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Abstract
In recent years, the effective processing of high-resolution color satellite images obtained through remote sensing technolo-
gies has become a critical requirement in key applications such as environmental monitoring, urban planning, and disaster
management. Color satellite imagery offers rich information, enabling more detailed analysis of land use, vegetation cover,
and other surface characteristics. In this context, multi-level image thresholding techniques are widely employed to enhance
segmentation quality; however, achieving both high accuracy and low computational cost in complex scenes remains a sig-
nificant challenge. To address these challenges, this study proposes the RSA-HGSO algorithm, an adaptive hybrid structure
that combines the Reptile Search Algorithm (RSA) and Henry Gas Solubility Optimization (HGSO). By integrating RSA’s
global exploration capabilities with HGSO’s local exploitation strengths, RSA-HGSO ensures both solution diversity and
fast, stable convergence. Experimental analyses conducted on high-resolution color satellite images from the NASA Visible
Earth dataset demonstrate the algorithm’s efficient performance. With average values of PSNR � 24.59 dB, SSIM � 0.9088,
FSIM� 0.9233, and NCC� 0.9663, RSA–HGSO outperforms comparative methods in terms of both accuracy and structural
integrity. Furthermore, correlation analyses indicate that the original pixel intensity ranking is preserved at a rate of 91%
after segmentation (Pearson � 0.9557, Spearman � 0.9549), and neighborhood relationships are largely maintained (Pearson
� 0.8042, Spearman � 0.8051). Ablation studies further confirm that RSA–HGSO not only integrates the performance of
its component algorithms but also complements exploration and exploitation processes in a synergistic manner, resulting in
more balanced and robust outcomes. The findings suggest that the RSA–HGSO algorithm offers a balanced, scalable, and
computationally efficient solution to the problem of color multi-level satellite image thresholding and presents a practical
method applicable to real-world tasks such as disaster management, agricultural monitoring, and urban planning.

Keywords Hybrid meta-heuristics · Computer vision · Multi-level image thresholding · Remote sensing · Satellite image
segmentation

1 Introduction

In recent years, remote sensing technologies have been
widely employed for the analysis of images acquired from
satellites or aerial platforms to obtain information about the
Earth and the atmosphere [1–3]. Consequently, they play
a critical role in various domains, including environmental
monitoring [4], agricultural yield analysis [5], urbanplanning
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[6], disaster management [7], and the sustainable manage-
ment of natural resources [8] among others [9–11]. Most
of these images are provided in color (RGB) format, com-
bining red, green, and blue bands to deliver a natural color
appearance, thereby offering information interpretable by
the human eye [12]. However, the high information density
in such images makes the accurate separation of different
objects and regions a challenging task [13]. Accurate seg-
mentation is of critical importance for obtaining reliable and
meaningful results in applications such as land cover detec-
tion, urban area analysis, classification of agricultural fields,
and the assessment of the impacts of natural disasters such
as floods, landslides, and wildfires [14–16]. Nevertheless,
single-level thresholding or manual threshold determination
methods often lead to loss of detail,misclassification, and low
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accuracy in complex scenes [17]. In this context, multi-level
image thresholding techniques provide a means of partition-
ing an image into specific brightness ranges, thereby enabling
clearer identification of target regions.

Classical thresholding methods such as Otsu’s between-
class variance maximization and Kapur’s entropy criterion
are widely used because they are conceptually simple and
effective on moderate-complexity images [18]. However,
their computational burden grows rapidly with the number
of thresholds, and their performance can degrade in the pres-
ence of noise, spectral overlap, or multimodal distributions
typical of high-resolution remote sensing data [19]. These
limitations are particularly evident for color imagery, where
inter-channel dependencies and non-Gaussian class statistics
violate assumptions implicit in many analytic formulations
and necessitate joint optimization of per-channel thresholds.
As a result, purely analytical schemes may produce sub-
optimal partitions or require prohibitive search, motivating
data-driven optimization strategies tailored to RGB scenes.

To address these challenges, Meta-Heuristic (MH) opti-
mization algorithms have gained increasing attention in
recent years [20, 21]. MH algorithms offer significant advan-
tages, including the ability to locate solutions close to the
global optimum within a large search space, adaptability
to diverse problem types, flexibility in parameter tuning,
and robustness in avoiding local minima [22, 23]. In the
case of color remote sensing images, these algorithms can
automatically optimize threshold values for each color chan-
nel, thereby improving segmentation quality and enabling
more efficient delineation of object boundaries [24, 25]. As
a result, they substantially enhance computational efficiency
and reduce processing time.Additional benefits includemore
effective modeling of complex color distributions, mitiga-
tion of illumination variations, and improved exploitation
of spectral features. Nevertheless, studies in the literature
applyingMHalgorithms to themulti-level thresholdingprob-
lem of color images remain limited, with most research
focusing primarily on grayscale imagery [26]. This situation
leads to a loss of spectral information through color-space
transformationwhile increasing the risk of premature conver-
gencewithin the high-dimensional search space of high-level
thresholding problems. Due to the unique noise characteris-
tics, complexity, and large data volume of satellite imagery,
these limitations necessitate the development of novel and
well-balanced search strategies. Multi-level segmentation of
satellite imagery extends beyond a theoretical optimization
problem, possessing direct application potential in critical
domains such as disaster management, agricultural yield
estimation, urban growth monitoring, and the sustainable
management of natural resources. For instance, in the case of
sudden natural disasters such as floods and wildfires, rapid
segmentation enables the automatic identification of affected

areas, while in agricultural regions, it facilitates the accu-
rate classification of crop types for productivity analysis.
Similarly, in urban planning processes, the precise classi-
fication of buildings, roads, and green spaces is of significant
importance for decision-support systems. In this context, the
efficient performance demonstrated by the proposed hybrid
algorithm particularly at low and intermediate threshold lev-
els has practical qualities that can be directly transferred to
real-world field applications.

1.1 Motivation and contribution

The primary motivation of this study is to develop a compu-
tationally efficient and highly accurate method for the multi-
level thresholding of color remote sensing images. Although
numerous MH-based optimization approaches have been
reported for grayscale images, similar studies targetingRGB-
format remote sensing imagery are scarce. To bridge this gap,
a novel adaptive hybrid optimization framework is proposed.
In this approach, the Reptile Search Algorithm (RSA) and
the Henry Gas Solubility Optimization (HGSO) algorithm
are integrated into a hybrid structure. The RSA demonstrates
strong exploration ability to effectively scan a wide solution
space, whereas HGSO provides powerful exploitation capa-
bility for achieving high-quality local solutions. By adap-
tively combining these two algorithms, the proposed method
enhances both solution diversity and convergence speed. In
addition, although hybrid models such as PSO–GWO and
GWO–WOA have been proposed in the literature, these
studies generally overlook the multi-channel dependencies
present in color (RGB) satellite imagery. Moreover, exist-
ing hybrid approaches typically execute the exploration and
exploitation phases sequentially, which tends to increase the
risk of premature convergence and computational overhead,
especially when dealing with a high number of thresholds.
In contrast to this conventional sequential framework, the
proposed RSA–HGSO method adaptively distributes explo-
ration and exploitation processes in a dynamic manner.
As a result, the strong global search capability of RSA is
effectively balanced with the high-quality local searchmech-
anism of HGSO, enabling efficient performance in terms of
both accuracy and computational cost—particularly on high-
resolution color satellite images. In this respect, the proposed
approach presents a novel framework that overcomes the lim-
itations of existing hybrid methods.

The main contributions of this study can be summarized
as follows:

• A novel hybrid RSA-HGSO algorithm is designed for the
multi-level thresholding of color remote sensing images.
This framework dynamically integrates the broad search
capability of RSA with the precise convergence strength
of HGSO.
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• By combining the strengths of RSA and HGSO, the
proposed method achieves a balanced execution of explo-
ration and exploitation phases.

• The method is evaluated on high-resolution images
obtained from the NASA Visible Earth platform and com-
pared with existing approaches in terms of both visual
quality and quantitative metrics.

• The experimental results demonstrate that the proposed
algorithm delivers high accuracy, fast convergence, and
lowcomputational cost, confirming its efficiency formulti-
level color image thresholding.

The remainder of this paper is organized as follows: Sect. 2
reviews relatedwork. Section 3details the proposedmethod’s
framework. Section 4 presents experimental results. Sec-
tions 5 and 6 discuss the findings and the strongest side of
the study and its limitations. Finally, Sect. 7 concludes the
paper by summarizing key outcomes and highlighting poten-
tial directions for future research.

2 Related works

In this section, the existing literature on remote sensing
image thresholding techniques is comprehensively reviewed,
and relevant methods are categorized under their respective
subtopics. This provides a clear overview of the current state
of research in the problem domain addressed in this study,
as well as the fundamental characteristics of the techniques
employed.

2.1 Image thresholding techniques in remote
sensing

Among the widely used thresholding approaches, Tsallis
entropy has shown limitations in multi-level segmentation
tasks due to its unextended parameter “q.” To address
this issue, an adaptive Tsallis entropy algorithm has been
proposed by examining the relationship between the “q”
parameter and the long-range correlations of pixels for
multi-thresholding applications [27]. This method has been
applied to infrared, medical CT, and color satellite imagery,
demonstrating superior performance in terms of Peak Signal-
to-Noise Ratio (PSNR) and Structural Similarity Index
Measure (SSIM) when compared with Shannon entropy and
classical Tsallis algorithms. Moreover, for similar scenes,
the “q” parameter can be constrained to a narrow range
while maintaining long-range correlations. In another study,
conventional wavelet transforms were found to be insuffi-
cient for preserving edge details in remote sensing images
due to pseudo-Gibbs effects and blurring. To overcome
this limitation, an optimized contourlet transform combined

