 × 105 1.5005 × 106 2.0310 × 105
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Table 2. Cont.

Function Metric VPPSO IAGWO EWOA WOO SBOA KEO GRO AGRO QHGRO AMS-GRO

F19 Ave 1.9646 × 106 7.3551 × 103 2.4536 × 106 7.5658 × 104 8.4167 × 103 8.7646 × 103 9.0015 × 103 5.9874 × 103 1.2516 × 104 1.9898 × 103

Std 1.1901 × 106 6.3149 × 103 4.7922 × 106 3.9977 × 104 9.5527 × 103 8.6002 × 103 8.9667 × 103 4.9538 × 103 1.1148 × 104 5.9407 × 101

F20 Ave 2.5123 × 103 2.5870 × 103 2.6274 × 103 2.4462 × 103 2.3148 × 103 2.6919 × 103 2.3248 × 103 2.4179 × 103 2.5602 × 103 2.3385 × 103

Std 1.6024 × 102 1.9997 × 102 1.6422 × 102 1.1605 × 102 1.6773 × 102 2.2799 × 102 8.2938 × 101 1.2782 × 102 2.1282 × 102 9.3248 × 101

F21 Ave 2.4334 × 103 2.4516 × 103 2.4880 × 103 2.4507 × 103 2.3790 × 103 2.4246 × 103 2.4093 × 103 2.3885 × 103 2.4257 × 103 2.3653 × 103

Std 2.9188 × 101 3.3660 × 101 4.2624 × 101 1.5387 × 101 2.3168 × 101 2.9043 × 101 1.7197 × 101 2.3873 × 101 3.3079 × 101 1.1386 × 101

F22 Ave 2.9501 × 103 3.7021 × 103 6.3832 × 103 4.6926 × 103 2.5611 × 103 5.2944 × 103 2.8975 × 103 2.3263 × 103 4.5348 × 103 2.4219 × 103

Std 1.5097 × 103 2.0142 × 103 2.3187 × 103 2.4269 × 103 9.9376 × 102 2.2040 × 103 1.2291 × 103 1.9440 × 101 2.2250 × 103 5.6252 × 102

F23 Ave 2.8206 × 103 3.1313 × 103 2.8965 × 103 2.8737 × 103 2.7408 × 103 2.7891 × 103 2.7868 × 103 2.7573 × 103 2.7852 × 103 2.7148 × 103

Std 4.7994 × 101 1.6813 × 102 5.0078 × 101 2.5738 × 101 2.9538 × 101 3.7130 × 101 3.2159 × 101 3.5844 × 101 4.9082 × 101 1.2974 × 101

F24 Ave 2.9575 × 103 3.3241 × 103 3.0335 × 103 3.0330 × 103 2.9069 × 103 2.9351 × 103 2.9517 × 103 2.9219 × 103 2.9494 × 103 2.8746 × 103

Std 4.3587 × 101 1.3268 × 102 5.3053 × 101 2.7495 × 101 2.9085 × 101 4.0986 × 101 3.0659 × 101 2.8242 × 101 4.1460 × 101 1.1928 × 101

F25 Ave 2.9508 × 103 2.9604 × 103 3.0194 × 103 2.9660 × 103 2.9147 × 103 2.9210 × 103 3.0025 × 103 2.9352 × 103 2.8960 × 103 2.8875 × 103

Std 2.6361 × 101 4.0458 × 101 1.2026 × 102 1.9999 × 101 2.3483 × 101 2.5594 × 101 4.2206 × 101 2.0838 × 101 1.6815 × 101 1.7881 × 1000

F26 Ave 4.8285 × 103 4.5963 × 103 6.4181 × 103 5.7103 × 103 3.9424 × 103 5.5336 × 103 4.7862 × 103 4.5416 × 103 4.9322 × 103 4.1166 × 103

Std 1.1944 × 103 1.8247 × 103 7.5852 × 102 4.0703 × 102 9.2541 × 102 7.8209 × 102 6.9984 × 102 9.7524 × 102 9.7260 × 102 4.6190 × 102

F27 Ave 3.3036 × 103 3.2733 × 103 3.2960 × 103 3.2521 × 103 3.2309 × 103 3.2527 × 103 3.2834 × 103 3.2607 × 103 3.2573 × 103 3.2143 × 103

Std 4.0321 × 101 2.0849 × 102 4.8053 × 101 7.9317 × 1000 1.2598 × 101 2.2889 × 101 2.3015 × 101 1.8066 × 101 2.5261 × 101 8.0565 × 1000

F28 Ave 3.3283 × 103 3.3870 × 103 3.4786 × 103 3.4047 × 103 3.2662 × 103 3.2933 × 103 3.4005 × 103 3.3208 × 103 3.2332 × 103 3.1981 × 103

Std 4.1365 × 101 9.3716 × 101 2.2870 × 102 4.3789 × 101 3.0825 × 101 3.9055 × 101 6.4235 × 101 3.8763 × 101 2.2740 × 101 3.7151 × 101

F29 Ave 4.2752 × 103 3.9377 × 103 4.3850 × 103 3.9206 × 103 3.6761 × 103 4.2870 × 103 3.8749 × 103 3.8509 × 103 3.9518 × 103 3.6649 × 103

Std 2.9075 × 102 2.3473 × 102 3.5525 × 102 1.5871 × 102 1.4648 × 102 2.6762 × 102 1.3461 × 102 1.7900 × 102 2.2239 × 102 1.0662 × 102

F30 Ave 7.4091 × 106 5.9215 × 104 1.4316 × 106 5.1299 × 105 2.1572 × 104 1.0274 × 105 2.3936 × 105 1.4971 × 104 1.0869 × 104 7.6777 × 103

Std 4.7133 × 106 2.9073 × 105 4.6806 × 106 2.0230 × 105 1.2474 × 104 1.1396 × 105 2.6461 × 105 5.4429 × 103 3.2860 × 103 1.8302 × 103
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Figure 3. Convergence curves obtained on the CEC2017 benchmark functions.

The optimization outcomes of AMS-GRO relative to its competing counterparts are
systematically summarized in Table 2, which reports the average fitness values (Ave)
along with their corresponding standard deviations (Std) for both unimodal (F1–F5) and
multimodal (F6–F10) test functions drawn from the 30-dimensional CEC2017 benchmark
collection. For unimodal functions, AMS-GRO demonstrates outstanding global optimiza-
tion accuracy and stability. Specifically, for F1, a representative Sphere function, AMS-GRO
achieves an Ave of only 1.4426 × 103, which is far lower than that of the original GRO
(1.0852 × 109), QHGRO (1.6766 × 104), and even AGRO within the same framework
(1.2164 × 107), corresponding to a reduction of 99.99%. The Std is controlled at
2.3107 × 103, indicating that AMS-GRO can accurately locate the global optimum region in
smooth unimodal landscapes. For F2, a high-dimensional unimodal function, the Ave of
AMS-GRO (1.7622× 1012) is more than 20 orders of magnitude lower than those of IAGWO
(2.2144 × 1035) and EWOA (2.3868 × 1037); even compared with the relatively competitive
QHGRO (5.3671 × 1017), AMS-GRO improves the optimization accuracy by 5 orders of
magnitude. Although the Ave of AMS-GRO on F3 (7.1305 × 104) is slightly higher than
those of SBOA (3.3559 × 104) and QHGRO (3.6995 × 104), an examination of the Std
(5.2217 × 104) suggests that the fluctuation mainly arises from the intrinsic local character-
istics of the function, while AMS-GRO still maintains a relatively stable search behavior.
For F4, AMS-GRO achieves the lowest Ave among all algorithms (4.7926 × 102), which is
2.5% lower than the second-best QHGRO (4.9156 × 102); the Std of 3.2515 × 101 is only
slightly higher than that of QHGRO, reflecting precise local refinement capability. On F5,
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the Ave of AMS-GRO (5.6799 × 102) is reduced by 4.7% and 6.3% compared with SBOA
(5.9588 × 102) and AGRO (6.0615 × 102), respectively, while the Std (1.2125 × 101) is only
45.4% of that of IAGWO (2.6723 × 101), further confirming its advantage in achieving both
high accuracy and stability on unimodal functions.

