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 Seismic methods are among the primary and most effective techniques for 
hydrocarbon exploration, as they enable comprehensive imaging and interpretation 
of the Earth's subsurface. However, accurate interpretation of seismic data requires 
detailed analysis of geological structures, often involving complex and subjective 
decision-making processes. Constructing an initial geological model that aligns with 
seismic observations is a critical first step, but it is inherently non-unique and heavily 
influenced by the interpreter’s experience and preferences. Among various 
subsurface structures, salt domes are of particular interest due to their unique physical 
characteristics and their critical role in hydrocarbon entrapment, drilling risk 
management, and subsurface storage applications. Their distinct seismic textures, 
compared to surrounding sediments, make them identifiable using seismic texture 
attributes. Nevertheless, the manual delineation of salt dome geobody is a time-
consuming and potentially error-prone task, especially given the volume, 
redundancy, and complexity of the seismic attributes used. To overcome these 
challenges, we propose a novel unsupervised framework for automatically 
identifying salt dome geobody in 2D seismic sections. The method begins by 
extracting a diverse set of seismic texture attributes, including both conventional 
attributes and novel texture descriptors derived from advanced image analysis 
techniques. Following attribute extraction, a attribute selection phase using 
techniques such as Laplacian Score is employed to eliminate redundant, irrelevant, 
or highly correlated attributes, thereby enhancing model efficiency and 
interpretability. The reduced set of relevant attributes is then used as input for 
clustering algorithms based on metaheuristic optimization techniques. These 
algorithms aim to partition the seismic data into meaningful clusters that correspond 
to geological attributes, particularly salt domes. Validation against multiple expert 
interpretations demonstrates the robustness and high accuracy of the proposed 
method. Results emphasize the capability of unsupervised clustering approaches 
especially those guided by metaheuristic strategies—in reducing interpretation 
uncertainty and improving segmentation quality. 
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1. Introduction 

Understanding subsurface geological 
structures is a fundamental aspect of energy 
resource exploration, particularly in identifying 
potential oil and gas reserves. Seismic 

interpretation, the cornerstone of hydrocarbon 
exploration, relies on analyzing subsurface 
pseudo-images generated through seismic 
reflection [9]. However, manual interpretation of 
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seismic sections is inherently uncertain, 
subjective, and time-consuming, often requiring 
expert judgment [28]. This has driven the 
advancement of quantitative seismic 
interpretation, where seismic attributes play a 
pivotal role in revealing subtle geological 
features and facilitating automated analysis [23; 
29]. Seismic attributes are quantitative measures 
derived from seismic data that reflect geological, 
geophysical, or mathematical properties of the 
subsurface [47]. The use of seismic attributes 
began in the 1950s, but the digitalization of 
seismic data in the 1960s catalyzed the 
development of more sophisticated processing 
techniques. The 1980s marked a surge in 
attribute-based interpretation, particularly with 
the advent of 3D seismic surveys and texture 
analysis [12]. By the 1990s, seismic attributes 
had become indispensable for structural and 
stratigraphic interpretation. Researchers such as 
Meldahl et al. [43], Roberts [45], and Cohen et al. 
[13] introduced discontinuity, curvature, and 
entropy attributes to enhance fault and structural 
detection. 

Among the various categories of seismic 
attributes, textural attributes have become 
essential for analyzing seismic image patterns. 
These attributes quantify spatial variations in 
amplitude, treating seismic sections as images 
composed of distinguishable textural patches [8]. 
In seismology, texture is defined as the spatial 
variation in seismic amplitude, equivalent to the 
distribution of intensity values in a digital image 
[12]. Various approaches have been developed for 
texture analysis, which can be broadly 
categorized into statistical, structural, transform-
based, model-based, graph-based, learning-
based, and entropy-based methods [31]. 
Statistical methods, particularly those based on 
the gray-level co-occurrence matrix [25], are the 
most widely used due to their efficiency in 
capturing spatial relationships. 

Among the geological structures detectable 
through textural attributes, salt domes are 
particularly important. These diapiric formations 
rise through overlying sedimentary layers 
because of their lower density. Accurate 
delineation of salt domes is essential, as they 
significantly influence hydrocarbon trap 
formation, underground storage potential, and 
drilling safety [24]. In seismic sections, salt 

domes display unique textures resulting from 
their distinct petrophysical and elastic properties, 
making them prominent targets for texture-based 
interpretation [34; 46; 50]. The GLCM-based 
approach is a prominent technique for detecting 
salt domes. Eichkitz et al. [19] extended this 
method to 3D seismic volumes, enabling more 
accurate delineation. To improve performance, Di 
et al. [16] proposed non-linear rescaling of 
seismic data before GLCM calculation. 
Moreover, many studies have combined GLCM 
attributes with supervised learning, clustering, 
and data fusion techniques to enhance geobody 
detection [4; 59]. Nonetheless, traditional texture 
descriptors such as GLCM are limited in 
capturing complex geological attributes and are 
often sensitive to the orientation of seismic 
events. 