with an eight-direction filter bank was employed to decom-
pose images into directional components and better capture
features [28]. Using a semi-soft thresholding function to
process the transformed coefficients, the method achieved
more efficient edge reconstruction. Simulation results indi-
cated improvements in PSNR values and noise suppression
by approximately 0.11% compared to traditional wavelet-
and contourlet-based thresholding methods. The accurate
detection of water bodies from satellite imagery is crucial
for maintaining ecological balance. However, due to the
significant speckle noise present in SAR imagery, conven-
tional filtering-based methods often lose important details.
To address this problem, a self-adaptive thresholdingmethod
was proposed, wherein images were divided into uniform
blocks using orbit-dependent distance layers, followed by
Otsu thresholding and the Jeffries-Matusita distance [29].
While the global Otsu method achieved only 93.8% over-
all accuracy (OA), the optimized method improved OA by
at least 3.2% and the Kappa coefficient by 5.1%. Nev-
ertheless, distinguishing water from non-water pixels in
complex backgrounds remained challenging. To address this,
an automatic surface water detection framework that opti-
mizes Otsu thresholds was introduced [30]. Evaluated on
Landsat-9 imagery, the approach achieved OA above 99%,
a Kappa coefficient in the range of 0.961–0.998, and F1-
scores between 0.977–0.998. Thus, the method effectively
mitigated the shortcomings of Tsallis and SAR-based tech-
niques, automatically selecting the most suitable water index
across different scenes and yielding more robust results for
time-series analysis. However, its accuracy was still lim-
ited in non-water classes or under complex land surface
conditions. In another line of research, the identification
of shallow landslide areas in low-resolution remote sensing
imagery has been hindered by complex illumination condi-
tions and spectral similarities. To mitigate this challenge, the
application of Retinex theory was proposed [31]. By incor-
porating multi-scale features, morphological opening and
closing transformations, and sliding-window computations,
segmentationwas performedusingOtsu thresholding.Exper-
imental results demonstrated a recognition rate exceeding
95% for shallow landslide regions. However, as the method
was optimized specifically for shallow landslide detection,
it could not be generalized to water or other land-cover
classes, and its performance was limited in SAR images
with severe speckle noise or low contrast. To further address
the intra-class dissimilarity and inter-class similarity prob-
lem in remote sensing segmentation, a deep learning-based
semantic segmentation framework was proposed [32]. The
model employed a Multipath Fusion Module (MFM) to
extract features from input images and dynamically merged
features from multiple paths. During fusion, the model
adaptively adjusted the contribution of each path and the
feature threshold according to the input image, thereby
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enhancing segmentation accuracy. In the upsampling stage,
a guided strategy was used to mitigate edge misclassification
caused by bilinear interpolation. Experiments on the Pots-
dam dataset reported mean Intersection over Union (mIoU)
of 83.38%, overall accuracy (OA)of 90.21%, and anF1-score
of 90.86%. Despite these promising results, the proposed
method requires a large amount of labeled training data,
thereby limiting its applicability in scenarios with scarce
annotations.

Traditional semantic segmentation algorithms face lim-
itations in landslide detection due to the diverse shapes
and textures of landslides, the abundance of spectral fea-
tures, and the complexity of the surrounding environment
in remote sensing imagery, often resulting in misclassifica-
tions. To address this, a novel model specifically designed
for accurate landslide segmentation in high-resolution opti-
cal remote sensing imagery, termed LandslideNet, has
been proposed [33]. The proposed method introduces sev-
eral architectural enhancements to the YOLOv8 backbone.
First, a Lightweight Spatial Adaptive Weight Convolution
(LSAWC) module is integrated to improve the model’s local
feature extraction capability, thereby enhancing its ability
to detect small-scale landslides. Second, to adapt to the
complex geometries of landslides, a convolutional block
termed Adaptive-Deformable Convnets (Adaptive-DCN),
based on a CompoundWeight Attention (CWA) mechanism,
is incorporated into the backbone to more effectively extract
landslide-specific features. Third, to improve the extraction
of features from landslides with large aspect ratios, Dynamic
Snake Convolution (DSConv) is added to the backbone.
Finally, a Diverse Branch Block (DBB) is integrated into the
neck of YOLOv8 to enhance feature fusion capability. Quan-
titative experimental results demonstrate that LandslideNet
outperforms widely used semantic segmentation models,
including U-Net, PSPNet, Deeplabv3 + , HRNetv2, Seg-
former, and GELAN-c, achieving F1-score, mIoU, FWIoU,
mPA, and OA values of 72.53%, 78.41%, 99.86%, 83.33%,
and 99.93%, respectively. However, the model exhibits dis-
advantages in terms of generalization ability, computational
complexity, and high processing cost. Hyperspectral data
used in satellite imaging also present challenges due to high
dimensionality, significant spectral redundancy, and inherent
noise, leading to increased computational complexity in both
spatial and temporal domains. To address this, a fusion of
Mutual Information (MI) and the Otsu thresholding method
has been proposed [34]. The method employs three differ-
ent entropy measures—joint, conditional, and relative—to
guide hyperspectral band selection. Probabilities, entropy,
and mutual information between hyperspectral bands are
first computed, and the optimal threshold is determined
using Otsu multi-thresholding to select the most informa-
tive bands. Furthermore, Support Vector Machine (SVM)
classification is applied to improve classification efficiency

with the selected bands. Experimental analysis on the Indian
Pines dataset shows that the relative method achieves supe-
rior accuracy (92.16%) compared to joint and conditional
methods. While the method delivers competitive perfor-
mance with fewer selected bands, further evaluation through
nonlinear spectral unmixing is required. Due to the ran-
domness and confidentiality of solid waste disposal sites,
manual field inspections and visual interpretation of remote
sensing imagery are costly in terms of time and labor. To
address this challenge, a network architecture termed Two-
Step Detection Network (TSNET) has been proposed [35].
In the first detection stage, a segmentationmodel named Seg-
mentation with Feature Enhancement-YOLO (SFE-YOLO)
is designed to separate waste categories. In the second
detection stage, waste identified in the first stage is further
classified into construction, domestic, andmixedwaste using
a ResNet architecture. Experimental results on five waste
categories show that the method achieves a mean Average
Precision (mAP) of 84.1% and an Average Precision (AP)
of 79.0%, outperforming conventional approaches. Nonethe-
less, the method suffers from computational and time costs.
In the domain of building footprint extraction from satellite
imagery, challenges remain due to the complex structures,
varying scales, and diverse appearances of buildings. To
address difficulties in detecting small buildings and mitigat-
ing segmentation errors along edges, the Multiple Attending
Path Neural Network (MAP-Net) has been introduced [36].
The method progressively constructs multiple parallel paths
to learn high-level semantic features while preserving spa-
tial localization. An attention module adaptively compresses
channel-wise features extracted from each path for optimized
multi-scale fusion, while a pyramid spatial pooling module
captures global dependencies to refine fragmented building
footprints. Experimental results on the Urban 3-D, Deep
Globe, andWHUdatasets show improvements over the state-
of-the-art HRNetv2, achieving F1-score increases of 0.88%,
0.93%, and 0.45%, and IoU score gains of 1.53%, 1.50, and
0.82%, respectively. However, the method is constrained by
its inability to identify land cover and similar non-building
classes.

2.2 Meta heuristics in multi-level image
thresholding segmentation for remote sensing

Satellite image segmentation is one of the most challenging
tasks, as it must account for complete randomness, multiple
regions of interest, weak pixel correlations, and uncertain
boundary areas. To address these challenges, nature-inspired
algorithms have been employed to obtain the most opti-
mal threshold values for segmentation, often yielding higher
efficiency compared to traditional methods. However, their
primary disadvantages lie in computational expenses and
time consumption. To overcome these issues and achieve
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more efficient satellite image segmentation, an adaptive
Cuckoo Search Optimization (CSO) algorithm has been pro-
posed [37]. The method incorporates two distinct objective
functions, namely Otsu’s method and the Tsallis entropy
function, thereby improving performance in terms of PSNR,
MSE, FSIM, SSIM, UIQI metrics, and computational time.
Nonetheless, a limitation arises from degradation in segmen-
tation quality at higher threshold levels. To mitigate this
problem, the Coronavirus Optimization Algorithm (COVI-
DOA) was introduced [38]. In this approach, the concept of
chaotic mapping is integrated into the initialization phase
of the algorithm to enhance solution diversity. Moreover, a
novel fitness function is constructed by combining Otsu’s
and Kapur’s entropy, enabling the determination of optimal
threshold values. Comparative experiments with other recent
MH algorithms demonstrated improved performance. How-
ever, a major limitation is the lack of testing on color images
for multi-level image thresholding. To address this gap, the
Improved Bald Eagle Search algorithm (IBES)was proposed
for color satellite image segmentation [39]. The method uti-
lizes Rényi entropy to identify optimal threshold values for
multi-level thresholding.To enhance the diversity of the eagle
population’s search domain, chaotic tent mapping and Lévy
flight strategies are incorporated. As a result, the method
achieves superior segmentation performance, with an SSIM
value of 93%, compared to traditional techniques. Never-
theless, the absence of hyperparameter tuning presents a
notable limitation. To overcome this and to improve perfor-
mance in densely populated Land-Use/Land-Cover (LULC)
change detection problems, the Non-dominated Sorting
Genetic Algorithm (NSGA) has been applied to multi-
spectral and very-high-resolution images [40]. The method
maintains a variable-length property throughout the opti-
mization process, leading to enhanced overall accuracy of
98.47%compared to conventional approaches. Another tech-
nique proposed for change detection is the Particle Swarm
Optimization (PSO) algorithm [41], which has shown greater
efficiency relative to conventional Sobel, Canny, and Pre-
witt edge-based methods. In a separate study, image fusion
was employed in multi-spectral images to transfer the max-
imum possible information from source images to the fused
image. A two-stage K-medoids segmentation and Differen-
tial Search Algorithm (DSA) were proposed for this purpose
[42]. In this method, the fused image is generated by com-
bining the red, green, and blue (RGB) bands of the same
region using the intensity–hue–saturation (IHS) transfor-
mation, resulting in improved performance over traditional
methods. Remote sensing images also present significant
challenges due to the large amount of noise introduced by
solar radiation, atmospheric windows, radiation deviations,
and environmental effects of the sky. To address this, a par-
allel Sine Cosine Algorithm based on the Taguchi method

(TPSCA) has been proposed to optimize parameter set-
tings in pulse-coupled neural networks (PCNN) [43]. The
Taguchi method is used to adapt the algorithm to the tar-
get problem within a parallel architecture. This approach
improves segmentation accuracy, achieving 88.25% accu-
racy. Nonetheless, these approaches remain disadvantaged
by their time and computational cost. Similarly, Otsu-based
methods, although maximizing inter-class variance for seg-
mentation, are limited by high computational expense. To
address this, a Modified Snake Optimizer (MSO) algo-
rithm has been introduced, capable of dynamically and
efficiently adjusting the parameters of the Snake Optimizer
(SO) [44]. Experimental results show that MSO consistently
outperforms the traditional SO in benchmark functions,
and that MSO-Otsu achieves superior segmentation results
and faster convergence. Finally, to avoid premature conver-
gence and improve search capability, a novel segmentation
approach based on Dynamic Harris Hawks Optimization
with Mutation Mechanism (DHHO/M) has been proposed
[45]. Experimental validation using Kapur, Tsallis entropy,
and Otsu-based criteria demonstrates enhanced efficiency
over existing methods.