  

  

  

  

 

Figure 4. Boxplots of the optimization results obtained by different algorithms on the CEC2017
benchmark functions.
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For multimodal functions, AMS-GRO exhibits excellent capability in escaping local optima
by balancing population diversity and local exploitation. On F6, the Ave of 6.0004× 102 is close
to the theoretical optimum, and the Std is only 8.2906 × 10−2, representing the strongest
stability among all algorithms and a reduction of 97.9% compared with the Std of SBOA
(3.9154 × 1000). For F7, the Ave of AMS-GRO (8.1344 × 102) is 7.0% lower than that of the
best-performing SBOA (8.7499 × 102), while the Std of 1.2814 × 101 is only 30.6% of that
of IAGWO (4.1929 × 101), indicating its effectiveness in avoiding premature convergence
in multimodal landscapes. On F8, AMS-GRO achieves an Ave of 8.6669 × 102, which is
1.4% lower than that of SBOA (8.7886 × 102), and a Std of 1.1014 × 101, which is much
smaller than those of VPPSO (3.3429 × 101) and EWOA (5.7058 × 101), implying more
concentrated search results. For F9, a complex multimodal function, the Ave of AMS-GRO
(9.4260 × 102) is reduced by 45.0% compared with the second-best AGRO (1.7123 × 103),
and the Std of 8.4988 × 101 is only 7.7% of that of IAGWO (1.1116 × 103), demonstrating
strong local exploitation and global coordination capability. Although the Ave of AMS-
GRO on F10 (4.6703 × 103) is slightly higher than that of SBOA (4.5712 × 103), its Std
(4.3896 × 102) is lower than those of SBOA (6.6709 × 102) and IAGWO (6.3159 × 102),
indicating reduced sensitivity to randomness and a more robust search process.

Figure 3 presents the mean convergence trajectories of the compared algorithms on ten
representative 30-dimensional CEC2017 functions. On F1, AMS-GRO exhibits a sustained
decline during the first approximately 260 iterations rather than becoming stable within the
first 100 iterations. After entering a relatively low-fitness region, the algorithm continues
to produce a further improvement near the end of the search and obtains the lowest
final fitness value among the compared methods. On F5, the AMS-GRO curve decreases
continuously throughout most of the optimization process and reaches approximately
5.7 × 102 at the final iteration, which is consistent with the mean value reported in Table 2.

On F10, AMS-GRO does not dominate throughout the entire process. Its convergence
is relatively gradual in the middle stage, but the curve continues to decline after several
competing methods have entered plateaus. Its final value is competitive with those of
SBOA, IAGWO, and QHGRO, consistent with the result in Table 2 that AMS-GRO ranks
second in terms of the mean objective value on this function. On F12, AMS-GRO maintains
a steady decline over the complete search process and ultimately reaches a markedly lower
fitness region than the competing algorithms. For F15 and F19, the proposed method shows
rapid improvement during the early and middle stages and reaches lower final fitness
levels, indicating effective refinement on these hybrid and composition landscapes.

For F23 and F28, the differences between the algorithms are smaller than those ob-
served on F1, F12, and F19. Nevertheless, AMS-GRO generally maintains a lower trajectory
in the later stage and obtains the lowest final mean values. On F25, most algorithms
converge rapidly during the early stage, while AMS-GRO reaches a competitive region
earlier and retains a small final advantage. On F30, AMS-GRO continues to improve
after approximately 200 iterations and obtains one of the lowest final convergence levels.
Overall, the curves indicate that the advantage of AMS-GRO is not based on uniformly
faster convergence at every iteration; instead, it arises from its ability to preserve continued
improvement on several functions after competing algorithms begin to stagnate.

The boxplots in Figure 4 provide complementary performance validation from a
statistical distribution perspective. For unimodal functions F1, F4, and F5, AMS-GRO
exhibits significantly lower box heights than other algorithms, with medians close to the
optimal values and no outliers. In the boxplot of F1, the distribution of AMS-GRO is
concentrated within the range of 1.0 × 103–3.5 × 103, whereas the boxes of VPPSO and
EWOA span more than 1.0 × 107 with numerous outliers. For F5, the box of AMS-GRO is
almost entirely concentrated within 550–580, with a median of approximately 568, which is
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far lower than the medians of other algorithms (all above 600). On multimodal functions
F6, F7, and F9, AMS-GRO also shows “narrow and low” box characteristics. For F6, the
box height is close to zero, and the median nearly coincides with the theoretical optimum.
For F9, the box is concentrated within 900–1000, while the boxes of IAGWO and EWOA
span more than 2000 with frequent outliers. These statistical characteristics indicate that
AMS-GRO achieves much higher consistency across multiple independent runs than the
comparison algorithms, is less affected by random initialization and function properties,
and exhibits superior robustness.

Taken together, the numerical results in Table 2, convergence profiles in Figure 3,
and statistical distributions in Figure 4 demonstrate the overall competitiveness of AMS-
GRO. The current-to-pbest/1 mutation strategy, adaptive elite-guided search, and success-
rate-based strategy selection jointly promote fast and accurate convergence on unimodal
functions. For multimodal problems, these components help preserve an effective balance
between global exploration and local exploitation. Consequently, AMS-GRO achieves
higher optimization accuracy, faster convergence, and greater stability than the original
GRO and the other competing methods. These complementary findings provide consistent
evidence for the effectiveness of the three proposed enhancement strategies.

3.3. Experimental Evaluation on CEC2022 Benchmark Problems

To further scrutinize the generalization capability of AMS-GRO across varying dimen-
sionalities and distinct benchmark collections, additional experiments are carried out in this
section on the 10-dimensional and 20-dimensional test instances from the CEC2022 suite. By
conducting side-by-side performance assessments against a range of reference techniques
on both unimodal and multimodal problem types, the broad applicability and practical
efficacy of the proposed enhancements are thoroughly examined. Tables 3 and 4 and
Figures 5 and 6 provide a comprehensive summary of the experimental results.

The Ave and Std values obtained on the 10- and 20-dimensional CEC2022 tests are
reported in Tables 3 and 4, respectively. Overall, AMS-GRO remained highly compet-
itive across different dimensional settings and problem structures. Its performance in
the 10-dimensional experiments was particularly strong on F3 and F5. For F3, AMS-
GRO achieved an Ave of 6.0000 × 102, equal to the theoretical optimum, with a Std of
2.0244 × 10−5. Among the compared methods, AMS-GRO was the only algorithm
that reached the reported optimum on this function. On F5, it obtained an Ave of
9.0000 × 102 with zero standard deviation. This result outperformed the second-ranked
SBOA (9.0086 × 102) and showed complete consistency across the independent runs. AMS-
GRO also performed strongly on the more complex benchmark functions. On the hybrid
function F6, its Ave of 1.8030 × 103 was 15.7% lower than that of AGRO (2.1393 × 103).
Its Std of 3.1394 × 1000 was also lower than those of the competing methods, indicating
high run-to-run stability. For the composition function F11, AMS-GRO obtained an Ave of
2.6151 × 103. This value was approximately 1.1% lower than those achieved by QHGRO
(2.6434 × 103) and AGRO (2.6451 × 103). Moreover, its Std of 4.5966 × 101 corresponded to
only 27.9% of the value produced by VPPSO (1.6453 × 102). These results demonstrate that
AMS-GRO maintains favorable optimization accuracy and stability across functions with
different landscape characteristics.
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Table 3. Performance comparison of algorithms on the CEC2022 benchmark suite with 10 dimensions.