To address the limitations of classical 
methods, alternative approaches have been 
developed. These include gradient-based 
attributes [20], Sobel edge detection [3], and 
texture extraction using Fourier and Gabor 
transforms [52]. Additionally, the Histogram of 
Oriented Gradients, a widely used technique in 
image processing, has been adapted for seismic 
data analysis. Hosseini-Fard et al. [29] and 
Khayer et al. [34] introduced novel HOG-based 
attributes and fusion frameworks for salt dome 
segmentation. Another notable innovation is the 
SalSi attribute, developed by Shafiq et al. [50], 
which uses saliency-based theory to highlight 
geobodies in seismic volumes by modeling 
human visual perception. 

With the emergence of machine learning, 
multi-attribute analysis—integrating both 
traditional and modern texture attributes—has 
become increasingly important for reducing 
interpretation uncertainty. Supervised 
approaches, particularly convolutional neural 
networks (CNNs), have been successfully 
employed for automated interpretation of faults 
[35], salt domes [17; 55], and seismic facies [60]. 
Additional advancements include dimensionality 
reduction methods such as UMAP and clustering 
frameworks like AMFAA, which improve 
resolution and interpretational accuracy. For 
example, Liu et al. [39] and Wang et al. [56] 
reported up to a 16% improvement in seismic 
facies prediction in turbidite reservoirs in China. 
Amin and Deriche [4]; Amin et al. [5] introduced 
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dictionary-based codebook classification, which 
outperformed earlier techniques in salt dome 
detection. While supervised learning offers high 
predictive power, it is heavily reliant on extensive 
labeled datasets, which are difficult to obtain in 
geologically complex environments. 
Unsupervised learning has gained traction as a 
viable alternative to supervised methods, 
particularly due to its independence from labeled 
training data. Mammadov et al. [42] proposed an 
efficient unsupervised clustering algorithm for 
seismic facies that reduced human bias and 
improved classification precision. Seydoux et al. 
[49] applied deep scattering networks and 
clustering to uncover continuous patterns in 
seismic data. Yang et al. [57] and Naseer [44] also 
emphasized the value of unsupervised, automated 
multi-attribute analysis. Graph-based clustering 
frameworks [33], deep clustering models [9], and 
unsupervised detection tools [18] represent 
promising steps toward scalable, automated 
seismic interpretation. Despite their promise, 
unsupervised techniques are often sensitive to the 
selection of input attributes and algorithmic 
parameters. 

This study aims to automatically and 
unsupervisedly delineate salt dome geobodies in 
2D seismic data by clustering textural seismic 
attributes using a metaheuristic optimization 
approach. Unlike traditional clustering methods 
such as k-means-which often struggle with 
overlapping cluster boundaries-our method 
employs metaheuristic algorithms to dynamically 
determine the optimal number of clusters. This 
approach enhances interpretational robustness 
while eliminating the need for labeled training 
data. By combining conventional and novel 
texture-based seismic attributes, the proposed 
method improves clustering resolution and 
addresses the limitations of both manual 
interpretation and classical machine learning 
models. Unlike most previous studies that rely 
either on supervised learning or on classical 
clustering with fixed parameters, our approach 
integrates adaptive attribute selection with 
metaheuristic-driven clustering, providing a fully 
unsupervised and data-driven framework for salt 
dome detection. 

 
 

2. Methodology 

In this study, an unsupervised approach is 
proposed for the automatic detection of salt 
domes in two-dimensional seismic data, thereby 
eliminating the need for labeled training datasets. 
The method begins with the extraction of seismic 
attributes from pre-processed seismic sections. 
These attributes include various texture-based 
seismic indicators, encompassing both 
conventional and newly developed attributes that 
are particularly sensitive to reflection patterns 
associated with salt dome structures. 

To mitigate the impact of random noise on 
clustering outcomes, an initial segmentation is 
applied to the seismic section, resulting in the 
generation of super-pixels. Each super-pixel is 
assigned a representative value, calculated as the 
average of the pixel values contained within it. 
This super-pixelization process is uniformly 
applied across all extracted seismic attributes. 

To enhance classification accuracy and 
remove redundant or irrelevant information, an 
attribute selection strategy based on the Laplacian 
Score method is employed. This technique 
identifies a subset of the most informative super-
pixeled seismic attributes, which are then used for 
the subsequent clustering process. 

The separation of salt dome structures from 
the surrounding stratigraphy is achieved through 
a meta-heuristic optimization algorithm. The 
clustering algorithm is specifically designed to 
capture complex, non-linear patterns in high-
dimensional data. 

Finally, the performance and accuracy of the 
proposed method are evaluated through 
comparison with manually interpreted salt dome 
boundaries, annotated by multiple expert 
interpreters. The complete workflow of the 
proposed approach is illustrated in the flowchart 
presented in Figure 1. The following sections 
provide a detailed explanation of each phase of 
the methodology. 
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Figure 1. The complete workflow of the proposed 

approach [54]. 

2.1. Pre-processing data 

The seismic data used in this study is part of a 
2D seismic section that includes a salt dome. 
These post-stack, time-migrated data consist of 
1,000-time samples and approximately 700 
spatial samples, acquired with a sampling interval 
of 4 milliseconds. 

