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Generalizaciéon del mejoramiento de imagenes sismicas
post-apilado a partir del aumento de datos usando modelos
generativos profundos

RESUMEN

Las imagenes sismicas post-apiladas suelen contener ruido y distorsiones estructurales que dificultan la interpretacién
precisa del subsuelo, especialmente en contextos geolégicamente complejos. Los métodos de mejoramiento sismico incluyen
técnicas clédsicas de filtrado, que dependen del conocimiento de expertos y pueden comprometer la fidelidad estructural,
asi como enfoques de aprendizaje supervisado, mas flexibles pero dependientes de datos representativos y etiquetados.
Aunque estos métodos han mostrado resultados prometedores, persisten limitaciones en su capacidad de generalizacién
cuando se aplican a datos de campo, debido a la discrepancia entre los conjuntos de entrenamiento y la variabilidad
real del subsuelo. Para superar estas restricciones, se propone una metodologia generativa—supervisada que integra
sintesis estructural con entrenamiento dindmico. El enfoque aprovecha cinco complejidades estructurales observadas en
cuencas emergentes colombianas (plano, inclinado, plegado, diapirico y fallado) para entrenar un generador progresivo
condicional y un autoencoder variacional, con los cuales se producen parches limpios que sirven como referencia en la
tarea de mejoramiento supervisado. Previo a esta tarea, los parches se degradan dindmicamente mediante operadores
sintéticos, generando en cada iteracién pares limpios—ruidosos diversos para robustecer el entrenamiento. Experimentos
con datos de campo muestran que nuestro método atenia el ruido de manera efectiva y preserva la geometria estructural,
demostrando capacidad de generalizacion incluso cuando el entrenamiento se realiza exclusivamente con datos sintéticos.

Palabras clave: datos sismicos, modelos generativos, geologia estructural, aumento de datos, atenuacién de ruido sismico,
aprendizaje supervisado.

OBJETIVOS

Objetivo general
Generalizar la tarea de mejoramiento de imagenes sismicas post-apilado mediante el aumento de datos usando modelos
generativos profundos que integren informacién de geologia estructural dentro de un esquema de aprendizaje supervisado.

Objetivos especificos
1. Definir el conjunto de caracteristicas estructurales y patrones presentes en las imdgenes sismicas post-apilado.

2. Implementar una red neuronal para la generacién de imagenes sismicas post-apilado considerando informacion de
geologia estructural.

3. Desarrollar un esquema de aprendizaje supervisado para resolver la tarea de mejoramiento de datos sismicos
integrando el modelo generativo de imagenes sismicas post-apilado.

4. Validar la capacidad de generalizacién de la tarea de mejoramiento de imagenes sismicas con experimentos de
atenuacion de ruido y correccién de danos estructurales.

PREGUNTA DE INVESTIGACION

s Como puede la integracion de modelos generativos profundos que incorporan informacion de geologia estructural mejorar
la capacidad de generalizacion en la tarea de mejoramiento de imagenes sismicas post-apilado, especificamente en la
atenuacion de ruido y la correccion de danos estructurales?
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Generalization of post-stack seismic image enhancement through data
augmentation using deep generative models

Geraldine Ariza-Serrano*, Paul Goyes-Pefiafiel’, José Sanabria-Gémez?*

ABSTRACT

Post-stack seismic images often contain noise and struc-
tural distortions that hinder accurate subsurface inter-
pretation, particularly in geologically complex settings.
Seismic enhancement methods include classical filtering
techniques, which rely on expert knowledge and may com-
promise structural fidelity, as well as supervised learning
approaches, which are more flexible but depend on la-
beled representative data. Although these methods have
shown promising results, their generalization capability
remains limited when applied to field data, mainly due
to discrepancies between training datasets and real sub-
surface variability. To address these limitations, we pro-
pose a supervised—generative methodology that integrates
structural synthesis with dynamic training. The approach
leverages five structural complexities observed in Colom-
bian emerging basins (planar, dipping, folded, diapiric, and
faulted) to train a conditional progressive generator and
a variational autoencoder, producing clean patches that
serve as references for the supervised enhancement task.
Before this task, the patches are dynamically corrupted
using synthetic degradations, thereby generating diverse
clean—noisy pairs in each iteration. Experiments with field
data demonstrate that our method effectively attenuates
noise while preserving structural geometry, confirming its
generalization capability even when training is performed
exclusively with synthetic data.