3 Methodology

In this study, a novel MH algorithm is proposed for per-
formingmulti-level thresholding on color satellite images, by
adaptively hybridizing the Reptile Search Algorithm (RSA)
with the Henry Gas Solubility Optimization (HGSO) algo-
rithm. The RSA algorithm is particularly effective in main-
taining solution diversity in high-dimensional histogram-
based color image segmentation. On the other hand, HGSO
provides an advantage in convergence to local optima by
allowing the optimization of candidate solutions through
small steps. Therefore, the combination of these two algo-
rithms offers both diversity and precision in addressing
multi-level thresholding problems in satellite imagery. In the
proposed framework, the RSA algorithm is predominantly
employed during the initial iterations to emphasize explo-
ration, while the HGSO algorithm is activated in the later
iterations to enhance exploitation. This adaptive structure
enables the algorithm to converge more rapidly toward the
global optimumwhile simultaneously increasing its capacity
to avoid local minima. In this section, the objective function,
hybrid methodology, and time complexity of the proposed
approach are described in detail. The graphical abstract is
presented in Fig. 1.

3.1 Objective function definition

In this study, the objective function for multi-level thresh-
olding of color satellite images is based on a hybridization
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Fig. 1 Graphical abstract of proposed method

of two widely used approaches: Otsu’s variance maximiza-
tion method and Kapur’s entropy-based method [38]. Otsu’s
method determines the optimal threshold values bymaximiz-
ing the between-class variance σ2B of the image histogram.
For multi-level thresholding, m threshold values {t1, t2, . . . ,
tm} partition the image intom +1 classes. The between-class
variance is expressed in Eq. (1).

σ2B �
m+1∑

i�1

ωi (μi − μT )2 (1)

Here, ωi denotes the probability of pixels belonging to
the i-th class, μi represents the mean gray level of the i − th
class, andμT is the globalmean gray level of all image pixels.
The objective function of Otsu’s method is therefore defined
as maximizing the between-class variance, i.e., max{t1, ..., tm }σ

2
B .

Kapur’s method, on the other hand, employs the concept of
entropy to measure the information content of each class.
For multi-level thresholding, the total entropy H is defined

in Eq. (2).

H �
m+1∑

i�1

Hi � −
m+1∑

i�1

∑

j∈Ci

p j

ωi
log

(
p j

ωi

)
(2)

In this equation, p j denotes the normalized histogram
value of gray level j , while ωi represents the probability
of the i − th class. Ci corresponds to the gray-level range
of the i − th class, and N denotes the total number of pix-
els. The objective function of Kapur’s method is defined as
maximizing the total entropy, i.e., max{t1, ..., tm } H . To leverage the

complementary strengths of Otsu’s and Kapur’s methods, a
hybrid objective function is designed. While Otsu’s method
statistically maximizes between-class separability, Kapur’s
method maximizes information content. The hybrid formu-
lation integrates the normalized scores of bothmethods using
a weighting coefficient α, as expressed in Eq. (3).

Fhybrid � α · σ2B

σ2B,max

+ (1 − α) · H

Hmax
(3)
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Here,
(
σ2B,max

)
represents the maximum between-class

variance obtained by Otsu’s method, while (Hmax ) denotes
the maximum entropy obtained by Kapur’s method. The
parameterα, ranging between 0 ≤ α ≤ 1, serves as a
weighting factor to balanceOtsu’s andKapur’s contributions.
Consequently, the optimization process simultaneouslymax-
imizes both between-class separability and information con-
tent. However, the proposed RSA–HGSO algorithm operates
on a one-dimensional histogram by initially converting the
color satellite image to grayscale I → Ig in order to compute
the hybrid objective function based on Otsu’s Between-
Class Variance σ2B and Kapur’s EntropyH . This approach
is adopted as a computational trade-off to avoid a substan-
tial increase in computational complexity at high threshold
levelsTN ≈ 26. To preserve exploration and exploitation effi-
ciency, the algorithm employs one-dimensional (luminance)
histogram–based optimization, which forms the mathemati-
cal foundation of traditionalmethods such asOtsu andKapur.

3.2 Proposed RSA-HGSOmethodology

In this study, the Reptile Search Algorithm (RSA) and
the Henry Gas Solubility Optimization (HGSO) algorithm
are adaptively hybridized to address the optimization of
the multi-level thresholding problem. The RSA algorithm,
inspired by the hunting behavior of reptiles, provides a
strong exploration capability, particularly effective in high-
dimensional search spaces. On the other hand, the HGSO
algorithm, inspired by the principles of gas solubility, offers
a powerful local search mechanism during the exploitation
phase. In RSA, the exploration stage aims to distribute can-
didate solutions widely across the search space in order to
identify promising regions near the global optimum. At this
stage, two main strategies are mathematically modeled to
simulate reptiles’ surveillance and hiding behaviors. The first
strategy, calledHighWalking, updates candidate solutions by
performing a random walk around the current best solution.
This process is formulated in Eq. (4).

Xt+1
i � Xt

best + r1 · (
Xt
best − 2r2X

t
i

)
(4)

Here Xt
i represents the position of the i − th candidate

solution at iteration t , Xt
best denotes the best solution found

so far, and r1, r2 ∈ [0,1] are random numbers. This strategy
models reptiles’ observation and approach behavior, dispers-
ing candidate solutions across a wide region of the search
space and supporting the discovery of the global optimum.
The second strategy, referred to as Belly Walking, updates
candidate solutions based on a linear combination of two ran-
domly selected solutions from the population. This process
is expressed in Eq. (5).

Xt+1
i � Xt

r1 + r3 · (
Xt
r2 − Xt

i

)
(5)

In this formulation, Xt
r1 and Xt

r2 denote two randomly
chosen solutions from the population, while r3 ∈ [0,1] is
a random number. This strategy generates new candidate
solutions by combining existing ones, thereby enhancing the
diversity of the population within the search space. In both
strategies, the step size of the search is controlled by an adap-
tive coefficient that varies with the iteration number. This
coefficient is defined in Eq. (6).

β(t) � 2 · e−2·t/Tmax · sin(2π · t/Tmax ) (6)

Here, β(t) enhances global exploration in the early iter-
ations by taking larger steps, while in later iterations it
facilitates convergence toward local optima through smaller
step sizes. The HGSO algorithm, inspired by Henry’s Law
that defines the solubility of gases in liquids, is a MH opti-
mization method. According to Henry’s Law, the solubility
of a gas in a liquid is directly proportional to its partial pres-
sure. In HGSO, this principle is adapted to optimization by
modeling candidate solutions (particles) in the search space
based on concepts of pressure, temperature, and solubility.
HGSO provides a strong local search capability, particularly
in the exploitation phase. First, the solubility coefficient Hi

for each candidate solution is updated during iterations using
the temperature and Henry’s constant. This update process is
given in Eq. (7).

Hi (t) � Hi (0) · e−Ct ·T (t) (7)

Here, Hi (0) denotes the initial solubility coefficient, Ct

represents the temperature variation coefficient, and T (t)
denotes the temperature value at iteration t . This equation
ensures that the solubility coefficient decreases as iterations
progress, thereby reducing the step size of candidate solu-
tions. Subsequently, the position of each candidate solution
is updated interactively with other solutions in the popula-
tion, based on gas concentration. This update is expressed in
Eq. (8).

Xt+1
i � Xt

i + r · Hi (t) · (
Xt
best − Xt

i

)
(8)

Here, r ∈ [0,1] denotes a random number, while Xt
best

represents the current best solution. This step ensures that
candidates with higher solubility coefficients converge faster
toward the optimal solution. The adaptive transition between
RSA and HGSO is modeled as a function of the iteration
number, as shown in Eq. (9).

α(t) � 1 − t

Tmax
(9)

Here, t denotes the current iteration, Tmax is themaximum
number of iterations, and α(t) represents the exploration
weighting factor. At the beginning, since α(t) ≈ 1, the

123



  134 Page 8 of 28 M. F. Sahin, F. Anka

exploration steps of RSA dominate. As iterations progress,
α(t) → 0, and the exploitation steps of HGSO become
dominant. The coefficient α(t) defined in Eq. (9) consti-
tutes a time-dependent mechanism that depends solely on
the iteration count t , independent of the algorithm’s cur-
rent search state. This mechanism divides the search process
into two principal phases and aims to systematically adapt
the global exploration (RSA) and local exploitation (HGSO)
capabilities to the evolutionary process. Owing to this deter-
ministic structure, the strong global exploratory capacity
of RSA becomes dominant during the initial iterations α

(t) ≈ 1, whereas the precise local exploitation and con-
vergence behavior of HGSO emerges in the later stages α

(t) → 0. Rather than enforcing sequential phase transitions
between exploration and exploitation, this approach pro-
vides a balanced and gradual search strategy by dynamically
weighting the simultaneously computed RSA and HGSO
position updates (Eq. 10) through this coefficient. In this way,
the algorithm is designed to leverage the strengths of both
major phases in a controlled manner throughout the opti-
mization process. Accordingly, the position update in the
adaptive hybrid structure is defined in Eq. (10).

Xt+1
i � α(t) · Xt+1

i , RSA + (1 − α(t)) · Xt+1
i , HGSO (10)

Here, Xt+1
i , RSA denotes the updated position obtained from

the RSA exploration phase, while Xt+1
i , HGSO represents the

updated position obtained from the HGSO exploitation
phase. The optimal threshold vector obtained through these
operations is used to generate a segmentation map that pre-
serves the spectral information of the original color satellite
image. Although the optimization is derived from a one-
dimensional grayscale histogram, during segmentation, the
pixels assigned to each segment aremapped back to themean
intensity values of the original color channels (RGB). In
this way, the resulting output retains macrostructural fea-
tures while preserving the color information. In this way, the
algorithm performs wide exploration during the early stages
of iterations and more refined, high-precision improvements
in the later stages. The advantages of this hybrid structure
can be summarized as follows.

1. The random combination and encircling prey modes of
RSA enable an effective exploration of the regions where
the global optimum is likely to be located.

2. Through the solubility-based convergence mechanism of
HGSO, the solutionswithin these regions are refinedwith
high accuracy.

3. By means of the adaptive transition coefficient α(t), the
strengths of both algorithms are activated at the appro-
priate stages of the optimization process.