The computation of seismic attributes is 
carried out in two main steps. In the first step, the 
seismic data is converted into a grayscale image. 
This involves mapping the amplitude values from 
the range [ܽ௠௜௡, ܽ௠௔௫] to the grayscale range 
ൣ0, ௚ܰ − 1൧, where ܽ ௠௜௡ و ܽ௠௔௫  are the minimum 
and maximum amplitudes of the seismic signal, 
and ௚ܰ represents the number of grayscale levels. 
The most basic and widely used approach for this 
conversion is linear transform, which preserves 
the histogram of the original amplitude 
distribution and maintains the overall appearance 
of the seismic section. However, in many cases, 
the attributes of interest occupy only a small 
portion of the full amplitude range. Therefore, 
allocating more grayscale levels to this range can 
enhance their visibility in the grayscale image. To 

achieve this, non-linear transform functions-such 
as logarithmic, exponential, logistic, and 
particularly the sigmoid function-can be 
employed. The sigmoid function emphasizes 
mid-range (weak) amplitudes and compresses the 
high-amplitude values, resulting in improved 
visual clarity for subtle attributes. Traditionally, 
the simplest and most accessible method for 
rescaling the amplitude of the input image to 
grayscale is linear transform, which is calculated 
according to Equation (1). 

݃௟ = (ܽ − ܽ௠௜௡) ௚ܰ − 1
ܽ௠௔௫ − ܽ௠௜௡

 (1) 

In this transform, based on the chosen number 
of grayscale levels ௚ܰ, the amplitude range 
[ܽ௠௜௡, ܽ௠௔௫] is divided into ௚ܰ equal subranges. 
Each subrange is then assigned a grayscale level, 
establishing a linear relationship between seismic 
amplitudes and their corresponding grayscale 
levels. This linear mapping preserves the original 
amplitude histogram to a large extent. To enhance 
the visibility of specific amplitude ranges, a non-
linear transform such as the sigmoid function 
may be used. The sigmoid-based grayscale value 
is calculated using Equation (2). Where ܽ is a 
coefficient that determines the slope of the 
sigmoid function [15]. 

݃௦ = ௚ܰ − 1

1 + exp ቆ−ܽ ൬݃௟ − ௚ܰ
2 ൰ቇ 

 
(2) 

In this study, a sigmoid transformation with 32 
grayscale levels is used, which provides a good 
balance between visual resolution and 
computational efficiency. For attribute extraction, 
a moving local window is applied over the 
seismic data. The statistical attribute computed 
within each window is assigned to its center. The 
window size must be chosen carefully to be 
sensitive to the structural variations of interest 
and should not be smaller than the dominant 
wavelength of the seismic wavelet [19]. The 
green line in Figure 8a is the interpreted boundary 
of the salt dome resulting from the average 
manual interpretation of three professional 
interpreters. For textural analysis, this data has 
been rescaled to grayscale using a nonlinear 
transform (sigmoid function), which is shown in 
Figure 8b. 
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Figure 2. (a) The seismic section from one of the oil fields in the southwest of Iran , and it's rescaled to 

grayscale by (b) non-linear transform. The green line is the interpreted boundary of the salt dome resulting 
from the average manual interpretation of three professional interpreters. 

2.2. Seismic texture Attributes 

Seismic texture attributes represent 
information derived from seismic data, obtained 
either through direct measurement or inferred 
using empirical or logical approaches [11]. Over 
time, a wide range of seismic attributes have been 
developed, each tailored to detect specific 
geological attributes within seismic datasets. To 
effectively identify and differentiate salt domes, 
attributes that are sensitive to texture variations 
can be particularly useful. These texture attributes 
are commonly generated using image texture 
analysis techniques and contribute significantly 
to the enhanced interpretation of seismic sections 
[31]. In this study, a total of 63 different texture-
based seismic texture attributes have been 
applied, with a brief summary provided in Table 
1. 

 

2.3. Super-pixel 

For interpreting and clustering seismic 
sections, a pointwise approach may be utilized, 
where each data point in the seismic volume is 
considered an individual sample. These samples 
are described using various seismic attributes. 
However, clusters generated using this approach 
often appear noisy. This is primarily due to 
inherent seismic data characteristics and 
numerous factors that introduce errors into the 
clustering process, such as random noise. As a 
result, cluster assignments tend to fluctuate over 
short spatial ranges, producing unstable 
groupings that may also be affected by the 
frequency content of the data. Such behavior is 
generally unsuitable for reliable seismic 
interpretation. Therefore, the effectiveness of the 
pointwise method is considered limited, 
prompting the use of superpixel segmentation 
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techniques as a more accurate alternative for 
seismic data analysis [9]. A superpixel is defined 
as a group of adjacent pixels that are grouped 
together based on shared characteristics, making 
them a coherent and meaningful unit in image 
analysis. Superpixels aid in identifying object 
positions and boundaries by assigning labels to 

all pixels in a way that ensures those with the 
same label share attributes such as color, 
intensity, or texture. The resulting segments 
collectively reconstruct the image while ensuring 
distinct boundaries between adjacent regions 
based on these attributes. 