Function Metric VPPSO IAGWO EWOA WOO SBOA KEO GRO AGRO QHGRO AMS-GRO

F1 Ave 3.2586 × 102 3.5629 × 102 3.7952 × 103 3.0000 × 102 3.0220 × 102 3.0020 × 102 5.3799 × 102 3.2358 × 102 3.0010 × 102 3.0619 × 102

Std 4.7880 × 101 8.3806 × 101 2.4970 × 103 1.4122 × 10−5 8.5526 × 1000 6.6513 × 10−1 2.7042 × 102 4.0759 × 101 2.4046 × 10−1 2.4008 × 101

F2 Ave 4.0930 × 102 4.3911 × 102 4.1562 × 102 4.0727 × 102 4.0519 × 102 4.0768 × 102 4.0191 × 102 4.0399 × 102 4.0855 × 102 4.0184 × 102

Std 1.5538 × 101 3.6772 × 101 2.2311 × 101 1.3396 × 101 3.4900 × 1000 1.1769 × 101 3.5590 × 1000 1.2883 × 101 1.7966 × 101 2.9291 × 1000

F3 Ave 6.0635 × 102 6.0034 × 102 6.0632 × 102 6.0093 × 102 6.0001 × 102 6.0388 × 102 6.0036 × 102 6.0006 × 102 6.0162 × 102 6.0000 × 102

Std 3.7158 × 1000 2.9822 × 10−1 6.5851 × 1000 1.4564 × 1000 4.7305 × 10−2 4.5581 × 1000 2.8850 × 10−1 1.3022 × 10−1 3.4215 × 1000 2.0244 × 10−5

F4 Ave 8.1867 × 102 8.2266 × 102 8.2777 × 102 8.2073 × 102 8.1118 × 102 8.1897 × 102 8.1057 × 102 8.1352 × 102 8.2364 × 102 8.0588 × 102

Std 5.1645 × 1000 7.7686 × 1000 1.0920 × 101 7.5098 × 1000 4.1698 × 1000 8.6385 × 1000 3.3848 × 1000 5.4567 × 1000 8.1564 × 1000 2.2176 × 1000

F5 Ave 9.1001 × 102 9.2413 × 102 9.7030 × 102 9.4441 × 102 9.0086 × 102 9.3739 × 102 9.0530 × 102 9.0190 × 102 1.0123 × 103 9.0000 × 102

Std 1.1272 × 101 5.0527 × 101 7.0714 × 101 4.9750 × 101 2.8993 × 1000 5.0562 × 101 1.8454 × 101 3.0940 × 1000 1.4243 × 102 0.0000 × 1000

F6 Ave 4.0253 × 103 2.7418 × 103 5.3209 × 103 2.1478 × 103 3.7399 × 103 2.6709 × 103 2.7477 × 103 2.1393 × 103 3.3770 × 103 1.8030 × 103

Std 1.9713 × 103 8.5678 × 102 2.0156 × 103 1.1240 × 103 1.5965 × 103 1.1440 × 103 1.1151 × 103 2.9488 × 102 1.4320 × 103 3.1394 × 1000

F7 Ave 2.0324 × 103 2.0152 × 103 2.0296 × 103 2.0259 × 103 2.0155 × 103 2.0328 × 103 2.0161 × 103 2.0160 × 103 2.0265 × 103 2.0020 × 103

Std 1.1197 × 101 8.8038 × 1000 1.3300 × 101 9.3583 × 1000 8.7767 × 1000 1.5932 × 101 1.0713 × 101 8.8077 × 1000 8.7520 × 1000 2.0394 × 1000

F8 Ave 2.2252 × 103 2.2214 × 103 2.2245 × 103 2.2217 × 103 2.2193 × 103 2.2273 × 103 2.2188 × 103 2.2168 × 103 2.2213 × 103 2.2140 × 103

Std 3.0281 × 1000 6.8343 × 10−1 3.6582 × 1000 2.3983 × 101 6.6805 × 1000 2.1983 × 101 5.9944 × 1000 7.8909 × 1000 1.1214 × 1000 7.1558 × 1000

F9 Ave 2.5462 × 103 2.5259 × 103 2.5328 × 103 2.5342 × 103 2.5293 × 103 2.5293 × 103 2.5299 × 103 2.5300 × 103 2.5293 × 103 2.5293 × 103

Std 4.0595 × 101 3.0428 × 101 7.5623 × 1000 2.6826 × 101 2.5333 × 10−13 9.4830 × 10−7 2.0030 × 1000 3.8172 × 1000 1.4484 × 10−3 0.0000 × 1000

F10 Ave 2.5316 × 103 2.5772 × 103 2.5010 × 103 2.5615 × 103 2.5665 × 103 2.5656 × 103 2.5479 × 103 2.5082 × 103 2.5705 × 103 2.5144 × 103

Std 5.2130 × 101 6.3469 × 101 2.7662 × 10−1 6.3056 × 101 5.4923 × 101 7.6071 × 101 5.5307 × 101 2.9590 × 101 5.7955 × 101 3.6433 × 101

F11 Ave 2.6929 × 103 2.7253 × 103 2.7125 × 103 2.7330 × 103 2.7339 × 103 2.7602 × 103 2.7146 × 103 2.6451 × 103 2.6434 × 103 2.6151 × 103

Std 1.6453 × 102 1.4495 × 102 1.0042 × 102 1.5445 × 102 1.7025 × 102 1.5390 × 102 1.3505 × 102 8.9511 × 101 9.8973 × 101 4.5966 × 101

F12 Ave 2.8637 × 103 2.8873 × 103 2.8660 × 103 2.8643 × 103 2.8635 × 103 2.8654 × 103 2.8666 × 103 2.8671 × 103 2.8676 × 103 2.8645 × 103

Std 1.5892 × 1000 2.4895 × 101 2.1754 × 1000 2.8584 × 1000 1.6343 × 1000 2.0636 × 1000 3.0265 × 1000 1.9072 × 1000 3.6055 × 1000 7.8487 × 10−1
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Table 4. Performance comparison of algorithms on the CEC2022 benchmark suite with 20 dimensions.

Function Metric VPPSO IAGWO EWOA WOO SBOA KEO GRO AGRO QHGRO AMS-GRO

F1 Ave 6.4672 × 103 1.2603 × 104 3.9462 × 104 9.1493 × 103 3.7975 × 103 4.8222 × 103 1.1243 × 104 9.3237 × 103 3.8651 × 103 1.0652 × 104

Std 2.7122 × 103 5.4340 × 103 1.0345 × 104 4.5929 × 103 2.3084 × 103 3.5017 × 103 2.5651 × 103 4.0240 × 103 1.5672 × 103 1.1982 × 104

F2 Ave 4.7509 × 102 4.9794 × 102 4.9728 × 102 4.6122 × 102 4.6762 × 102 4.6620 × 102 4.9052 × 102 4.6806 × 102 4.5435 × 102 4.4932 × 102

Std 2.5885 × 101 3.7163 × 101 5.4335 × 101 6.1484 × 1000 2.5649 × 101 3.0458 × 101 2.2714 × 101 1.8074 × 101 1.1619 × 101 1.1026 × 101

F3 Ave 6.2708 × 102 6.0938 × 102 6.2775 × 102 6.0547 × 102 6.0110 × 102 6.1653 × 102 6.0842 × 102 6.0222 × 102 6.0725 × 102 6.0000 × 102

Std 1.2855 × 101 5.3113 × 1000 1.1252 × 101 1.8754 × 1000 1.4856 × 1000 1.1696 × 101 3.3107 × 1000 1.2596 × 1000 6.7304 × 1000 9.9155 × 10−3

F4 Ave 8.5864 × 102 8.6991 × 102 9.0288 × 102 8.6614 × 102 8.4122 × 102 8.6506 × 102 8.4527 × 102 8.4454 × 102 8.6308 × 102 8.3145 × 102

Std 1.3052 × 101 1.8490 × 101 2.8714 × 101 1.0272 × 101 1.2835 × 101 2.2443 × 101 1.0357 × 101 1.2033 × 101 2.2119 × 101 7.9430 × 1000

F5 Ave 1.4109 × 103 1.9831 × 103 2.4507 × 103 1.1158 × 103 1.0459 × 103 1.3534 × 103 1.0776 × 103 9.6570 × 102 1.6176 × 103 9.0357 × 102