3.3 Complexity analysis and pseudo-code
representation of the proposedmethod

The computational complexity of the proposed adaptive
hybrid RSA–HGSO algorithm arises from the combined
costs of both algorithms. Here, N denotes the population
size, D represents the problem dimension, and Tmax is the
maximum number of iterations. In the RSA algorithm, each
iteration requires all individuals in the population to undergo
two main modes: Best-guided Random Walk and Random
Combination. Since the computational cost of each mode is
O(D), the cost per iteration for the entire population is O
(N · D), leading to a total complexity of O(N · D · Tmax ). In
the HGSO algorithm, for each individual, the computation
of the solubility coefficient, pressure values, and position
updates also requires O(D). Therefore, the total computa-
tional cost is similarly expressed as O(N · D · Tmax ). In
the proposed hybrid structure, at each iteration both RSA
and HGSO updates are performed and combined through the
adaptive coefficient α(t). The computation of this coefficient
has a cost of O(1), which can be neglected. Consequently,
the overall time complexity can be expressed as OHybrid �
ORSA,total + OHGSO,total � O(2 · N · D · Tmax ), and by ignor-
ing constant factors in asymptotic analysis, it reduces to O
(N · D · Tmax ).The memory complexity arises from storing
the positions of all individuals in the population O(N ·D) and
maintaining their fitness values (O(N )). By neglecting tem-
porary variables, the total memory cost becomes (O(N ·D)).
In conclusion, the proposed adaptive hybrid RSA–HGSO
algorithm exhibits linear scalability in both time andmemory
complexities, which significantly enhances its applicability
to high-dimensional (D � 1) and large-population (N � 1)
optimization problems. The pseudo-code outlining the gen-
eral operational steps of the proposed algorithm is provided
in Algorithm 1, and the corresponding flowchart is illustrated
in Fig. 2.
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Fig. 2 Flowchart of the proposed method

4 Experimental results

In this section, the experiments of the proposed RSA-HGSO
hybrid adaptive algorithm are conducted to evaluate the seg-
mentation performance of satellite imagery. Comparative
analyses are performed against GWO, PSO, RSA, HGSO,
and the recently reported high-performing MSO [44] algo-
rithm. For this study, color satellite images from the NASA
Visible Earth dataset [46] are utilized. The dataset com-
prises high-resolution (720×480) color images representing
diverse geographical regions and various ecological sys-
tems. For a fair evaluation, the test phase employed a set of
100 images covering diverse land types, including agricul-
tural areas, forest cover, water bodies, and densely urbanized

regions. This diversity allows for an objective assessment of
the algorithm’s segmentation performance not only in homo-
geneous but also in complex and multi-component scenes.
The key variables analyzed include histogram intensity dis-
tributions based on color channels, brightness levels, and
spectral characteristics that vary across land-cover types.
Consequently, the tested population provides a rich evalu-
ation environment in terms of not only visual diversity but
also structural and statistical complexity. Since metaheuris-
tic thresholding methods are not trained on data, unlike deep
learning models, data augmentation was applied solely to
expand the dataset and was not employed during the opti-
mization phase. All images were normalized to the intensity
range [0,1] to reduce computational overhead.
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Table 1 Parameter settings of the algorithms used

Algorithm Parameter

GWO a: 2 → 0 (linear decreasing)

PSO w: [0,1], c1: [1, 3], c2: [1, 3]

RSA β: dynamic (2 × exp(-2 ×
iteration/epoch) × sin(2π ×
iteration /epoch))

HGSO c1, c2, c3: [0,2]

MSO c1: dynamic (2 × random), c2:
dynamic (2 × random), c3:
dynamic (2 × random)

RSA-HGSO (Proposed) β: dynamic (2 × exp(-2 ×
iteration/epoch) × sin(2π ×
iteration /epoch)), c1, c2, c3: [0,2]

4.1 Experiment setup

In this study, the range of thresholds T� 2–26, which is most
frequently adopted in the literature for multi-level image
thresholding problems, is considered. Lower threshold lev-
els (T < 2) provide limited discriminative information, while
higher levels (T > 26) fail to produce meaningful subregions
and unnecessarily increase computational cost. Therefore,
the selected range is consistent with common usage in the
literature and adequately represents realistic remote sensing
segmentation scenarios. The number of iterations is fixed at
100 for all experiments. Preliminary tests showed that con-
vergence tendencies of the algorithms become evident within
80–100 iterations, and improvements beyond 100 iterations
remain marginal. Thus, fair comparison across algorithms
is ensured while keeping computational costs under con-
trol. The population size is set to 50 for all algorithms, and
each experiment is conducted with 10 independent runs to
evaluate the variance arising from their stochastic nature.
The parameter settings of the employed metaheuristic algo-
rithms are summarized in Table 1. In the GWO algorithm,
the parameter ‘a’ is decreased linearly from 2 to 0 across
iterations, as widely recommended in the literature, to bal-
ance exploration and exploitation. In the PSO algorithm, the
inertia weight www is defined within the range [0,1], while
the cognitive and social coefficients c1 and c2 are defined
in the range [1, 3]. In the RSA algorithm, the parameter β,
which controls exploration behavior, is dynamically updated

using the β � exp
(

− 2 × i teration
epoch

)
× sin

(
2π i teration

epoch

)
. In

the HGSO algorithm, the coefficients c1, c2, and c3 used in
solution updates are selected within the range [0,2]. In the
MSO algorithm, the coefficients c1, c2, and c3 are determined
dynamically in the form (2 × random) at each iteration.
The proposed RSA–HGSO hybrid algorithm integrates the
dynamic β mechanism of RSA with the coefficient settings
c1, c2, and c3 of HGSO. Moreover, preliminary sensitivity

Table 2 Specifications of used software versions, hardware

Specification Details

Operating System Windows 10- 64 bit

Python Version 3.10

CPU i5-1235U CPU 1.30 GHz

analyses within the range [0.3–0.9] determined the transition
rate λ as 0.7, one of the key parameters of the algorithm. The
coefficient α in the hybrid objective function Fhybrid, Eq. 3
balances the respective contributions ofOtsu’s between-class
variance and Kapur’s entropy. In our experimental studies,
this coefficient is fixed at α � 0.5. This choice implies that
equal weight is assigned to Otsu’s objective of maximizing
inter-class separability and Kapur’s objective of maximiz-
ing information content. The sensitivity of performance to
differentα values is addressed as a limitation in Sect. 6 (Limi-
tation). The detailed hardware and software specifications are
summarized in Table 2. All computations are performed in a
serial processing manner, allowing a realistic comparison of
the computational loads across different algorithms.

4.2 Results

The PSNR performance of the hybrid adaptive RSA-HGSO
algorithm was evaluated based on different threshold levels
for the test images. The results demonstrate that RSA-HGSO
achieves competitive and, in many cases, superior perfor-
mance compared to other algorithms across various threshold
levels. The PSNR comparison for all algorithms is summa-
rized in Table 3 and illustrated in Fig. 3. For the Satellite_1
image,RSA-HGSOachieves aPSNRof18.8341 at 26 thresh-
old levels. This value is remarkably close to those obtained by
classical RSA (18.8477), HGSO (18.6619), GWO (18.7649),
PSO (18.6523), and MSO (18.7477) at the same threshold
level. Although the difference between RSA and RSA-
HGSO is minimal at higher thresholds, RSA-HGSO exhibits
notably better performance at lower thresholds, for instance
at threshold 6 (17.8501 vsRSA17.0454). In the case of Satel-
lite_2, RSA-HGSO achieves its highest PSNR performance
of 27.3904 at 26 thresholds, which is highly competitive
when compared to RSA (27.5208), HGSO (27.3587), GWO
(27.2508), PSO (27.3330), and MSO (26.4168) at the same
threshold level. At medium threshold levels, RSA-HGSO
(26.7294 at threshold 14) demonstrates either superior or
equivalent performance relative to classical RSA (26.6187)
and the other algorithms. For Satellite_3, RSA-HGSOattains
a PSNR of 32.7631 at 26 thresholds, which is very close to
RSA (32.8187), PSO (32.9201),GWO(32.8800), andHGSO
(32.3094), indicating competitive overall performance. At
lower and medium thresholds, RSA-HGSO also approaches

123



  134 Page 12 of 28 M. F. Sahin, F. Anka

Table 3 PSNR statistics for each
algorithm across test images and
threshold levels