Table 1 . The list of 63 different attributes has been used in this paper. 
Seismic textural attribute Brief description 

Statical 
approach 

Chaos 

Statistical methods analyze the spatial distribution of gray levels in 
seismic texture data to extract meaningful attributes. These methods, 
describe patterns of intensity variations. They are particularly effective 
for capturing local structures and subtle textural differences in seismic 
images [19; 20; 27; 29; 38; 51; 53]. 

variance 
Tamir (Edge contents, directionality, Smoothness) 
Gradient of texture 2D 
Gray Level Co-occurrence Matrix 
(Homogeneity, energy, entropy, trace, Cluster prominence, 
Correlation) 
Gray Level Run Length Matrix 
(Gray-Level Nonuniformity, High Gray-Level Run Emphasis, Low 
Gray-Level Run Emphasis, Long Run High Gray-Level Emphasis, 
Run Length Nonuniformity, Short Run High Gray-Level Emphasis) 
Gray Level Difference Matrix (Angular, entropy, Expectation) 
Gray Level Size Zone Matrix 
(Gray-Level Nonuniformity Normalized, Gray-Level Variance, 
Large Zone Emphasis, Large Zone High Gray-Level Emphasis, 
Small Zone Emphasis, Small Zone High Gray-Level Emphasis, 
Zone Entropy, Zone Percentage, Zone-Size Nonuniformity, Zone-
Size Nonuniformity, Zone-Size Variance) 
Neighboring Gray Level Dependence Matrix ( 
Dependence count energy, dependence Entropy 
, Depended Nonuniformity, Depended Nonuniformity Normalized, 
dependence Variance 
, Gray-Level Nonuniformity, Gray-Level Nonuniformity 
Normalized, gray level Nonuniformity 
, gray level Nonuniformity Normalized, Large Dependence 
Emphasis, Large dependence High Gray-Level Emphasis, Small 
Dependence Emphasis, Small dependence high, Gray-Level 
Emphasis) 
Histogram oriented gradient (minimum, Product) 
Local binary pattern 

Transform 
approach 

Fourier Gabor 0º, 45º, 90º) It analyzes seismic textures in alternative domains, such as frequency 
or scale space, by applying mathematical transforms. These methods 
decompose the seismic image into components at various frequencies 
and orientations, enabling multi-resolution analysis. They are 
especially effective for identifying periodic structures, directional 
patterns, and scale-dependent attributes, which are valuable in 
characterizing complex geological structures [41; 58] . 

Fourier2D (Anisotropy, Regularity, skewness, Kurtosis, average, 
median) 

Graph 
based 
approach 

Short path (average, Standard Deviation) 

It models the seismic image as a network where pixels or regions are 
treated as nodes and their relationships form the edges. By analyzing 
graph properties like node degree, connectivity, and edge weights, 
meaningful texture attributes can be extracted. These methods are 
effective in capturing both local and global structural patterns [21; 32]. 

Entropy 
based 
approach 

Dispersion 

It quantifies the complexity or randomness of gray-level distributions 
within seismic images. By measuring the uncertainty or disorder in 
pixel intensity patterns, these approaches can highlight textural 
irregularities that may correspond to geological attributes. Higher 
entropy values often indicate more complex textures, while lower 
values suggest homogeneity. These methods are particularly useful for 
detecting subtle variations in seismic data that might not be evident 
through traditional amplitude-based analysis [6; 7; 37]. 

Distribution 

 
Several approaches exist for performing 

superpixel segmentation in seismic imaging, 
including algorithms like simple linear iterative 

clustering [2; 30]. In this study, we employed the 
adaptive morphological reconstruction (AMR) 
method to achieve superpixel segmentation. 
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AMR aims to improve segmentation quality by 
eliminating insignificant regional minima in 
gradient images while preserving important 
edges, which is crucial for accurate segmentation 
in images with complex textures and noise [36]. 
Compared to other similar methods, AMR offers 
significant advantages when applied prior to 
image clustering. AMR is a morphology-based 
technique that enhances important structural 
features while suppressing small-scale noise and 
irrelevant details. Unlike conventional filtering or 
preprocessing approaches, AMR adapts locally to 
the content of the image, preserving essential 
structures and object boundaries. This 
preprocessing step ensures that the extracted 
features for clustering—such as intensity, color, 
or texture—more accurately represent the true 
content of the image rather than being distorted 
by noise or minor artifacts. Consequently, the 
clustering results become more stable, 
meaningful, and reflective of the actual image 
structures, outperforming other methods that do 
not incorporate adaptive structural 
reconstruction. 

Additionally, we applied the superpixel 
function to further refine the superpixel 
segmentation process. This method efficiently 
partitions the image into compact, uniform 
regions, promoting better spatial coherence and 
boundary adherence in segmented outputs. By 
using the superpixel function, the segmentation 
achieves high accuracy and is well-suited for 
handling noisy and structurally intricate seismic 
images [48]. 

Figure 3 presents the result of the superpixel 
segmentation applied to seismic data. In the next 
stage, to support the clustering process based on 
superpixel, an attribute vector is calculated for 
each segment. This attribute vector is computed 
by averaging the attribute values of all pixels 
within each superpixel, thereby providing a 
representative descriptor for clustering. 

2.4. Feature Selection 

In unsupervised learning tasks such as 
clustering, the choice of attributes significantly 
influences the clarity of patterns, computational 
speed, interpretability, and the ability to 
generalize. Specifically, in seismic data analysis-
where clustering is used to uncover reflection 

patterns—identifying the most meaningful 
seismic attributes is a critical step. One effective 
technique for this purpose is the Laplacian Score, 
which is advantageous because it does not require 
labeled data [3]. This method evaluates each 
attribute based on how well it maintains local 
similarity structures within the dataset. The core 
idea is to model the dataset as a graph where each 
data point is a node (see Appendix A). 