Std 3.0671 × 102 4.7881 × 102 7.8991 × 102 1.4776 × 102 1.9321 × 102 2.5408 × 102 1.3903 × 102 3.8953 × 101 3.6689 × 102 1.0520 × 101

F6 Ave 4.7214 × 103 4.9004 × 103 1.1360 × 106 4.5716 × 105 7.2751 × 103 8.6888 × 103 1.0844 × 104 4.1641 × 103 4.2938 × 103 2.2478 × 103

Std 4.4122 × 103 2.6794 × 103 5.3473 × 106 2.1022 × 105 7.2110 × 103 7.3636 × 103 1.4829 × 104 3.1276 × 103 3.0540 × 103 1.2805 × 103

F7 Ave 2.1027 × 103 2.0791 × 103 2.1230 × 103 2.0676 × 103 2.0521 × 103 2.0969 × 103 2.0638 × 103 2.0646 × 103 2.0855 × 103 2.0462 × 103

Std 3.3625 × 101 5.2072 × 101 3.6315 × 101 1.0042 × 101 2.8473 × 101 3.8349 × 101 1.6181 × 101 1.7270 × 101 4.2811 × 101 1.0739 × 101

F8 Ave 2.2569 × 103 2.2490 × 103 2.2957 × 103 2.2338 × 103 2.2277 × 103 2.2657 × 103 2.2280 × 103 2.2295 × 103 2.2339 × 103 2.2240 × 103

Std 4.8038 × 101 4.8691 × 101 6.8397 × 101 4.2005 × 1000 4.0729 × 1000 5.5097 × 101 2.3106 × 1000 3.0469 × 1000 3.0318 × 101 9.3091 × 10−1

F9 Ave 2.5103 × 103 2.5111 × 103 2.5212 × 103 2.4820 × 103 2.4808 × 103 2.4809 × 103 2.4858 × 103 2.4818 × 103 2.4812 × 103 2.4808 × 103

Std 2.7887 × 101 4.6629 × 101 3.8660 × 101 4.5086 × 10−1 5.1573 × 10−2 3.2653 × 10−1 3.2488 × 1000 9.9167 × 10−1 3.5931 × 10−1 7.5184 × 10−9

F10 Ave 3.3728 × 103 2.7342 × 103 2.5922 × 103 2.7895 × 103 2.6230 × 103 3.8866 × 103 2.7564 × 103 2.5667 × 103 2.9173 × 103 2.5118 × 103

Std 1.1177 × 103 2.3584 × 102 3.1060 × 102 2.9486 × 102 2.2250 × 102 8.8214 × 102 5.1205 × 102 1.9284 × 102 3.8954 × 102 6.1610 × 101

F11 Ave 2.9215 × 103 2.9892 × 103 3.8574 × 103 3.3558 × 103 2.9410 × 103 2.9089 × 103 3.1788 × 103 2.9257 × 103 2.9101 × 103 2.9167 × 103

Std 8.6341 × 101 3.4347 × 102 5.6116 × 102 7.6111 × 101 3.1583 × 102 1.4431 × 102 1.1823 × 102 1.0661 × 102 7.1189 × 101 3.7905 × 101

F12 Ave 2.9917 × 103 2.9462 × 103 2.9970 × 103 2.9554 × 103 2.9512 × 103 2.9877 × 103 2.9834 × 103 2.9791 × 103 2.9656 × 103 2.9457 × 103

Std 4.7141 × 101 1.0419 × 102 3.4169 × 101 3.7016 × 1000 1.1959 × 101 5.7006 × 101 1.7349 × 101 1.7495 × 101 1.6619 × 101 9.8049 × 1000
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When extended to the higher-dimensional 20-dimensional scenario, the advantages
of AMS-GRO become even more pronounced. For the unimodal function F3, the Ave re-
mains at the theoretical optimum of 6.0000 × 102, with a negligible Std of 9.9155 × 10−3.
For F5, the Ave of AMS-GRO (9.0357 × 102) is reduced by 6.4% compared with AGRO
(9.6570× 102), and the Std of 1.0520× 101 is only 2.2% of that of IAGWO (4.7881× 102), high-
lighting its remarkable stability in high-dimensional spaces. For multimodal functions, AMS-
GRO continues to outperform the comparison algorithms. On F6, the Ave of 2.2478× 103 is
reduced by 47.7% compared with QHGRO (4.2938 × 103) and by 45.9% compared with
AGRO (4.1641× 103), indicating that AMS-GRO can accurately locate the global optimum
even under complex high-dimensional multimodal conditions. On F10, AMS-GRO achieves an
Ave of 2.5118 × 103, which is 2.1% lower than that of the second-best AGRO (2.5667 × 103),
while the Std of 6.1610 × 101 is the lowest among all algorithms, reflecting strong resistance
to random disturbances.

  

  

Figure 5. Cont.
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Figure 5. Convergence curves obtained on the CEC2022 benchmark functions.
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Figure 6. Boxplot comparison of methods evaluated on the CEC2022 benchmark problems.

The evolutionary trajectories depicted in Figure 5 offer a visual depiction of the search
behavior exhibited by AMS-GRO when tackling the CEC2022 test problems across varying
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dimensional settings. In the 10-dimensional case, the convergence curves of F4 and F7 show
that AMS-GRO rapidly descends to low-fitness regions in the early stage (within the first
50 iterations). For F4, the convergence stabilizes at around 805 after 200 iterations, whereas
VPPSO, IAGWO, and other algorithms fluctuate above 810 throughout the search. For
F9, the convergence curve of AMS-GRO exhibits no oscillations during the entire process
and converges to a final value far lower than those of other algorithms, confirming its
strong capability to escape local optima in multimodal landscapes. In the 20-dimensional
high-dimensional scenario, the advantages of AMS-GRO become more evident on F5 and
F6. For F5, the convergence curve drops to around 900 after 300 iterations, while IAGWO,
EWOA, and other algorithms remain above 1000 with severe fluctuations. For F6, the
convergence curve of AMS-GRO consistently stays at the lowest level and stabilizes at
approximately 2.2× 103 after 400 iterations, which is nearly half of those achieved by AGRO
and QHGRO, fully demonstrating that AMS-GRO maintains an efficient convergence rate
even in high-dimensional spaces.

The boxplots in Figure 6 further verify the superior performance of AMS-GRO from a
statistical distribution perspective. In the 10-dimensional case, the boxplots of F2, F4, and
F6 show that AMS-GRO has the narrowest box heights, medians closest to the optimal
values, and no outliers. For F6, the box of AMS-GRO is concentrated within the range of
1.8 × 103–1.81 × 103, whereas the boxes of VPPSO and EWOA span more than 3000 with
frequent outliers. For F9, the box of AMS-GRO is almost coincident with the theoretical
optimum, exhibiting stability far superior to that of other algorithms. In the 20-dimensional
case, similar trends are observed in the boxplots of F3, F8, and F10. The box heights of
AMS-GRO are significantly lower than those of the comparison algorithms. For F3, the box
is concentrated around 600 with no scattered points, while the boxes of other algorithms
span more than 10. For F10, the median of AMS-GRO is approximately 2510, which is far
lower than those of VPPSO (3370) and IAGWO (2730), and it also exhibits the smallest
interquartile range, indicating extremely high consistency across multiple runs.

Taken together, the numerical results in Tables 3 and 4, convergence profiles in Figure 5,
and statistical distributions in Figure 6 demonstrate the consistent performance of AMS-
GRO. Across both 10- and 20-dimensional settings, AMS-GRO achieved favorable solution
accuracy, convergence speed, and run-to-run stability over the different CEC2022 function
categories. This performance appears to reflect the complementary roles of the three
enhancement mechanisms. The current-to-pbest/1 mutation maintains a balance between
convergence pressure and population diversity, particularly as dimensionality increases.
Adaptive elite-guided search strengthens local refinement, whereas success-rate-based
strategy selection adjusts the search process according to the observed effectiveness of
each strategy. Collectively, these findings support the robustness and generalizability
of AMS-GRO across the tested CEC2022 problems and indicate its potential for broader
optimization applications.