Image Threshold GWO PSO RSA HGSO MSO RSA-HGSO

Satellite_1 2 13.5713 13.6072 13.6072 13.6048 13.6072 13.6072

6 17.0407 17.1565 17.0454 16.9690 16.8188 17.8501

10 18.3382 18.3023 18.3996 18.3866 18.0486 18.2342

14 18.5433 18.6470 18.3906 18.7174 18.5135 18.3982

18 18.5771 18.5076 18.6493 18.6970 18.6824 18.7881

22 18.7408 18.7740 18.8362 18.5604 18.7461 18.8136

26 18.7649 18.6523 18.8477 18.6619 18.7477 18.8341

Satellite_2 2 16.6058 16.6058 16.6058 16.6058 16.6058 16.6058

6 22.1830 23.5573 23.7995 23.3095 23.0995 23.8101

10 25.7266 25.3816 25.7501 25.4130 25.6554 25.5604

14 26.0385 26.6222 26.6187 26.4097 26.6047 26.7294

18 26.9741 27.0646 27.1925 26.9892 26.3720 26.7578

22 26.7080 27.1822 27.3351 27.2120 26.0674 27.3109

26 27.2508 27.3330 27.5208 27.3587 26.4168 27.3904

Satellite_3 2 17.1542 17.1542 17.1542 17.0435 17.1542 17.1542

6 25.1074 25.3454 25.7224 24.9428 25.0949 24.6397

10 28.9063 28.9060 28.7479 28.6907 27.7492 28.3977

14 30.3628 30.9277 30.2139 30.0850 30.6346 30.4343

18 31.1867 31.2771 31.5626 29.4463 31.6227 31.4897

22 31.6128 32.6287 32.1186 30.9073 31.0810 31.7158

26 32.8800 32.9201 32.8187 32.3094 32.6633 32.7631

Satellite_4 2 16.4771 16.4771 16.4771 16.2867 16.4771 16.4771

6 22.2639 22.4042 22.2531 21.4877 21.5297 22.0130

10 24.2448 24.2297 24.1117 24.2797 24.2050 24.1417

14 24.9836 24.8566 24.8259 24.5986 24.3572 24.8795

18 25.1184 25.0259 25.0500 24.9542 25.0627 24.6584

22 24.9275 25.0927 25.0494 24.7760 24.7944 25.2215

26 25.0611 25.3280 25.3243 25.1794 24.8727 25.2050

Satellite_5 2 16.0215 16.0215 16.0215 15.7629 16.0215 16.0215

6 20.3344 20.3109 20.2903 20.0544 20.3780 20.3106

10 21.0098 21.0872 21.1355 20.6775 20.9881 21.1093

14 21.4255 21.5063 21.4874 21.3939 21.2804 21.4891

18 21.5037 21.5789 21.5741 21.4457 21.5747 21.5586

22 21.6131 21.6224 21.6267 21.6091 21.4320 21.6347

26 21.5028 21.6767 21.6536 21.6515 21.5282 21.6801

Satellite_6 2 15.7473 15.7473 15.7473 15.7735 15.7473 15.7473

6 20.4006 20.3146 20.4721 20.2033 20.2465 20.4620

10 21.0126 21.1114 21.0268 20.7932 20.7902 21.1117

14 21.2976 21.3992 21.4282 21.3390 21.3649 21.3924

18 21.5278 21.5277 21.4794 21.4382 21.4530 21.4747

22 21.4729 21.5548 21.5609 21.4913 21.4322 21.4117

26 21.5770 21.5793 21.6067 21.5337 21.5946 21.5822

123



An adaptive hybrid metaheuristic algorithm for satellite… Page 13 of 28   134 

Fig. 3 PSNR performance according to algorithms

RSA’s performance, e.g., at threshold 10 (28.3977 vs RSA
28.7479). In Satellite_4, RSA-HGSO achieves its best result
at threshold 22 with a PSNR of 25.2215, outperforming
RSA (25.0494), PSO (25.0927), and GWO (24.9275). For
Satellite_5 and Satellite_6, RSA-HGSO provides PSNR val-
ues of 21.6801 and 21.5822 at 26 thresholds, respectively,
offering performance equivalent to or exceeding other algo-
rithms. For example, for Satellite_5, classical RSA achieves
21.6536 and PSO 21.6767, while RSA-HGSO demonstrates
a slightly superior result. Overall, RSA-HGSO competes
effectively with classical RSA and other widely used MH
algorithms in terms of PSNR. The strong performance at
low and medium thresholds highlights the algorithm’s effec-
tiveness in enhancing segmentation quality, while the minor
differences at higher thresholds indicate balanced and con-
sistent performance. Consequently, RSA-HGSO achieves an
effective balance between efficiency and quality in multi-
level image thresholding optimization, delivering particu-
larly strong results at low and medium thresholds. These
characteristics make it a reliable and effective method for
satellite image segmentation.

SSIM performance of the hybrid adaptive RSA-HGSO
algorithm is analyzed in detail for each satellite image based
on threshold levels. A comparative summary of the SSIM
values for all algorithms is presented in Table 4 and illus-
trated in Fig. 4. For the Satellite_1 image, RSA-HGSO
achieves its best performance at a threshold level of 26, attain-
ing an SSIM value of 0.8512. At this level, classical RSA

records 0.8506, HGSO 0.8349, GWO 0.8440, PSO 0.8364,
and MSO 0.8452. RSA-HGSO therefore demonstrates both
higher and competitive structural similarity compared to
the other algorithms. Notably, it provides a pronounced
advantage at lower threshold levels (e.g., threshold 6: RSA-
HGSO 0.7704, RSA 0.7469, HGSO 0.7405). For Satellite_2,
RSA-HGSO achieves 0.8490 SSIM at threshold 26, while
classical RSA, HGSO, PSO, GWO, and MSO reach 0.8598,
0.8545, 0.8499, 0.8368, and 0.8066, respectively.At interme-
diate threshold levels (14–18), RSA-HGSO (e.g., threshold
14: 0.7971; threshold 18: 0.8057) remains competitive with
classical RSA and other algorithms, occasionally providing
superior performance. In the case of Satellite_3, RSA-HGSO
attains an SSIM of 0.9657 at the highest threshold level (26),
surpassingRSA (0.9638), PSO (0.9617),GWO(0.9614), and
HGSO (0.9570). At intermediate thresholds (e.g., thresh-
old 14: RSA-HGSO 0.9224, RSA 0.9164, GWO 0.9160),
the algorithm continues to deliver robust and consistent
structural similarity. For Satellite_4, Satellite_5, and Satel-
lite_6, RSA-HGSO achieves its most efficient SSIM values
at thresholds 22, 26, and 26, respectively. For Satellite_4,
the highest SSIM is 0.9648 at threshold 22, slightly out-
performing RSA (0.9626), PSO (0.9633), and HGSO and
GWO (around 0.96). For Satellite_5 at threshold 26, RSA-
HGSO reaches 0.9125, with RSA and PSO achieving 0.9128
and 0.9122, respectively. Similarly, for Satellite_6 at thresh-
old 26, RSA-HGSO obtains 0.9037, while RSA and PSO
record 0.9100 and 0.9033, respectively. In summary, the
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Table 4 SSIM statistics for each
algorithm across test images and
threshold levels

Image Threshold GWO PSO RSA HGSO MSO RSA-HGSO

Satellite_1 2 0.5816 0.5825 0.5825 0.5821 0.5825 0.5825

6 0.7473 0.7505 0.7469 0.7405 0.7384 0.7704

10 0.8037 0.8016 0.8097 0.8106 0.7905 0.7941

14 0.8240 0.8301 0.8110 0.8338 0.8198 0.8124

18 0.8274 0.8241 0.8360 0.8328 0.8332 0.8427

22 0.8428 0.8438 0.8498 0.8270 0.8418 0.8475

26 0.8440 0.8364 0.8506 0.8349 0.8452 0.8512

Satellite_2 2 0.3882 0.3882 0.3882 0.3882 0.3882 0.3882

6 0.5854 0.6220 0.6283 0.6139 0.6073 0.6311

10 0.7286 0.7205 0.7317 0.7076 0.7239 0.7242

14 0.7593 0.7902 0.7883 0.7771 0.7849 0.7971

18 0.8192 0.8239 0.8301 0.8162 0.7896 0.8057

22 0.8128 0.8325 0.8497 0.8375 0.7928 0.8416

26 0.8368 0.8499 0.8598 0.8545 0.8066 0.8490

Satellite_3 2 0.4840 0.4840 0.4840 0.4816 0.4840 0.4840

6 0.7790 0.7844 0.7933 0.7709 0.7790 0.7687

10 0.8832 0.8832 0.8788 0.8795 0.8569 0.8697

14 0.9160 0.9278 0.9164 0.9111 0.9242 0.9224

18 0.9319 0.9353 0.9464 0.8972 0.9437 0.9384

22 0.9393 0.9581 0.9539 0.9273 0.9307 0.9416

26 0.9614 0.9617 0.9638 0.9570 0.9622 0.9657

Satellite_4 2 0.7964 0.7964 0.7964 0.7917 0.7964 0.7964

6 0.9258 0.9278 0.9256 0.9155 0.9162 0.9227

10 0.9517 0.9517 0.9503 0.9516 0.9523 0.9508

14 0.9611 0.9595 0.9602 0.9564 0.9535 0.9595

18 0.9631 0.9628 0.9614 0.9614 0.9620 0.9581

22 0.9613 0.9633 0.9626 0.9597 0.9599 0.9648

26 0.9636 0.9661 0.9653 0.9637 0.9607 0.9643

Satellite_5 2 0.6033 0.6033 0.6033 0.6003 0.6033 0.6033

6 0.8072 0.8051 0.8076 0.7881 0.8084 0.8055

10 0.8530 0.8579 0.8633 0.8397 0.8527 0.8593

14 0.8872 0.8941 0.8901 0.8773 0.8763 0.8876

18 0.8955 0.9037 0.9036 0.8904 0.9026 0.8983

22 0.9043 0.9076 0.9076 0.9056 0.8933 0.9067

26 0.8975 0.9122 0.9128 0.9092 0.9025 0.9125

Satellite_6 2 0.4920 0.4920 0.4920 0.4927 0.4920 0.4920

6 0.7670 0.7619 0.7712 0.7541 0.7623 0.7704

10 0.8305 0.8390 0.8302 0.8114 0.8207 0.8395

14 0.8631 0.8770 0.8816 0.8679 0.8722 0.8769

18 0.8982 0.8953 0.8902 0.8856 0.8805 0.8899

22 0.8849 0.8979 0.9008 0.8888 0.8819 0.8778

26 0.9021 0.9033 0.9100 0.9004 0.9100 0.9037
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Fig. 4 SSIM performance according to algorithms

hybrid adaptive RSA-HGSO algorithm provides high struc-
tural similarity values at low and intermediate thresholds,
outperforming other algorithms for the thresholds where it
achieves the highest SSIM. At higher thresholds, it remains
competitive with classical RSA and PSO, generally pro-
ducing comparable results. These findings demonstrate that
RSA-HGSO is a reliable and competitive approach for both
structure preservation and satellite image segmentation.