 
Figure 3. The result of super-pixel segmentation of 

seismic section. 

Since attributes may have different scales, 
normalization is applied beforehand. Typically, 
attribute values are rescaled into a [0,1] range to 
ensure uniform contribution and prevent 
dominance by attributes with larger numeric 
ranges. The Laplacian Score was selected 
because it preserves the local manifold structure 
of the data, allowing the selection of features that 
best maintain neighborhood consistency. This 
property is particularly beneficial in seismic data, 
where reflection continuity and spatial coherence 
are key geological attributes. 

To decide which attributes to retain, a ranking 
plot is analyzed-similar in spirit to the elbow 
method. Instead of setting a fixed threshold, the 
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method examines visible changes in the ranking 
slope to select the most impactful attributes. As 
illustrated in Figure 5, 21 attributes were finally 
selected. These accounted for over 50% of the 
total score, representing the most informative 

attributes for clustering seismic data. This 
selection, from an original pool of 63 attributes, 
ensures reduced dimensionality while preserving 
interpretive accuracy for the detection of salt 
dome geobodies. 

 

 
Figure 4. Scoring of attributes using the Laplacian method, red columns are selected for clustering. 

 
Figure 5. The 21 selected attributes through attribute selection algorithm from the 63 attributes listed in 

Table 1; It is notable that these attributes are shown after rescaling. 

2.5. Clustering 

Clustering is one of the most important and 
widely used unsupervised learning methods, 
aiming to partition a dataset into groups such that 
members within each group are highly similar to 
each other and distinctly different from members 
of other groups. This process helps uncover 
hidden structures in data and facilitates 
subsequent analysis. Various similarity measures 

exist, with Euclidean distance being among the 
most commonly used [1]. 

The K-Means algorithm, as one of the 
simplest and most popular clustering methods, 
begins by randomly selecting ܭ initial centers 
{݉ଵ, ݉ଶ, … , ݉௄}. Each data point ݔ௜ ∈ ℝ஽ is 
then assigned to the nearest center. After 
assignment, cluster centers are updated as the 
mean of the points assigned to each cluster. This 
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iterative process continues until the cluster 
centers stabilize or a convergence criterion is met.  

Given the limitations of classical algorithms, 
transforming the clustering problem into an 
optimization task and employing metaheuristic 
algorithms has proven effective for improving 
clustering quality. The objective is to find cluster 
centers that minimize the DB index (see 
Appendix B): 

min
௄,ௌ,ௗ

 
1
ܭ

෍  
௄

௜ୀଵ

max
௝ஷ௜

 ቆ ௜ܵ,௤ + ௝ܵ,௤

݀௜,௝,௧
ቇ (3) 

In this study, two well-known metaheuristic 
algorithms—Genetic Algorithm (GA) and 
Particle Swarm Optimization (PSO)—are utilized 
to solve the clustering problem. 

The Genetic Algorithm is inspired by the 
natural evolution process and maintains a 
population of candidate solutions 
(chromosomes), each representing a set of cluster 
centers. Each chromosome is defined as a vector 
containing the coordinates of the ܭ cluster 
centers in the ܦ-dimensional feature space: 

Chromosome = [݉ଵ , ݉ଶ, … , ݉௄], ௝݉ ∈ ℝ஽ . (4) 

In each generation, data points are assigned to 
clusters based on the centers encoded in each 
chromosome, and the Davies-Bouldin index is 
calculated for each chromosome. The DB value 
is considered inversely proportional to the fitness 
function: 

ݏݏ݁݊ݐ݅ܨ =
1

 (5) .ܤܦ

The evolutionary process includes selection, 
crossover, and mutation operators: 

 Selection: Superior chromosomes are selected 
using methods such as roulette wheel or 

tournament selection to have a higher chance 
of producing offspring. 

 Crossover: Two parent chromosomes 
exchange parts of their genes (cluster centers) 
to produce new offspring. For example, 
single-point crossover is defined as: 

Childଵ = [݉ଵ
(௉ଵ), … , ݉௖

(௉ଵ), ݉௖ାଵ
(௉ଶ), … , ݉௄

(௉ଶ)], 
(6) 

Childଶ = [݉ଵ
(௉ଶ), … , ݉௖

(௉ଶ), ݉௖ାଵ
(௉ଵ), … , ݉௄

(௉ଵ)] 

where ܿ is the crossover point and ܲ1, ܲ2 are 
the parents. 

 Mutation: With a small probability, some 
genes (cluster center coordinates) are 
randomly altered to maintain population 
diversity and increase the chance of escaping 
local optima. Mutation is often implemented 
by adding Gaussian noise to the coordinates: 

௝݉
ᇱ = ௝݉ + ࣨ(0,  ଶ), (7)ߪ

where ࣨ(0,  ଶ) is Gaussian noise with zeroߪ
mean and variance ߪଶ. 

This process repeats until a stopping criterion 
such as a maximum number of generations or 
lack of improvement in fitness is met. This 
structure enables GA to extensively explore the 
search space and avoid premature convergence, 
making it an effective method for improving 
clustering quality compared to classical 
algorithms [22]. 