3.4. Performance Ranking of Algorithms Based on the Friedman Test

To provide a holistic quantitative assessment of the overall solution capability exhib-
ited by AMS-GRO across diverse benchmark collections and dimensional configurations,
the Friedman average rank test—a nonparametric statistical tool—is employed in this
section. By calculating the mean rank (M.R.) and total rank (T.R.) for each participating
algorithm, a comprehensive ranking of all competing methods is established, where lower
values for both metrics signify more favorable overall performance [35]. The statistical
summaries compiled in Table 5 unequivocally indicate that AMS-GRO achieves the top
rank across every experimental scenario, thereby attesting to its robust generalization
properties and well-rounded competitive edge.
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Table 5. Comparison of Groups Based on Friedman Test Mean Ranks.

Suites CEC2017 CEC2022

Dimensions 30 10 20

Algorithms M.R T.R M.R T.R M.R T.R

VPPSO 7.03 9 7.25 9 7.00 9
IAGWO 6.40 7 6.42 6 6.58 8
EWOA 9.37 10 8.42 10 9.25 10
WOO 6.97 8 4.33 4 6.33 6
SBOA 3.03 2 4.17 2 3.25 2
KEO 5.83 5 6.42 6 6.00 5
GRO 5.97 6 5.92 5 6.33 6

AGRO 4.03 3 4.25 3 4.67 4
QHGRO 5.00 4 6.50 8 4.33 3

AMS-GRO 1.37 1 1.33 1 1.25 1

For the 30-dimensional CEC2017 benchmark suite, AMS-GRO achieved the lowest
mean rank (M.R. = 1.37) and ranked first overall (T.R. = 1). The next-best methods were
SBOA (M.R. = 3.03, T.R. = 2) and AGRO (M.R. = 4.03, T.R. = 3). AMS-GRO also outper-
formed the GRO variants, including the original GRO (M.R. = 5.97, T.R. = 6) and QHGRO
(M.R. = 5.00, T.R. = 4). Relative to these two variants, AMS-GRO reduced the mean rank
by 77.0% and 72.6%, respectively. These outcomes provide compelling evidence that its
overall optimization proficiency on high-dimensional complex test problems substantially
surpasses that of all competing approaches. Turning to the CEC2022 benchmark collection,
AMS-GRO similarly preserves unequivocal superiority across both reduced and elevated
dimensional settings. For the 10-dimensional case, it records a mean rank of 1.33 and a total
rank of 1, corresponding to mean-rank decreases of 67.9% relative to SBOA (M.R. = 4.17,
T.R. = 2) and 68.7% relative to AGRO (M.R. = 4.25, T.R. = 3), which occupy the second
and third positions, respectively. In the 20-dimensional high-dimensional configuration,
the mean rank of AMS-GRO drops further to 1.25, while its total rank remains fixed at
1. Relative to QHGRO (M.R. = 4.33, T.R. = 3), which ranks third in this scenario, the
mean-rank reduction reaches 71.1%. Notably, despite the heightened complexity inherent
in higher-dimensional optimization, the solution quality delivered by AMS-GRO stays
consistently robust, and the margin of superiority over other contenders becomes even
more pronounced.

It is worth noting that EWOA ranks last in all scenarios (CEC2017 30-dimensional
T.R. = 10, CEC2022 10-dimensional T.R. = 10, CEC2022 20-dimensional T.R. = 10), with mean
ranks exceeding 8.4 in all cases, indicating an extremely large performance gap compared
with AMS-GRO. Classical algorithms such as VPPSO and IAGWO generally exhibit mean
ranks above 6.0, and their overall performance is far inferior to that of AMS-GRO. Moreover,
although AGRO and QHGRO, which are also based on the GRO framework, show certain
improvements over the original GRO, their mean ranks remain above 4.0. The consistent
performance gap in favor of AMS-GRO suggests that its three enhancement mechanisms
jointly improve the overall optimization capability. Specifically, current-to-pbest/1 mu-
tation, adaptive elite-guided search, and success-rate-based adaptive strategy selection
appear to provide complementary benefits rather than isolated improvements.

The stability of AMS-GRO can be attributed to the joint action of four mechanisms
rather than to a single operator. First, the differential component of current-to-pbest/1 pre-
serves directional diversity and reduces excessive dependence on the global-best solution.
Second, the Gaussian perturbation in the elite-guided strategy decreases progressively,
preventing large late-stage oscillations. Third, the success-rate feedback smooths the strat-
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egy probabilities and retains a nonzero probability for every strategy, thereby avoiding
abrupt strategy collapse. Fourth, greedy selection prevents a worse trial solution from
replacing its parent. These mechanisms are reflected in several standard-deviation results.
For example, on the 30-dimensional CEC2017 F5 and F6 functions, AMS-GRO obtained
standard deviations of 1.2125× 101 and (8.2906× 10−2, respectively, which were the lowest
among the compared methods. Nevertheless, stability is function-dependent; AMS-GRO
does not obtain the smallest standard deviation on every benchmark function.

The outcomes derived from the Friedman test furnish statistical confirmation of the
marked superiority exhibited by AMS-GRO. Its persistently top-tier performance, ob-
served consistently across varying dimensional scales and diverse categories of benchmark
problems, constitutes compelling testimony to both its robustness and its generalization
capacity. Such statistically grounded evidence lends credible support to the deployment of
AMS-GRO in real-world engineering optimization contexts—for instance, the tuning of
hyperparameters within short-term power load forecasting frameworks.

3.5. Scalability Analysis Across Different Dimensions

The scalability of AMS-GRO was evaluated from both dimensional and computational
perspectives. The benchmark experiments cover the 10- and 20-dimensional CEC2022 suites
and the 30-dimensional CEC2017 suite. Under the same population size of 30, maximum
iteration number of 500, and 30 independent runs, AMS-GRO obtained Friedman mean
ranks of 1.33, 1.25, and 1.37 in the CEC2022 10-dimensional, CEC2022 20-dimensional, and
CEC2017 30-dimensional settings, respectively. It ranked first in all three settings.

The comparison between the 10- and 20-dimensional CEC2022 results is particularly
relevant because the same benchmark functions are evaluated at two dimensional scales.
Although increasing the dimension enlarges the search space and generally increases the
difficulty of locating high-quality solutions, AMS-GRO retained the first overall rank, and
its mean rank changed only from 1.33 to 1.25. The 30-dimensional CEC2017 experiment pro-
vides an additional, more diverse benchmark setting, in which AMS-GRO again achieved
the first overall rank with a mean rank of 1.37. These results indicate that the relative
performance of AMS-GRO remains stable within the tested range of 10–30 dimensions.

This conclusion should nevertheless be interpreted within the tested dimensional
range. The present experiments do not establish scalability for very high-dimensional
problems, such as those involving hundreds or thousands of decision variables. Moreover,
as shown by the complexity analysis, the internal computational cost increases approxi-
mately linearly with DD, apart from the O(NlogN) sorting operation. Future work will
therefore evaluate dimensionality-reduction and cooperative-decomposition mechanisms
for large-scale optimization.

4. Short-Term Power Load Forecasting via AMS-GRO-Optimized
Dilated BiGRU

This chapter presents an enhanced short-term electricity load forecasting framework
that integrates the AMS-GRO with the Dilated Bidirectional Gated Recurrent Unit (Dilated
BiGRU). The proposed framework aims to overcome the limitations of conventional Dilated
BiGRU models, which heavily rely on manually selected hyperparameters and are therefore
prone to suboptimal convergence and limited generalization performance under highly
volatile load conditions.

By embedding AMS-GRO into the forecasting pipeline, key hyperparameters of
the Dilated BiGRU are globally optimized in an adaptive manner. This tight coupling
between intelligent optimization and deep temporal modeling enables the proposed
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AMS-GRO-Dilated BiGRU model to achieve higher prediction accuracy, faster conver-
gence, and improved robustness.