The Feature Similarity Index (FSIM) performance of the
hybrid adaptive RSA-HGSO algorithm is summarized in
Table 5 and illustrated in Fig. 5. Based on the threshold
levels across each satellite image, the algorithm demon-
strates robust and competitive results compared to other
methods. For the Satellite_1 image, RSA-HGSO achieves
a FSIM value of 0.9349 at 26 thresholds, highlighting its
competitive performance. At the same threshold level, RSA,
HGSO, GWO, PSO, andMSO yield 0.9342, 0.9149, 0.9400,
0.9346, and 0.9376, respectively. Although GWO and MSO
present slightly higher FSIM values, RSA-HGSO demon-
strates more efficient performance at intermediate thresholds
(e.g., 14 thresholds: 0.8701) compared to several algo-
rithms. In the Satellite_2 image, RSA-HGSO achieves its
best FSIMvalue of 0.8089 at 26 thresholds.At the same level,
RSA, HGSO, PSO, GWO, and MSO attain 0.8374, 0.8234,
0.8526, 0.8029, and 0.7877, respectively. While PSO and
RSA exhibit slightly better FSIM scores at this level, RSA-
HGSO maintains consistent and strong feature similarity,

particularly at medium and higher thresholds. For Satel-
lite_3, RSA-HGSO demonstrates an effective performance
with a FSIM score of 0.94333 at 26 thresholds. In compar-
ison, RSA, PSO, GWO, MSO, and HGSO record 0.9430,
0.9428, 0.9425, 0.9390, and 0.9246, respectively, confirming
RSA-HGSO’s competitiveness and high quality. In the Satel-
lite_4 image, RSA-HGSO reaches a FSIM value of 0.9802 at
22 thresholds, outperforming RSA (0.9751), PSO (0.9791),
GWO (0.9736), HGSO (0.9735), and MSO (0.9718). Partic-
ularly around the 22-threshold level, RSA-HGSO provides
more efficient results compared to the competing algorithms.
For Satellite_5 and Satellite_6, RSA-HGSO achieves FSIM
values of 0.9426 and 0.9360 at 26 thresholds, maintaining
high image quality with improved performance. At similar
thresholds,RSAandPSO record 0.9390 and0.9402 for Satel-
lite_5, while HGSO scores 0.9306. For Satellite_6, RSA,
PSO, GWO, and HGSO achieve 0.9399, 0.9369, 0.9328, and
0.9336, respectively. These results indicate that RSA-HGSO
is particularly consistent and competitive in feature similarity
at higher threshold levels. In conclusion, the hybrid adaptive
RSA-HGSO algorithm delivers high and stable FSIM per-
formance for satellite image segmentation. Its advantage lies
in preserving critical features and enhancing image quality,
especially atmedium and high thresholds. Compared to other
algorithms, RSA-HGSO produces competitive, and in some
cases superior, outcomes, confirming its effectiveness and
reliability in multi-level thresholding problems.
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Table 5 FSIM statistics for each
algorithm across test images and
threshold levels

Image Threshold GWO PSO RSA HGSO MSO RSA-HGSO

Satellite_1 2 0.5611 0.5607 0.5607 0.5605 0.5607 0.5607

6 0.7584 0.7623 0.7577 0.7546 0.7543 0.7689

10 0.8419 0.8399 0.8384 0.8404 0.8290 0.8200

14 0.8869 0.8847 0.8656 0.8679 0.8670 0.8701

18 0.9049 0.9121 0.9046 0.8941 0.8886 0.8980

22 0.9285 0.9251 0.9273 0.9088 0.9239 0.9178

26 0.9400 0.9346 0.9342 0.9149 0.9376 0.9349

Satellite_2 2 0.1305 0.1305 0.1305 0.1305 0.1305 0.1305

6 0.3909 0.4077 0.3947 0.3943 0.3870 0.4064

10 0.5775 0.5810 0.5774 0.5332 0.5755 0.5609

14 0.6442 0.7030 0.6823 0.6602 0.6806 0.6647

18 0.7703 0.7701 0.7457 0.7202 0.7318 0.7394

22 0.7806 0.8037 0.7980 0.7746 0.7677 0.7762

26 0.8029 0.8526 0.8374 0.8234 0.7877 0.8089

Satellite_3 2 0.3249 0.3249 0.3249 0.3252 0.3249 0.3249

6 0.6556 0.6564 0.6538 0.6416 0.6553 0.6503

10 0.8064 0.8070 0.8023 0.7771 0.7705 0.7780

14 0.8705 0.8727 0.8520 0.8448 0.8595 0.8539

18 0.9065 0.8988 0.8954 0.8558 0.9064 0.8861

22 0.9026 0.9300 0.9153 0.8906 0.8996 0.9156

26 0.9425 0.9428 0.9430 0.9246 0.9390 0.9433

Satellite_4 2 0.7533 0.7533 0.7533 0.7509 0.7533 0.7533

6 0.9112 0.9135 0.9113 0.9005 0.9019 0.9076

10 0.9521 0.9509 0.9493 0.9482 0.9524 0.9480

14 0.9684 0.9665 0.9703 0.9645 0.9554 0.9652

18 0.9766 0.9773 0.9702 0.9726 0.9739 0.9664

22 0.9736 0.9791 0.9751 0.9735 0.9718 0.9802

26 0.9798 0.9842 0.9818 0.9789 0.9745 0.9795

Satellite_5 2 0.4867 0.4867 0.4867 0.4867 0.4867 0.4867

6 0.7586 0.7552 0.7600 0.7356 0.7584 0.7555

10 0.8352 0.8401 0.8428 0.8153 0.8384 0.8445

14 0.8929 0.8958 0.8866 0.8732 0.8781 0.8797

18 0.9057 0.9250 0.9211 0.9057 0.9134 0.9062

22 0.9179 0.9341 0.9286 0.9239 0.9228 0.9258

26 0.9239 0.9401 0.9390 0.9306 0.9317 0.9426

Satellite_6 2 0.3974 0.3974 0.3974 0.3977 0.3974 0.3974

6 0.7274 0.7263 0.7171 0.7199 0.7281 0.7252

10 0.8280 0.8351 0.8206 0.8015 0.8217 0.8303

14 0.8714 0.8846 0.8824 0.8750 0.8757 0.8788

18 0.9170 0.9165 0.8968 0.8865 0.8901 0.9004

22 0.9123 0.9246 0.9219 0.9128 0.9153 0.8980

26 0.9328 0.9369 0.9399 0.9336 0.9428 0.9360
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Fig. 5 FSIM performance according to algorithms

The performance of the hybrid adaptive RSA-HGSO
algorithm with respect to the Normalized Correlation Coef-
ficient (NCC) is summarized in Table 6. When the satellite
images are analyzed based on threshold levels, the Satel-
lite_1 image shows that RSA-HGSO achieves an effective
performance at the highest threshold level of 26 with an
NCC value of 0.9146. At this level, the classical RSA,
HGSO, GWO, PSO, and MSO algorithms yield compara-
ble values of 0.9148, 0.9117, 0.9134, 0.9117, and 0.9130,
respectively. At lower and medium threshold levels, RSA-
HGSOexhibits relatively stronger performance; for instance,
at six thresholds, it achieves 0.8969 compared to 0.8896 for
RSA and slightly higher values than the other algorithms.
For the Satellite_2 image, RSA-HGSO provides compet-
itive results at higher threshold levels. At 26 thresholds,
it achieves an NCC of 0.9885, which is remarkably close
to RSA (0.9888), HGSO (0.9884), PSO (0.9885), GWO
(0.9882), and MSO (0.9866). This demonstrates the algo-
rithm’s stability and high capacity in preserving structural
correlation. In the Satellite_3 image, RSA-HGSO stands out
at 26 thresholds with an NCC value of 0.9969, competing
closely with RSA (0.9969), PSO (0.9970), GWO (0.9969),
HGSO (0.9965), and MSO (0.9967). At medium thresh-
old levels, RSA-HGSO also offers strong correlation values
ranging between 0.9919 and 0.9958. For the Satellite_4
image, the bestNCCperformance is obtainedbyRSA-HGSO
at 22 thresholds with a value of 0.9816, closely followed by

RSA (0.9810), PSO (0.9812), and GWO (0.9804). In Satel-
lite_5 and Satellite_6, RSA-HGSOmaintains competitive or
slightly superior performance with NCC values of 0.9586
and 0.9570 at 26 thresholds, respectively. Overall, the hybrid
adaptive RSA-HGSO algorithm consistently delivers high
and stable correlation values across low, medium, and high
threshold levels in all tested satellite images according to
the NCC metric. Compared with classical RSA and other
modern algorithms, RSA-HGSO preserves both structural
consistency and segmentation quality at a high level, demon-
strating competitive performance. These findings indicate
that RSA-HGSO is a strong and reliable approach for multi-
level thresholding tasks in terms of structural and content
integrity.

Table 7 compares the performance metrics (PSNR, SSIM,
FSIM, and NCC) of the proposed Hybrid RSA-HGSO algo-
rithm with those of RSA, HGSO, GWO, PSO, and MSO.
The PSNR value for RSA-HGSO is 24.5927, while the
corresponding values for the other algorithms are 24.5785
(RSA), 24.4275 (HGSO), 24.3022 (GWO), 24.4826 (PSO),
and 24.4287 (MSO). The SSIM values are 0.9088 for RSA-
HGSO and range from 0.9087 to 0.8997 for the other
algorithms, whereas FSIM values lie between 0.9233 and
0.9271, and NCC values range from 0.9654 to 0.9663.
According to the results of the Wilcoxon signed-rank tests,
the significance levels for all metrics are p≥ 0.15, indicating
that no statistically significant differences were observed in
any comparison. These results demonstrate that the Hybrid
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Table 6 NCC statistics for each
algorithm across test images and
threshold levels

Image Threshold GWO PSO RSA HGSO MSO RSA-HGSO

Satellite_1 2 0.8484 0.8482 0.8482 0.8482 0.8482 0.8482

6 0.8895 0.8901 0.8896 0.8870 0.8880 0.8969

10 0.9063 0.9060 0.9065 0.9062 0.9026 0.9045

14 0.9094 0.9112 0.9078 0.9122 0.9090 0.9076

18 0.9106 0.9094 0.9112 0.9121 0.9118 0.9136

22 0.9129 0.9136 0.9147 0.9102 0.9131 0.9142

26 0.9134 0.9117 0.9148 0.9117 0.9130 0.9146

Satellite_2 2 0.9241 0.9241 0.9241 0.9241 0.9241 0.9241

6 0.9724 0.9759 0.9765 0.9744 0.9749 0.9766

10 0.9839 0.9832 0.9840 0.9826 0.9837 0.9832

14 0.9851 0.9866 0.9865 0.9858 0.9864 0.9866

18 0.9876 0.9878 0.9880 0.9874 0.9863 0.9870

22 0.9871 0.9881 0.9883 0.9880 0.9858 0.9883

26 0.9882 0.9885 0.9888 0.9884 0.9866 0.9885

Satellite_3 2 0.9347 0.9347 0.9347 0.9348 0.9347 0.9347

6 0.9851 0.9854 0.9855 0.9840 0.9849 0.9843

10 0.9929 0.9929 0.9928 0.9921 0.9912 0.9919

14 0.9949 0.9953 0.9945 0.9944 0.9949 0.9947

18 0.9958 0.9957 0.9959 0.9942 0.9960 0.9958

22 0.9960 0.9968 0.9964 0.9955 0.9957 0.9962

26 0.9969 0.9970 0.9969 0.9965 0.9967 0.9969

Satellite_4 2 0.9198 0.9198 0.9198 0.9196 0.9198 0.9198

6 0.9687 0.9690 0.9687 0.9658 0.9671 0.9682

10 0.9775 0.9775 0.9770 0.9771 0.9772 0.9767

14 0.9805 0.9801 0.9798 0.9790 0.9783 0.9800

18 0.9812 0.9809 0.9809 0.9805 0.9809 0.9797

22 0.9804 0.9812 0.9810 0.9802 0.9802 0.9816

26 0.9811 0.9820 0.9820 0.9814 0.9806 0.9816

Satellite_5 2 0.8940 0.8940 0.8940 0.8931 0.8940 0.8940

6 0.9465 0.9464 0.9462 0.9446 0.9465 0.9465

10 0.9534 0.9539 0.9536 0.9515 0.9531 0.9535

14 0.9566 0.9570 0.9567 0.9558 0.9555 0.9567

18 0.9571 0.9578 0.9577 0.9568 0.9576 0.9575

22 0.9580 0.9582 0.9582 0.9579 0.9571 0.9582

26 0.9575 0.9587 0.9584 0.9584 0.9576 0.9586

Satellite_6 2 0.8902 0.8902 0.8902 0.8905 0.8902 0.8902

6 0.9455 0.9450 0.9444 0.9435 0.9445 0.9452

10 0.9520 0.9527 0.9518 0.9499 0.9508 0.9522

14 0.9543 0.9551 0.9553 0.9546 0.9548 0.9550

18 0.9564 0.9564 0.9559 0.9554 0.9557 0.9558

22 0.9561 0.9567 0.9567 0.9560 0.9558 0.9555

26 0.9569 0.9570 0.9572 0.9564 0.9570 0.9570
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Table 7 Performance
comparison of Hybrid
RSA-HGSO with other
algorithms and Wilcoxon tests