Particle Swarm Optimization (PSO) is 
inspired by social behaviors observed in groups 
such as bird flocks. Each particle represents a 
candidate solution (cluster centers) moving in the 
search space. Particles update their velocity and 
position based on their personal best position and 
the global best position found by the swarm. The 
velocity and position update equations are: 

 

ݐ)௜ݒ + 1) = ݓ ⋅ (ݐ)௜ݒ + ܿଵ ⋅ ଵݎ ⋅ ቀ݌௜
௕௘௦௧ − ቁ(ݐ)௜ݔ + ܿଶ ⋅ ଶݎ ⋅ ൫݃௕௘௦௧ − ,൯(ݐ)௜ݔ ݐ)௜ݔ + 1) = (ݐ)௜ݔ + ݐ)௜ݒ + 1), (8) 

 
Where, ݓ is the inertia weight balancing 

global and local search, ܿଵ and ܿଶ are the 
cognitive and social learning coefficients, ݎଵ and 
 ଶ are random numbers uniformly distributed inݎ
[40]. 

Numerous studies have shown that PSO, due 
to its simple structure, faster convergence speed, 

and fewer parameters, performs very well in 
continuous optimization problems and is often 
computationally more efficient than GA. 
However, PSO may get trapped in local optima, 
which can be mitigated by proper parameter 
tuning or hybridization with other methods. 
Conversely, GA, though slower to converge, 
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provides better exploration capabilities and 
robustness against local optima. Employing 
metaheuristic algorithms such as GA and PSO in 
clustering, especially for high-dimensional and 
complex datasets, offers a powerful approach to 
overcome the limitations of classical methods and 
achieve higher-quality clustering results. 
Throughout this study, the Davies-Bouldin index 
serves as the primary metric for quantitatively 
comparing the performance of different 
clustering algorithms. 

3. Result  

The objective of this study is to identify the 
salt dome geobody by clustering seismic 
attributes, thereby facilitating automatic 
interpretation of seismic data. To achieve this, 
superpixels were generated, and effective 
attributes were selected based on the Laplacian 
score. For each superpixel, an attribute vector 
was computed according to the selected 
attributes. The clustering of superpixels was then 
performed using both classical and metaheuristic 
K-Means methods, with the results shown in 
Figure 6. Figure 6(a) illustrates the clustering 

results using the classical K-Means method with 
two user-defined clusters. It was observed that, in 
the automatic identification of reflection patterns 
based on seismic attributes, the clusters tend to be 
non-spherical and do not exhibit clear 
separability in the attribute space. Consequently, 
the classical K-Means method yielded 
suboptimal results, as illustrated in Figure 6(a). In 
contrast, Figures 6(b) and 6(c) display clustering 
results using metaheuristic optimization 
algorithms, specifically Genetic Algorithm (GA) 
and Particle Swarm Optimization (PSO). The 
parameter values used for each optimization 
algorithm are provided in Table 2. 

These metaheuristic methods yielded more 
coherent results in distinguishing the salt dome 
from the surrounding stratified layers, 
demonstrating improved identification of the salt 
dome geobody. A comprehensive comparison of 
the employed methods and an evaluation of the 
results against actual geological data will be 
presented in the discussion section. The initial 
findings indicate that metaheuristic clustering 
algorithms significantly enhance the accuracy 
and reliability of automatic seismic interpretation 
for salt dome detection. 

 
Figure 6. Automatic reflection pattern identification using clustering seismic attributes: (a) k-means, (b) GA 
and (c) PSO. The green line is the interpreted boundary of the salt dome resulting from the average manual 

interpretation of three professional interpreters. 
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Table2. Parameter related to two Metaheuristic methods 

Method 

Parameter 

Po
pu

la
tio

n 
si

ze
 

M
ax

im
um

 it
er

at
io

n 

C
ro

ss
ov

er
 p

er
ce

nt
ag

e 

M
ut

at
io

n 
pe

rc
en

ta
ge

 

M
ut

at
io

n 
ra

te
 

In
er

tia
 w

ei
gh

t 

D
am

pi
ng

 r
at

io
 

Pe
rs

on
al

 le
ar

ni
ng

 
co

ef
fic

ie
nt

 

G
lo

ba
l l

ea
rn

in
g 

co
ef

fic
ie

nt
 

GA 500 1000 0.8 0.3 0.02 ---- ---- ---- ---- 
PSO 500 1000 ---- ---- ---- 0.7298 1 1.4962 1.4962 

 
4. Discussion 

In this study, to quantitatively evaluate the 
accuracy of salt dome geobody identification, an 
unsupervised clustering method based on 
metaheuristic optimization was employed. The 
validity of the results obtained from this method 
was assessed by comparing them with manual 
interpretations performed by three expert 
interpreters; the interpreted areas by these experts 
are indicated by green lines in Figure 2a. The 
quantitative comparison results are presented in 
Table 2. 

To assess the identification accuracy of the 
salt dome, the extracted results were first 
binarized into two classes: "salt" and "non-salt." 
This binarization enabled the application of 
quantitative evaluation metrics. The F1-
score was used as the primary evaluation metric, 
which combines precision and recall, and is 
especially valuable when dealing with 
imbalanced datasets. The F1-score is defined as 
follows: 

F1 − Score = 2 ×
precision × recall 
precision + recall   

precision =
ܶܲ

ܶܲ +  (9) ܲܨ

recall =
ܶܲ

ܶܲ +   ܰܨ

where, the values of ܶܲ (True Positive), ܲܨ 
(False Positive), ܰܨ (False Negative), and ܶܰ 
(True Negative) are obtained from the 
classification confusion matrix. The F1 score 
ranges from 0 (worst) to 1 (best), and it's 
especially useful when both false positives and 
false negatives matter [10]. The F1-score values 
for the binarized clustering results in this study 

are presented in Table 3. The results demonstrate 
that metaheuristic algorithms provide outputs that 
are closer and more consistent with manual 
interpretation compared to classical methods. 
Notably, the genetic algorithm has significantly 
outperformed others by accurately delineating the 
salt dome geobody from the surrounding 
sediments. 