4.1. Fundamentals of the Dilated BiGRU Model

The Dilated BiGRU is an advanced recurrent neural network architecture that com-
bines bidirectional GRU units with a dilation mechanism to efficiently capture long-term
temporal dependencies. Its effectiveness in modeling complex load sequences stems from
three core design components: bidirectional temporal encoding, dilated state transitions,
and multi-scale feature extraction.

4.1.1. Bidirectional GRU Structure

In a standard GRU network, temporal information flows only in the forward direction,
which may lead to incomplete representation of sequence dynamics. The Bidirectional
GRU (BiGRU) addresses this limitation by processing the input sequence in both forward
and backward directions [36].

At time step t, the hidden representation is formed by concatenating the forward

hidden state
→
ht and the backward hidden state

←
ht, expressed as:

ht =

[︃→
ht,
←
ht

]︃
(12)

where ht represents the final hidden representation obtained at time step t. This structure
allows the model to simultaneously exploit historical and future contextual information,
thereby improving temporal representation accuracy.

4.1.2. Dilated Temporal Connection Mechanism

Although BiGRU enhances contextual modeling, its receptive field still expands lin-
early with sequence length. To address this limitation, the Dilated BiGRU introduces a dila-
tion factor d, enabling the network to establish skip connections across distant time steps.

The dilated temporal convolution operation applied to the input sequence at time step
t can be expressed as:

y(t) =
K
∑

k=1
wk · x(t− dk) (13)

where x(t) denotes the input sequence at time step t, y(t) is the corresponding dilated
output, wk denotes the weight associated with the k-th kernel element, K is the kernel
size. By increasing d, the effective receptive field grows exponentially without increasing
network depth, allowing efficient modeling of long-range dependencies.

4.1.3. Multi-Scale Temporal Feature Modeling

Electricity load series exhibit hierarchical temporal patterns, including short-term
fluctuations, daily cycles, and longer seasonal trends. The Dilated BiGRU captures these
patterns by stacking multiple layers with progressively increasing dilation factors.

Lower layers focus on local variations with small dilation values, while higher layers
capture broader temporal structures using larger dilation intervals. This hierarchical design
enables the model to learn multi-scale temporal features in a unified framework.

As illustrated in Figure 7, the forecasting process begins with the normalization and
sliding-window reconstruction of historical load and meteorological variables. The dilated
temporal blocks enlarge the receptive field without requiring a proportional increase
in network depth. The resulting features are subsequently processed by forward and
backward GRU branches and concatenated to incorporate contextual information from
both temporal directions. The attention module then emphasizes the more informative
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time steps, and the weighted representation is mapped to the final load forecast through a
fully connected regression layer.

Figure 7. Flowchart of the Dilated BiGRU-Attention forecasting model.

4.2. Construction of the AMS-GRO-Dilated BiGRU Model
4.2.1. Hyperparameter Optimization Problem Formulation

The predictive performance of the Dilated BiGRU model depends strongly on several
hyperparameters, including the hidden-layer size, batch size, and learning rate. These
parameters interact in a nonlinear manner, making manual tuning inefficient and unreliable.

In this study, hyperparameter optimization is formulated as a global minimiza-
tion problem, where the objective is to reduce prediction error on a validation dataset.
AMS-GRO is employed to explore the hyperparameter space efficiently. The search ranges
are summarized in Table 6.

Table 6. Search ranges of hyperparameters optimized by AMS-GRO.

Hyperparameter Symbol Search Ranges Description

Learning rate η [0.0001, 0.01] Initial learning rate of the Adam optimizer
Number of GRU hidden units Nh [10, 50] Number of hidden units in each GRU layer
Attention key dimension dk [2, 50] Key dimension of the self-attention mechanism
L2 regularization coefficient λ

[︁
1× 10−4, 1× 10−3]︁ Weight decay factor to prevent overfitting

From an optimization perspective, the investigated task is a bounded, continuous–
discrete, derivative-free hyperparameter optimization problem. Each candidate solution
is represented by a four-dimensional vector θ = [η, Nh, dk, λ], where η is the continuous
learning rate, Nh is the integer number of GRU hidden units, dk is the integer attention key
dimension, and λ is the continuous L2 regularization coefficient. Integer-valued variables
are rounded to their nearest feasible integers before model training. Because every fitness
evaluation requires training and validating a deep temporal model, the objective function
is computationally expensive, nonlinear, nonconvex, and unavailable in explicit analytical
form. Gradient information with respect to the four hyperparameters is therefore not
directly available, motivating the use of a population-based derivative-free optimizer.

4.2.2. Integration of AMS-GRO with Dilated BiGRU

The proposed AMS-GRO-Dilated BiGRU framework consists of two cooperative
components:

(1) Global Hyperparameter Optimization Module: AMS-GRO employs the current-to-
pbest/1 mutation strategy, adaptive elite-guided search strategy, and success-rate-
based adaptive strategy selection mechanism to search for optimal hyperparameter
combinations in a high-dimensional space.

(2) Load Forecasting Module: The optimized hyperparameters obtained by AMS-GRO
are applied to train the Dilated BiGRU model, which performs short-term electricity
load forecasting.
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The fitness function guiding the optimization process is defined using the Mean
Absolute Error (MAE):

Fitness = 1
N

N
∑

i=1

⃓⃓⃓⃓
yi − ŷi

⃓⃓⃓⃓
(14)

where yi and ŷi denote the actual and predicted load values, respectively, and N is the
number of validation samples.

4.2.3. Optimization and Training Procedure

The optimization procedure follows these steps:

(1) Random initialization of hyperparameter candidates using AMS-GRO.
(2) Training the Dilated BiGRU model with each candidate configuration.
(3) Evaluating prediction performance using the fitness function.
(4) Updating candidate solutions through AMS-GRO iteration.
(5) Outputting the optimal hyperparameter set after reaching the maximum iteration count.

To prevent overfitting during optimization, early stopping based on validation loss is
applied. A fixed data split and controlled random seeds are used to ensure reproducibility.

4.3. Short-Term Load Forecasting Using the AMS-GRO–Dilated BiGRU Framework
4.3.1. Data Sources and Preprocessing Procedures

The empirical investigation draws upon a publicly released electricity consumption
record, which is accessible through the Kaggle data repository https://www.kaggle.com/
code/virtual888/electricity-load-forecasting (accessed on 10 December 2025). The dataset
originates from continuous power system monitoring records and spans the period from
3 January 2015 to 27 June 2020, covering a total of 2001 consecutive days with an hourly
temporal resolution. Owing to its long observation horizon and uninterrupted time series
structure, the dataset provides a reliable and representative basis for short-term electricity
load forecasting research.

In its original form, the dataset consists of 48,048 hourly observations, each containing
17 variables. These variables include 12 meteorological features, one target variable repre-
senting national electricity demand, and several auxiliary variables related to temporal and
regional information. The dataset exhibits strong temporal continuity and timeliness, which
are essential for modeling complex load dynamics influenced by both weather conditions
and human activity patterns.

To investigate the impact of meteorological factors on electricity demand, this study
focuses on a regional subset corresponding to the toc area, covering the period from
1 May 2019, to 1 June 2020. This time span encompasses multiple seasonal cycles and
includes periods of pronounced load variability, such as summer peak demand, thereby
ensuring sufficient diversity of load patterns for robust model evaluation.

Four meteorological indicators are chosen as the input feature set, namely, 2-m air
temperature (T2M_toc), 2-m specific humidity (QV2M_toc), total cloud cover (TQL_toc),
and 2-m wind speed (W2M_toc). These variables are closely tied to building cooling
and heating requirements, occupant thermal comfort levels, and household electricity
usage patterns, and therefore constitute critical determinants of short-term load vari-
ability. The predictive objective is set as the national electricity demand (nat_demand),
which exhibits pronounced volatility and nonlinearity over the sampling period, as re-
flected in the following descriptive statistics: mean = 1182.87, standard deviation = 192.07,
minimum = 85.19, and maximum = 1754.88.
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4.3.2. Performance Evaluation Criteria

To provide a holistic appraisal of the predictive capability of the proposed framework,
four commonly employed evaluation indicators are adopted from the literature [37]:

Mean Absolute Error (MAE):

MAE = 1
N

N
∑

i=1

⃓⃓⃓⃓
yi − ŷi

⃓⃓⃓⃓
(15)

Mean Squared Error (MSE):

MSE = 1
N

N
∑

i=1

(︁
yi − ŷi)

2 (16)

Mean Absolute Percentage Error (MAPE):

MAPE =
1
N

N
∑

i=1

⃓⃓⃓⃓
yi − ŷi

yi

⃓⃓⃓⃓
(17)

Coefficient of Determination (R2):

R2 = 1− ∑N
i=1 (yi−ŷi)

2

∑N
i=1 (yi−y)2 (18)

where y denotes the mean of the true load values.