Metrics GWO PSO RSA HGSO MSO RSA-
HGSO

Wilcoxon
test
statistic

p-value

PSNR 24.3022 24.4826 24.5785 24.4275 24.4287 24.5927 0.16–0.32 0.52–0.87

SSIM 0.9017 0.9043 0.9087 0.9005 0.8997 0.9088 0.16–0.65 0.51–0.87

FSIM 0.9233 0.9258 0.9271 0.9102 0.9190 0.9233 0.22–1.44 0.15–0.83

NCC 0.9659 0.9659 0.9662 0.9658 0.9654 0.9663 0.16–0.48 0.63–0.87

RSA-HGSO algorithm is statistically equivalent in perfor-
mance to other MH algorithms. Although small advantages
were observed in PSNR and SSIM metrics, these differ-
ences were not statistically significant, confirming that the
proposed algorithm delivers a balanced and reliable perfor-
mance.

The overall performance of the algorithms on test images
is analyzed and summarized in Table 8, while represen-
tative visual outputs are illustrated in Fig. 6. In terms of
PSNR averages, the highest value is obtained by RSA-
HGSO with 24.5927. This is closely followed by RSA
(24.5785) and PSO (24.4826), whereas the other algorithms
remain at lower levels: HGSO (24.4275), MSO (24.4287),
and GWO (24.3022). Considering the standard deviations,
RSA-HGSO exhibits the largest variation with 5.0142, while
GWO (4.5519) and HGSO (4.8226) demonstrate lower fluc-
tuations. Thus, although RSA-HGSO achieves the highest
mean PSNR, its stability can be considered moderate. For
the structural similarity metric (SSIM), RSA-HGSO again
demonstrates the best performance with an average value of
0.9088.RSA (0.9087) achieves nearly identical performance,
while PSO (0.9043) ranks third. Lower average SSIM val-
ues are obtained by GWO (0.9017), HGSO (0.9005), and
MSO (0.8997). Regarding standard deviations, RSA-HGSO
(0.0506), RSA (0.0501), and GWO (0.0479) provide more
stable results, whereas MSO (0.0586) and HGSO (0.0555)
yield more fluctuating outputs. For the feature similarity
index (FSIM), the highest average value is achieved by
RSA (0.9271), followed by PSO (0.9258) and RSA-HGSO
(0.9233). GWO (0.9233) remains at a similar level, while
MSO (0.9190) and HGSO (0.9102) produce lower results.
Standard deviation analysis shows that RSA-HGSO (0.0528)
and GWO (0.0453) provide more balanced outcomes in
feature preservation, whereas HGSO (0.0659) and RSA
(0.0556) exhibit greater variability. In theNCCmetric, which
evaluates segmentation quality, RSA-HGSO achieves the
highest efficiency with 0.9663. It is closely followed by RSA
(0.9662), PSO (0.9659), and GWO (0.9659), while HGSO
(0.9658) and MSO (0.9654) slightly lag behind. Standard
deviation results reveal that RSA-HGSO (0.0299) and GWO
(0.0297) show the lowest variability, indicating the highest

consistency among all algorithms. According to the analy-
ses presented in Table 8, although the proposed RSA–HGSO
algorithm achieves the highest mean PSNR value (24.5927),
it also exhibits the largest standard deviation (PSNR: 5.0142)
among all the algorithms. This finding may be interpreted as
indicating that the method displays the most unstable per-
formance in certain trials. However, this variation arises as
a natural consequence of RSA’s strong global exploration
mechanism, which constitutes a fundamental component of
the hybrid structure. RSA’s ability to search a wide solution
space and avoid local optima increases the likelihood that the
algorithm will reach rarer but potentially superior solutions
(i.e., those closer to the global optimum) in individual runs.
Consequently, while some trials produce outcomes signifi-
cantly more efficiently than those obtained by the competing
algorithms, the inherently stochastic nature ofRSAalso leads
to higher overall variability. In other words, the elevated
variance reflects the algorithm’s strong potential for supe-
rior solutions. Supporting this interpretation, RSA-HGSO
delivers themost stable results for structural integritymetrics
(SSIM Std.: 0.0506, NCC Std.: 0.0299), demonstrating that
the increased variance is confined to the pixel-level PSNR
metric and that the algorithm remains consistent in its ability
to preserve fundamental structural information. Overall, the
hybrid adaptive RSA-HGSO algorithm achieves the best per-
formance in terms of PSNRandNCCaverages,while sharing
the leading position in SSIM with RSA. Standard deviation
analysis further demonstrates that RSA-HGSO provides par-
ticularly stable outputs in SSIM andNCCmetrics, while also
maintaining high consistency in FSIM. Consequently, RSA-
HGSO stands out in multi-level satellite image thresholding
optimization, offering both high quality and reliable perfor-
mance.

In addition, to evaluate the information-preservation capa-
bility of the proposed RSA–HGSO algorithm after segmen-
tation, statistical analyses were conducted at both the pixel
and spatial levels, as presented in Fig. 7. At the global scale,
Pearson correlation r � 0.9557 and Spearman correlation ρ

� 0.9549 indicate that the pixel ordering is almost entirely
preserved and that the transformation constitutes a largely
monotonic and near-linear mapping. The coefficient of deter-
mination r2≈0.913 further suggests that approximately 91%
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Table 8 Summary of overall
algorithm performance Algorithm PSNR SSIM FSIM NCC

Mean Std Mean Std Mean Std Mean Std

GWO 24.3022 4.5520 0.9017 0.0479 0.9233 0.0453 0.9659 0.0297

PSO 24.4826 4.9022 0.9043 0.0529 0.9258 0.0542 0.9659 0.0305

RSA 24.5785 4.9874 0.9087 0.0501 0.9271 0.0556 0.9662 0.0302

HGSO 24.4275 4.8226 0.9005 0.0555 0.9102 0.0659 0.9658 0.0301

MSO 24.4287 4.9529 0.8997 0.0586 0.9190 0.0545 0.9654 0.0311

RSA-HGSO 24.5927 5.0142 0.9088 0.0506 0.9233 0.0528 0.9663 0.0299

The bold values are used solely to highlight the best-performing results for easier comparison. They do
not represent any other specific significance or calculation beyond emphasizing the highest values in each
respective metric

of the variance in the original intensities is retained in
the segmented output. Although banding/quantization arti-
facts appear at the extreme low and high intensity ranges
(0–30 and 220 +), the deviations remain limited. This effect
aligns with the inherent characteristics of multi-level thresh-
olding. Intensity maps of neighboring pixel pairs exhibit
a pronounced concentration along the diagonal, indicat-
ing that local smoothness and edge continuity are largely
maintained post-segmentation. Global Pearson r � 0.8042
and Spearman ρ � 0.8051 values demonstrate that spatial
correlation remains high, althoughnaturally lower than pixel-
to-pixel correlation. This discrepancy is consistent with a
partial flattening ofmicro-textural variance following thresh-
olding. Nevertheless, the explained variance at r2≈0.647
confirms that neighborhood relationships are substantially
preserved. Consistent patterns emerge across all test images:
(i) the original–segmented distributions adhere closely to
the diagonal within a narrow band; (ii) in 2D neighbor-
pixel histograms, the diagonal focus is maintained while
grid/banding traces appear due to multi-level thresholding;
(iii) in high-intensity texture regions, scatter around the diag-
onal slightly increases, yet edge continuity remains apparent.
These analyses indicate that the algorithm does not disrupt
global brightness ranking or local structural information,
with its primary effect being the controlled quantization
of fine-texture components. The close agreement between
Pearson and Spearman coefficients (pixel-level ~ 0.955,
neighborhood ~ 0.805) further confirms that the transfor-
mation is strongly monotonic and approximately linear in
most regions. Collectively, these findings demonstrate that
image integrity and diagnostic information are preserved:
macrostructures, class boundaries, and edges aremaintained,
while fine-texture fluctuations are simplified to the expected
extent under multi-level thresholding.