Table 3. Comparison of the accuracy and F1-score 
of results. 

attribute F1_score accuracy 
K-means 80.61 83.86 

GA 83.08 95.70 
PSO 82.48 92.94 

 
These findings highlight the effectiveness of 

metaheuristic optimization methods for seismic 
data analysis and the precise identification of 
complex geological structures, suggesting their 
potential as effective tools in geological studies 
and natural resource exploration. From a 
geological perspective, the improved delineation 
of salt dome boundaries achieved through the 
proposed metaheuristic clustering approach has 
direct implications for hydrocarbon exploration. 
The identified salt dome geometries reveal 
distinct deformation patterns and boundary 
contrasts that likely correspond to structural 
uplifts and potential hydrocarbon traps. In 
particular, the sharp lateral terminations observed 
in the clustered results may indicate sealing 
surfaces along the flanks of the dome, which 
represent favorable sites for hydrocarbon 
accumulation. Moreover, the strong 
correspondence between automatically detected 
salt boundaries and expert interpretations 
confirms the reliability of the method for 
predicting reservoir geometry and assessing 
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drilling risks. Overall, these results demonstrate 
that beyond algorithmic performance, the 
proposed workflow provides meaningful 
geological insights into subsurface salt-related 
structures and enhances their interpretation in the 
context of real-world reservoir characterization. 

To evaluate the quality of clustering obtained 
from different methods, the Davies-Bouldin 
Index was used as a well-established and reliable 
metric. This index simultaneously measures the 
internal cohesion of each cluster and the 
separation between clusters, providing a 
comprehensive assessment of the clustering 
algorithm’s performance. A lower Davies-
Bouldin Index value indicates higher clustering 
quality and better separation between clusters. 

The results showed that both metaheuristic 
algorithms, Genetic Algorithm (GA) and Particle 
Swarm Optimization (PSO), performed better 
than classical methods. Specifically, the Davies-
Bouldin Index values were 18.9802 for GA and 
26.1813 for PSO, while classical methods yielded 
a value of 31.7854. This indicates that the 
clustering quality obtained by the Genetic 
Algorithm is superior. 

As shown in Table 4, the Genetic Algorithm 
achieves the highest accuracy and the lowest DB 
index, indicating superior clustering quality 
compared to the other methods. Figure 7 
illustrates the changes in the optimal cost 
(objective function value) over the number of 
iterations for the GA and PSO algorithms. As 
observed, PSO converges faster than GA and 
reduces the cost more steeply in the initial 
iterations, demonstrating PSO’s higher efficiency 
in reaching near-optimal solutions quickly. 

However, although PSO converges earlier, the 
final optimal cost and Davies-Bouldin Index 
values are lower (better) for the GA algorithm. 
This suggests that despite its slower convergence 
rate, the Genetic Algorithm has a better capability 
to find more optimal solutions and produce 
higher-quality clustering. 

Beyond the algorithmic advantages, the 
proposed metaheuristic clustering framework 
also provides new geological insights into salt 
tectonics. The identified dome boundaries and 
deformation fronts correlate well with structural 
highs and closure zones that typically act as 
hydrocarbon traps. Furthermore, the sharp 
textural contrasts at the dome margins may 

indicate overthrust or fault-assisted migration 
pathways. Such insights can support field 
development strategies, particularly for well 
placement and risk management in drilling 
through over-pressured zones adjacent to salt 
bodies. 
 

 
Figure 7. Best cost diagram based on iteration for 

GA, PSO and ROA algorithm. 

Table 4. Results of DB index based on GA, PSO 
and k-means algorithm. 

Method GA PSO Classic 

DB index 18.9802 26.1813 31.7854 

5. Conclusions 

In this study, we proposed a novel 
unsupervised framework for the automatic 
identification of salt dome geobodies in 2D 
seismic sections by leveraging clustering 
techniques based on metaheuristic optimization 
algorithms. The methodology integrated a 
comprehensive suite of both conventional and 
advanced textural seismic attributes, followed by 
attribute selection using the Laplacian Score to 
enhance model efficiency and interpretability. 
The selected attributes were then clustered using 
metaheuristic-based algorithms, which are 
capable of dynamically determining the optimal 
number of clusters and effectively handling 
complex, non-spherical data distributions. 

The proposed approach was validated on real 
seismic data from an oil field in southwest Iran 
and benchmarked against manual interpretations 
provided by multiple expert interpreters. The 
results demonstrated that the metaheuristic-based 
clustering method not only improved the 
accuracy and robustness of salt dome delineation 
but also significantly reduced interpreter bias and 
the time required for analysis. Furthermore, the 
use of the Davies-Bouldin index as a clustering 
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quality metric confirmed that the metaheuristic 
algorithms outperformed traditional clustering 
techniques such as k-means, especially in 
scenarios involving complex geological 
structures. 