4.3.3. Benchmark Models and Parameter Configuration

To comprehensively evaluate the effectiveness of the proposed AMS-GRO-optimized
Dilated BiGRU with attention mechanism, several widely used forecasting models were
selected as benchmarks, including KELM, Random Forest (RF), LSTM, RNN, and the
baseline Dilated BiGRU. All comparative models were implemented using the same training
and testing datasets to ensure a fair comparison.

For the Kernel Extreme Learning Machine (KELM), a sigmoid kernel function was
employed, and the regularization coefficient was set to 20. This configuration was chosen
to balance nonlinear fitting capability and computational efficiency.

The Random Forest (RF) model was constructed with 200 decision trees, allowing
sufficient ensemble diversity to capture nonlinear relationships between multivariate inputs
and load demand while avoiding excessive overfitting.

The Long Short-Term Memory (LSTM) architecture was configured with a single
hidden layer comprising 35 memory cells. Training proceeded over 1200 epochs under the
Adam optimization scheme, with the learning rate initialized at 5 × 10−3. This particu-
lar parameter assignment allows the LSTM to adequately capture long-range sequential
regularities while preserving a stable training process.

For the Recurrent Neural Network (RNN), a simpler structure was adopted, com-
prising 10 hidden neurons and a maximum of 300 training epochs. This model
serves as a baseline recurrent architecture for evaluating the advantages of gated and
bidirectional structures.

The baseline Dilated BiGRU–Attention architecture comprises three principal modules:
a Temporal Convolutional Network (TCN), a bidirectional gated recurrent unit network,
and a self-attention mechanism. The TCN component employs two residual blocks with a
filter size of 5, 64 convolutional filters, and exponentially increasing dilation factors. The
BiGRU module uses 35 hidden units in each direction, followed by a self-attention layer
with 2 attention heads and a key dimension of 50. The network is trained using the Adam
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optimizer for 100 epochs, with an initial learning rate of 0.01 and an L2 regularization
coefficient of 1 × 10−4.

For the AMS-GRO-optimized Dilated BiGRU-Attention model, key hyperpara-
meters—including learning rate, number of GRU hidden units, attention key dimension,
and L2 regularization coefficient—were automatically tuned using the AMS-GRO algo-
rithm. The search ranges were defined as [0.0001, 0.01] for the learning rate, [10, 50] for the
number of GRU units, [2, 50] for the attention key dimension, and [1 × 10−4, 1 × 10−3]
for the regularization coefficient. The optimal parameter combination obtained through
evolutionary optimization was then used to retrain the final forecasting model.

4.4. Experimental Findings and Interpretive Analysis

To validate the practical effectiveness of the AMS-GRO-Dilated BiGRU model in
short-term power load forecasting, this section comprehensively analyzes its predictive
performance and advantages by jointly considering the prediction error distribution,
training convergence characteristics, prediction curve fitting accuracy, and multi-metric
quantitative comparisons.

The error distribution over the training set is visualized in Figure 8. The residuals
are predominantly confined to the interval between −50 and 50, with the overall spread
exhibiting a reasonably even pattern and no discernible systematic skew. This observation
suggests that the model has adequately captured the underlying regularities embedded in
the load data throughout the training phase, without manifesting any persistent overes-
timation or underestimation tendencies. A very small proportion of error points exceed
±100, which may be associated with extreme weather conditions or sudden electricity con-
sumption events. However, these outliers do not significantly affect the overall prediction
trend, suggesting that the model demonstrates strong fitting capability for typical load
scenarios while maintaining a certain level of robustness against disturbances.

Figure 8. Distribution of Prediction Residuals on the Training Set.

Figure 9 compares the training and validation loss curves of the Dilated BiGRU model
before and after optimization. For the unoptimized Dilated BiGRU, the training loss
decreases slowly, and the validation loss exhibits pronounced oscillations and even an
upward trend after 400 epochs, indicating a risk of overfitting. In contrast, the training
loss of AMS-GRO-Dilated BiGRU rapidly drops below 0.2 within 200 epochs and then
converges stably. Meanwhile, the validation loss remains consistent with the training
loss throughout the training process, showing no noticeable fluctuations and eventually
stabilizing at approximately 0.1. This clear difference indicates that the hyperparameter
configuration optimized by AMS-GRO (e.g., learning rate and number of hidden units)
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effectively balances the model’s fitting ability and generalization performance, thereby
avoiding both overfitting and underfitting and significantly improving training stability
and convergence efficiency.

Figure 9. Training and Validation Loss Curves of Dilated BiGRU Prior to and After Hyperparameter
Optimization.

Figure 10 compares the chronological actual and predicted load curves obtained us-
ing the different forecasting models. Unlike an aggregate error metric, the chronological
curve retains the temporal position of each observation and therefore allows the forecast-
ing behavior around load peaks, valleys, and abrupt transitions to be examined directly.
The actual load series exhibits repeated fluctuations and several evident turning points,
demonstrating the nonlinear and time-varying nature of short-term electricity demand.

Figure 10. Forecasting Performance Comparison Across Different Models.

Among the compared methods, the forecasting curve produced by AMS-GRO–Dilated
BiGRU generally follows the overall variation pattern of the actual load more closely. The
proposed model reproduces most of the rising and falling trends and maintains relatively
small deviations over the investigated period. The benchmark models can capture the
general load tendency, but comparatively larger deviations or delayed responses can be
observed around some rapidly changing intervals. These observations are consistent
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with the quantitative results in Figure 10, where AMS-GRO–Dilated BiGRU obtains the
lowest MAE, MAPE, and MSE and the highest R2R2. Among the compared methods, the
forecasting curve produced by AMS-GRO–Dilated BiGRU generally follows the overall
variation pattern of the actual load more closely. The proposed model reproduces most of
the rising and falling trends and maintains relatively small deviations over the investigated
period. The benchmark models can capture the general load tendency, but comparatively
larger deviations or delayed responses can be observed around some rapidly changing
intervals. These observations are consistent with the quantitative results in Figure 11, where
AMS-GRO–Dilated BiGRU obtains the lowest MAE, MAPE, and MSE and the highest R2.

Figure 11. Visualization of prediction result metrics.

A load-duration curve is commonly constructed by arranging the load observations
in descending order and is useful for describing the proportion of time during which
a particular load level is equaled or exceeded. However, this rearrangement removes
the chronological correspondence between the actual and predicted observations. Con-
sequently, it cannot determine whether a peak or valley is predicted at the correct time.
Because the present study focuses on short-term forecasting performance, the chronological
load curves shown in Figure 10 are used as the primary graphical evidence. They preserve
both the magnitude and occurrence time of the load variations and are therefore more
directly related to the forecasting objective.

From an energy-management perspective, accurate short-term load forecasts can
provide useful advance information for peak shaving and valley filling. When a high-
load interval is predicted, energy-storage discharge, controllable generation, or demand-
response resources can be scheduled in advance to reduce pressure on the power system.
During a predicted low-load interval, storage charging and transferable loads can be
arranged to increase valley-period utilization. Accurate identification of the transition
between these operating conditions can also reduce unnecessary switching and improve
scheduling reliability.