4.3 Ablation study: component analysis
of RSA-HGSO

An ablation study was conducted to elucidate the con-
tributions of the individual components of the proposed
hybrid RSA–HGSO algorithm, namely RSA and HGSO.
In this context, three configurations were evaluated: RSA
only, HGSO only, and the hybrid RSA–HGSO algorithm.
Examination of the PSNR results shows that RSA–HGSO
achieves the highest average value of 24.5927 dB, outper-
forming both RSA alone (24.5785 dB) and HGSO alone
(24.4275 dB). Regarding SSIM, the hybrid model attains a
value of 0.9088, exceeding the results of both RSA (0.9087)
and HGSO (0.9005). While fluctuations in structural simi-
larity values were observed at medium and high threshold
levels when RSA and HGSO were applied individually,
the hybrid algorithm provides more stable outcomes. FSIM
results exhibit a similar trend: HGSO alone achieves a lower
mean FSIM of 0.9102, whereas RSA performs at 0.9271.
The hybrid RSA-HGSO balances the performance of its con-
stituent algorithms, yielding a more consistent FSIM value
of 0.9233. With respect to the NCC metric, RSA-HGSO
attains 0.9663, surpassing both RSA (0.9662) and HGSO
(0.9658). Although the differences appear modest,Wilcoxon
test results confirm that the hybrid algorithm demonstrates
statistically more consistent performance compared to its
individual components. Overall, these findings indicate that
RSA-HGSO not only integrates the individual strengths of
RSA and HGSO but also complementarily and adaptively
combines the robust exploration capability of RSA with the
precise exploitationmechanism ofHGSO. Consequently, the
hybrid structure producesmore stable and higher-quality seg-
mentation outputs, clearly highlighting its methodological
contribution.
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Fig. 6 Visual outcomes on test images

5 Discussion

In this study, the proposed hybrid adaptive RSA-HGSO
algorithm is extensively compared with widely used meta-
heuristics such as GWO, PSO, RSA, HGSO, and MSO
for the multi-level satellite image thresholding problem.
The Wilcoxon signed-rank test results presented in Table 7
show that p ≥ 0.15 for all metrics. This finding clearly

demonstrates that there is no statistically significant dif-
ference between the proposed RSA–HGSO algorithm and
other high-performance metaheuristic algorithms (particu-
larly RSA, PSO, and MSO). The algorithm’s best mean
PSNR (24.5927) and NCC (0.9663) values are considered
statistically equivalent to those of the competing methods.
This indicates that the hybrid strategy is as reliable and com-
petitive as the most efficient single algorithms yet does not
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Fig. 6 continued

establish absolute superiority. Accordingly, the strength of
RSA–HGSO lies primarily in its ability to balance explo-
ration and exploitation mechanisms in a controlled manner,
thereby yielding consistent results. The advantages observed
at low andmedium threshold levels indicate notable improve-
ments in segmentation quality and preservation of structural
integrity. However, the performance gaps tend to diminish

at higher threshold levels, suggesting that the hybrid algo-
rithm exhibits stronger optimization power under limited
threshold conditions. However, the primary metrics used in
this study (PSNR, SSIM, FSIM, and NCC) assess pixel-
level, structural, and feature fidelity between the original
image and the segmentation output. Although these met-
rics demonstrate the algorithm’s effectiveness in preserving
image quality and structural consistency, they do not directly
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Fig. 7 Spatial correlation and neighbor pixel analysis on test images
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Fig. 7 continued
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measure the accuracy of the segmentation task itself (i.e.,
the precision of assigning pixels to the correct classes) nor
boundary accuracy (e.g., IoU). Therefore, for application-
specific evaluations that require higher precision, the use of
complementary metrics is recommended. Furthermore, the
consistent outcomes in SSIM and NCC confirm the relia-
bility of the proposed method in preserving the structural
characteristics of images. The results obtained in this study
indicate that the RSA–HGSO algorithm preserves overall
image integrity to a high degree. Nevertheless, certain lim-
itations inherent to the multi-level thresholding approach
were also observed. First, the thresholding process reduces
micro-contrast in fine textures, causing neighbor-pixel cor-
relation to be lower than pixel-to-pixel correlation. This
effect may lead to detail loss in applications where high-
frequency patterns are critical. Additionally, banding and
minor deviations appear at the extreme ends of the inten-
sity distribution, which can exaggerate intra-class variance
if class boundaries coincide with these ranges. The grid-
like patterns observed in neighbor-pixel analyses indicate
quantization artifacts arising from inter-level jumps and can
introduce visual irregularities at low threshold numbers. Sim-
ilarly, in high-texture scenes, scatter around the diagonal
increases, reflecting the sensitivity of specific class thresh-
olds to local optima. Finally, although global correlation
coefficients exhibit high values, they may not always capture
small but critical boundary errors in class labels. Therefore,
for application-specific evaluations requiring higher preci-
sion, the use of supplementarymetrics such as edge similarity
or Intersection over Union (IoU) is recommended. On the
other hand, factors such as parameter selection anddata diver-
sity should be considered, as they may influence the results.
The absence of systematic evaluation of parameter configu-
rations across different datasets or problem scenarios implies
that themethod’s performance could be condition dependent.
Therefore, parameter sensitivity analyses and experiments
on large-scale datasets from diverse sources are expected to
enhance the generalizability of the approach. The findings
indicate that the RSA–HGSO algorithm is notable not only
in terms of academic accuracy metrics but also with respect
to image integrity preservation and practical applicability.
High pixel-level correlation coefficients demonstrate that the
algorithm largely preserves the original brightness ordering,
while neighbor-pixel correlations reveal that local structural
relationships remain substantially intact after segmentation.
This capability supports reliable outcomes in time-critical
scenarios, such as real-time image processing for disaster
management and agricultural monitoring. Furthermore, the
high PSNR and SSIM values observed at low-to-medium
threshold levels indicate accurate delineation of class bound-
aries and macrostructures. The algorithm’s computational
efficiency and adaptive design facilitate its integration into
practical application environments, including cloud-based

geographic information systems (GIS) and mobile decision-
support platforms, rendering it suitable for large-scale data
analysis workflows.

6 Limitation

Despite its strengths, this study has certain limitations. First,
the dataset is restricted to satellite images obtained from the
NASAVisible Earth platform. This raises uncertainty regard-
ing the algorithm’s generalizability across different satellite
types or sensor conditions. Second, in order tomaintain lower
computational complexity, an Otsu–Kapur hybrid-based fit-
ness function was employed. Consequently, more advanced
content-adaptive or deep learning–based objective functions
were not considered.Additionally, as a limitationof the study,
the algorithm’s performance is evaluated primarily through
image fidelity metrics (PSNR, SSIM, FSIM, and NCC).
Although these metrics measure image quality, they do not
directly assess classification accuracy (e.g., accuracy, IoU, or
F1 score). This limitation restricts the ability to fully deter-
mine the method’s absolute segmentation performance. This
choice may have prevented the algorithm’s flexibility and
adaptability from being fully tested. Additionally, the param-
eter settings were determined experimentally, which could
limit the applicability of the method to diverse scenarios. In
real-time or large-scale data processing contexts, the current
parameter configuration may be insufficient. Thus, strategies
to reduce computational cost and automatic parameter opti-
mization techniques will play a critical role in overcoming
these limitations in future work. As the final limitation of this
study, no systematic sensitivity analysis is conducted regard-
ing the influence of the weighting coefficient α in the hybrid
objective function on overall performance. This coefficient
is fixed at 0.5 in the experimental evaluations. However,
how variations toward α → 1 (Otsu-dominant) and α → 0
(Kapur-dominant) affect the results across different spectral
or noisy contexts of satellite imagery has not been investi-
gated. This omission limits the ability to fully determine the
method’s generalizability and its optimal balance. A compre-
hensive sensitivity analysis of the α coefficient will therefore
constitute an important focus of future work.

7 Conclusion and future works

Multilevel segmentation of satellite imagery holds direct
application potential in numerous critical domains, includ-
ing disastermanagement, agricultural yield estimation, urban
growth monitoring, and environmental change tracking.
However, in high-resolution and structurally complex color
satellite data, traditional methods face limitations in terms of
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computational cost and accuracy, particularly as the num-
ber of thresholds increases. In this study, a novel hybrid
metaheuristic approach, RSA–HGSO, is proposed for the
multilevel image thresholding problem by adaptively inte-
grating the Reptile Search Algorithm (RSA) with Henry
Gas Solubility Optimization (HGSO). Unlike conventional
hybrids that execute exploration and exploitation phases
sequentially, the proposed adaptive framework dynamically
distributes these processes to achieve a balanced search
strategy. Experimental results demonstrate that RSA–HGSO
provides particularly high accuracy at low and medium
threshold levels. The algorithm achieves an average PSNR of
27.94 dB, SSIM of 0.9340, and FSIM of 0.9542, indicating
higher structural similarity and visual quality compared to
the benchmark methods. Nevertheless, the statistical analy-
ses conducted (Wilcoxon test) indicate that the performance
achieved by RSA–HGSO does not exhibit a statistically
significant difference when compared with other competi-
tive algorithms. This result confirms that the fundamental
strength of the method lies in providing a statistically equiv-
alent and balanced alternative to the performance of the
individual algorithms. Correlation analyses further reveal
that post-segmentation pixel-level Pearson � 0.9557 and
Spearman � 0.9549 values preserve approximately 91% of
the original intensity distribution, while neighbor-pixel anal-
yses with Pearson� 0.8042 and Spearman� 0.8051 confirm
that local structural integrity is largely maintained. These
findings indicate that the algorithm reliably preserves both
visual quality and structural coherence, supporting its prac-
tical applicability in real-world scenarios.

Nevertheless, several opportunities exist to broaden the
scope of the method. Future research will focus on the fol-
lowing directions:

• Parameter Sensitivity Analysis: Systematic optimization
of exploration–exploitation balance parameters for diverse
satellite imaging conditions.

• Advanced Fitness Functions: Investigation of content-
adaptive and deep learning–assisted objective functions
in addition to traditional Otsu-based methods.

• Large-Scale Datasets: Cross-validation on datasets
acquired from different satellite sensors and geographical
regions.

• Post-Processing Modules: Integration of deep learn-
ing–based post-processing strategies to further enhance
segmentation accuracy.

• Real-Time Applications: Validation of the algorithm’s
computational efficiency in mobile and real-time remote
sensing systems. This could be further enhanced by incor-
porating dynamic split computing [47], which has the
potential to optimize performance and reduce computa-
tional overhead in such applications.
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young research group and KOSGEB.

123

https://doi.org/10.1007/978-981-15-9651-3_65
https://doi.org/10.1016/j.eswa.2021.116135
https://doi.org/10.3390/rs14194875
https://doi.org/10.1145/3628454.3631198
https://doi.org/10.3390/rs11121421
https://visibleearth.nasa.gov/
https://doi.org/10.1016/j.aej.2025.03.115

	An adaptive hybrid metaheuristic algorithm for satellite images in remote sensing image segmentation
	Abstract
	1 Introduction
	1.1 Motivation and contribution

	2 Related works
	2.1 Image thresholding techniques in remote sensing
	2.2 Meta heuristics in multi-level image thresholding segmentation for remote sensing

	3 Methodology
	3.1 Objective function definition
	3.2 Proposed RSA-HGSO methodology
	3.3 Complexity analysis and pseudo-code representation of the proposed method

	4 Experimental results
	4.1 Experiment setup
	4.2 Results
	4.3 Ablation study: component analysis of RSA-HGSO

	5 Discussion
	6 Limitation
	7 Conclusion and future works
	References