Despite these promising outcomes, some 
limitations remain. The current study was 
conducted on a single 2D seismic section, and the 
scalability of the method to larger and more 
diverse 3D datasets remains to be explored. 
Additionally, while the proposed framework 
reduces dependency on labeled data, its 
performance is still sensitive to the selection of 
input attributes and algorithmic parameters. 

Future research will focus on optimizing the 
computational efficiency of the algorithm to 
enable large-scale 3D seismic data analysis. The 
method will also be tested and validated across 
multiple datasets from various geological settings 
to ensure its robustness and general applicability. 
Integrating supplementary data sources, such as 
petrophysical and well-log information, could 
further enhance the interpretational power and 
reliability of the automated workflow. Ultimately, 
this research paves the way for the development 
of high-performance, fully automated tools for 
seismic data analysis and interpretation, 
supporting more efficient and objective 
subsurface characterization in the oil and gas 
industry. The presented unsupervised 
metaheuristic clustering framework not only 
advances automated seismic interpretation but 
also offers a practical and scalable tool for 
reducing interpreter bias in subsurface 
characterization and hydrocarbon exploration. 

Appendix 
A. Laplacian Score 

For a given attribute  ࢇ௝ =
ൣܽଵ

௝ , ܽଶ
௝ , ⋯ , ܽ௠

௝ ൧
்

with ܽ ௜
௝ representing the value of 

the  ݆-th attribute for the ݅-th sample, the full 
dataset consists of ݅-th sample such samples 
across ݊ attributes. [26]. 

A nearest-neighbor graph is formed, 
connecting each node to its local neighbors. The 
strength of the connection between two samples 
࢞௜and ௝࢞ is measured using a Gaussian kernel as: 

௜௝ݏ = ݁
ฮ࢞೔ି࢞ೕฮమ

௧   , (A1) 

where ݐ is a scaling parameter determined 
either heuristically or through subsampling 
methods that explore different values and assess 
structural consistency. All similarity values are 
assembled into a matrix ܁ =  ௜௝൧, whereݏൣ
unconnected nodes yield zero entries. A diagonal 
matrix ۲ captures the sum of similarities for each 
sample (i.e., node degree), and the graph 
Laplacian is defined ۺ as:  

ܮ = ܦ − ܵ, 

ܦ = ݀݅ܽ݃(ܵ ×  .(݋
(A2) 

Here, ࢕ is a column vector of ones. Each 
attribute's relevance is evaluated using: [26]: 

௝݈ = ௝݇
ܮ் ௝݇

௝݇
ܦ் ௝݇

= 1 − ௝݇
்ܵ ௝݇

௝݇
ܦ் ௝݇

, 

௝݇ = ௝ܽ − ௝ܽ
݋ܦ்

݋ܦ்݋ ×  .݋

(A3) 

In MATLAB implementations, the quantity 
࢑௝

࢑௝܁் ࢑௝
۲࢑௝ൗࢀ  is used directly to rank attributes, 

with higher values indicating greater importance. 
This is a slight deviation from the original 
Laplacian score definition, where lower scores 
signify higher relevance. 

B. K-Means clustering as optimization 
problem 

The primary objective of K-Means is to 
minimize the sum of squared errors (SSE), 
defined as [3]: 

ܧܵܵ = ෍  
௄

௞ୀଵ

෍  
௫೔∈௖ೖ

௜ݔ‖ − ܿ௞‖ଶ , ܿ௞ =
1

|ܿ௞| ෍  
௫೔∈௖ೖ

௜ݔ . (B1) 

Despite its simplicity and computational 
efficiency, K-Means suffers from limitations 
such as sensitivity to the initial cluster centers and 
the tendency to get trapped in local optima, which 
may degrade clustering quality. 

To evaluate clustering quality, the Davies-
Bouldin (DB) index is widely recognized as a 
reliable metric. This index measures the ratio of 
intra-cluster scatter to inter-cluster separation, 
aiming to minimize this ratio so that clusters are 
compact and well-separated. The DB index is 
computed as follows [14]: 
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௜ܵ,௤ = ቌ
1
݊௜

෍  
௫∈௖೔

,ݔ)݀  ݉௜)௤ቍ

ଵ
௤

, ݀௜,௝,௧ = ‖݉௜ − ௝݉‖௧, (B2) 

ܤܦ =
1
ܭ

෍  
௄

௜ୀଵ

max
௝ஷ௜

  ቆ ௜ܵ,௤ + ௝ܵ,௤

݀௜,௝,௧
ቇ, (B3) 

where ݊௜ is the number of points in cluster ݅, 
,ݔ)݀ ݉௜) is the Euclidean distance between point 
 ݐ and ݍ and cluster center ݉௜, and parameters ݔ
are positive integers that can be chosen 
independently. Using the DB index, the K-Means 
clustering problem can be formulated as an 
optimization problem, in which the number of 
clusters and their centers are determined such that 
the DB index is minimized. 

min
௄,ௌ,ௗ

 
1
ܭ

෍  
௄

௜ୀଵ

max
௝ஷ௜

 ቆ ௜ܵ,௤ + ௝ܵ,௤

݀௜,௝,௧
ቇ. (B4) 
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