Nevertheless, the present study develops a load forecasting model rather than an
energy-dispatch optimization model. Therefore, the above peak-shaving and valley-filling
benefits should be regarded as potential operational applications of the forecasting re-
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sults. Direct quantification of peak reduction, valley filling, operating cost, and storage
degradation would require additional information concerning storage capacity, charging
and discharging efficiency, electricity prices, demand-response constraints, and dispatch
objectives. These aspects will be investigated in future work.

Figure 11 quantitatively compares the short-term power load forecasting performance of
AMS-GRO-Dilated BiGRU with other models using four core metrics: MAE, MAPE, MSE, and
R2. The performance gaps clearly highlight the advantages of the AMS-GRO-optimized model.

In terms of MAE (Mean Absolute Error), AMS-GRO-Dilated BiGRU achieves the low-
est value among all models, at 21.09. This represents a reduction of 13.0% compared with
the baseline Dilated BiGRU (24.24), 25.8% compared with KELM (28.41), 29.2% compared
with LSTM (29.78), and 32.6% compared with RNN (31.28). Although the reduction relative
to RF (24.53) is slightly smaller (14.0%), AMS-GRO-Dilated BiGRU still demonstrates supe-
rior capability in controlling absolute prediction deviations, yielding the smallest average
gap between predicted and actual load values.

For the MAPE (Mean Absolute Percentage Error) metric, AMS-GRO-Dilated BiGRU
maintains the leading performance with a value of 0.0177. This corresponds to reductions
of 13.7% relative to the baseline Dilated BiGRU (0.0205), 25.9% relative to KELM (0.0239),
29.5% relative to LSTM (0.0251), and 34.4% relative to RNN (0.0270). Even compared with
the relatively strong RF model (0.0208), the MAPE of AMS-GRO-Dilated BiGRU is still
14.9% lower, indicating more stable relative prediction errors.

With respect to MSE (Mean Squared Error), AMS-GRO-Dilated BiGRU achieves a value
of 791.10, which is substantially lower than those of all comparison models. Specifically, it
is reduced by 21.5% compared with the baseline Dilated BiGRU (1008.35), 42.2% compared
with KELM (1369.75), 45.4% compared with LSTM (1448.20), and 82.0% compared with
RNN (4385.70). This reduction indicates that AMS-GRO-Dilated BiGRU can effectively
decrease overall prediction errors and improve forecasting robustness.

In terms of R2 (coefficient of determination), AMS-GRO-Dilated BiGRU attains a value
of 0.9746, indicating a strong goodness of fit for the power load prediction task. Com-
pared with the baseline Dilated BiGRU (0.9676), R2 is improved by 0.70 percentage points;
improvements of 1.86, 2.10, and 11.54 percentage points are observed relative to KELM
(0.9560), LSTM (0.9536), and RNN (0.8592), respectively. Even compared with the relatively
strong RF model (0.9639), the R2 of AMS-GRO-Dilated BiGRU is higher by 1.07 percentage
points, demonstrating its stronger capability in capturing load time-series characteristics.

By comparison, although the baseline Dilated BiGRU possesses basic time-series
modeling capability, it lacks global hyperparameter optimization, resulting in inferior
performance across all metrics relative to AMS-GRO-Dilated BiGRU. Traditional models
such as KELM and LSTM are constrained by their algorithmic structures or optimization
strategies and thus exhibit limitations in error control and goodness of fit. Overall, across
all four evaluation metrics, AMS-GRO-Dilated BiGRU achieves superior performance in
prediction accuracy, stability, and fitting capability, thereby validating the effectiveness of
integrating hyperparameter optimization with the Dilated BiGRU model.

4.5. Comparison with Existing Forecasting Frameworks

Existing short-term load forecasting studies have improved prediction performance
mainly through three technical routes: optimizer-assisted hyperparameter selection, hy-
brid temporal feature extraction, and attention-based feature refinement. For example,
optimizer-assisted LSTM and BiGRU models use population-based algorithms to replace
manual parameter selection, whereas decomposition- and convolution-based models, such
as VMD–TCN–BiGRU, enhance the extraction of temporal patterns at different scales. Other
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hybrid frameworks combine CNN, BiGRU, and attention mechanisms to strengthen feature
representation and emphasize informative variables or temporal states.

The proposed AMS-GRO–Dilated BiGRU framework is related to these studies
but differs in both the optimization and forecasting components. At the optimiza-
tion level, AMS-GRO does not depend on a single fixed search operator. Instead,
current-to-pbest/1 mutation, the original GRO search, and adaptive elite-guided search are
coordinated through success-rate feedback. Strategies that produce successful candidate
solutions receive greater selection probabilities, while the imposed probability lower bound
prevents any strategy from being permanently excluded. This mechanism enables the
optimizer to adjust the allocation of search resources during the optimization process.

At the forecasting level, the proposed model combines dilated temporal feature extrac-
tion, bidirectional recurrent encoding, and multi-head self-attention. The dilated structure
enlarges the temporal receptive field, the bidirectional GRU captures temporal dependen-
cies from two directions, and the attention mechanism emphasizes the more informative
temporal representations. Therefore, the framework integrates hyperparameter optimiza-
tion and multi-scale temporal modeling within a unified forecasting procedure.

A direct numerical comparison with results reported in different publications is not
conducted because the studies employ different datasets, sampling intervals, forecasting
horizons, input features, preprocessing methods, and train–test partitions. Under the
common experimental protocol adopted in this study, AMS-GRO–Dilated BiGRU achieved
an MAE of 21.09, MAPE of 0.0177, MSE of 791.10, and R2 of 0.9746. Compared with the
unoptimized Dilated BiGRU, the proposed framework reduced MAE, MAPE, and MSE by
13.0%, 13.7%, and 21.5%, respectively, and improved R2 by 0.70 percentage points. Because
these results were obtained using the same dataset and evaluation procedure, they provide
direct evidence of the contribution of AMS-GRO-based hyperparameter optimization.

5. Conclusions and Prospects
This paper addresses key challenges in short-term power load forecasting, including

the strong dependence of deep learning models on hyperparameter configurations, low opti-
mization efficiency, and limited generalization capability. To this end, an AMS-GRO–Dilated
BiGRU forecasting framework based on an Adaptive Multi-Strategy Gold Rush Optimizer is
proposed. By introducing a current-to-pbest/1 mutation strategy, an adaptive elite-guided
search strategy, and a success-rate–based adaptive strategy selection mechanism into the
original Gold Rush Optimizer, the proposed AMS-GRO significantly enhances both global
exploration and local exploitation capabilities in complex high-dimensional search spaces.
Extensive benchmark function experiments demonstrate that AMS-GRO consistently out-
performs multiple classical and state-of-the-art swarm intelligence algorithms in terms of
optimization accuracy, convergence speed, and robustness.

In the short-term power load forecasting experiments, AMS-GRO is successfully ap-
plied to the global hyperparameter optimization of the Dilated BiGRU-Attention model.
The experimental results indicate that, compared with traditional machine learning models
and unoptimized deep learning models, the proposed AMS-GRO–Dilated BiGRU frame-
work achieves superior performance across multiple evaluation metrics, including MAE,
MAPE, MSE, and R2. The model is able to more accurately capture the nonlinear character-
istics and multi-scale temporal dependencies of power load series, demonstrating strong
predictive accuracy and robustness under complex and highly volatile load conditions.

Although the proposed approach achieves promising results in short-term power load
forecasting, there remains considerable scope for further research. Future work may be
extended in several directions. First, AMS-GRO can be expanded to multi-objective opti-
mization scenarios to simultaneously balance forecasting accuracy and model complexity.
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Second, additional exogenous variables, such as holiday information and socioeconomic
factors, can be incorporated to further enhance the model’s adaptability to complex load
patterns. Third, the proposed framework can be generalized to medium- and long-term
load forecasting or other energy system prediction tasks, thereby validating its applica-
bility and practical value in a broader range of real-world engineering applications. In
addition, although the forecasting results provide useful information for identifying peak-
and low-load periods, the present study does not incorporate an explicit energy-storage
or demand-response scheduling model. Future work will couple the proposed forecast-
ing framework with dispatch optimization to quantitatively evaluate its effects on peak
reduction, valley filling, and operating cost.
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