INTRODUCTION

The quality of seismic data largely depends on the signal-to-
noise ratio (SNR) present in the recordings, which may be
affected by various sources of noise, including environmen-
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tal factors (e.g., wind or traffic), instrumental interference,
and electrical noise (Zhu et al., 2018). These unwanted
signals can obscure important geological features, such
as faults and folds, which are crucial for subsurface inter-
pretation and hydrocarbon exploration (Wang et al., 2017).

To obtain reliable seismic images, raw field data must
undergo a series of processing steps aimed at enhancing
the signal and attenuating noise. This process, known as
seismic data processing, includes data editing, amplitude
recovery, deconvolution, filtering, normal moveout (NMO)
correction, stacking, and migration (Alsadi, 2017; Liner,
2016). Among these steps, stacking of common midpoint
(CMP) traces is particularly effective, as it increases the
SNR by a factor of VN , where N is the number of stacked
traces (Rashed, 2014). The output of this procedure is a
so-called post-stack seismic image, which represents the
subsurface after the stacking operation has enhanced co-
herent reflections and attenuated random noise.

Post-stack seismic images, although improved in SNR,
may still contain residual noise and structural distortions.
Traditional noise removal techniques often rely on spectral
filtering, temporal smoothing, or deconvolution; however,
these methods are typically dependent on expert knowl-
edge and require careful parameter tuning, in addition
to being time-consuming (Cheng et al., 2023; Al-Heety
and Thabit, 2022). To overcome these challenges, deep
learning-based methods—especially convolutional neural
networks (CNNs)—have been proposed (Liu et al., 2023).
CNNs are particularly well-suited for image processing
tasks because they can learn to extract meaningful pat-
terns from data (Zhang et al., 2021). These networks are
typically trained within a supervised learning framework,
which requires paired data, where noisy images serve as
input and clean images serve as labels for training. Since
clean seismic images are often scarce, due to limited pub-
lic availability and data confidentiality, generative models
have been employed to synthesize new examples based
on a small set of available data (Goodfellow et al., 2020;
Creswell et al., 2018; Marano et al., 2024; Oliveira et al.,
2019; Grijalva et al., 2021). Meanwhile, degraded images
are created by applying various noise operators to clean
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post-stack images (Fogat et al., 2023), producing synthetic
training pairs that mimic field conditions and enable the
network to learn effective denoising mapping (Birnie and
Ravasi, 2024).

While machine learning and deep learning have demon-
strated exemplary performance in seismic applications,
their ability to generalize beyond the training domain re-
mains a common challenge. Generalization refers to a
model’s ability to perform well on unseen data. In seismic
applications, models are often trained on limited datasets,
frequently restricted to specific survey areas or geological
settings, which increases the risk of overfitting. As a re-
sult, when applied to new data with different structural
patterns or acquisition conditions, the models may not
achieve the same level of accuracy, potentially producing
artifacts or suboptimal results (Park et al., 2025; Choi et al.,
2021). Recent studies suggest that incorporating explicit
structural information—for instance, through geological
priors or class-conditional generative models—can help
improve generalization and enable networks to adapt to a
broader variety of subsurface scenarios (Wang et al., 2022).

To address this challenge and enable generalization to
field data, this study proposes a framework for post-stack
seismic image enhancement using deep learning models
trained on synthetically generated datasets enriched with
structural geological information. In this study, five struc-
tural complexity classes (planar, dip, folded, diapiric, and
faulted) were defined based on observations from emerg-
ing Colombian sedimentary basins and used to guide the
generative and supervised components of the framework.
Clean synthetic images are first generated based on these
structural classes and then degraded with multiple noise
operators to produce paired training samples. The en-
hancement network learns a supervised mapping between
degraded and clean patches, enabling denoising and struc-
tural recovery. Trained entirely on synthetic images cap-
turing diverse structural patterns, the network improves
its generalization capability and performs effectively on
field seismic data. Therefore, this framework provides
a systematic approach for post-stack seismic image en-
hancement while maintaining adaptability to geologically
complex exploration environments.

THEORETICAL FRAMEWORK
Post-stack seismic images

The seismic method is an active technique that exploits
elastic waves to investigate subsurface characteristics. A
controlled source generates seismic waves that propagate
through the ground, where they are reflected by subsurface
layers and subsequently recorded by instruments known as
geophones, which measure the resulting ground deforma-
tions. Seismic reflection analysis focuses on these reflected
waves to characterize the structure of geological layers,
with the recorded ground deformation over time forming a

time series known as a seismic trace. The propagation path
of the waves is determined by the physical properties of
the subsurface materials (Liner, 2016; Dentith and Mudge,
2014).

The data acquired through this method requires specific
processing steps to interpret the subsurface response prop-
erly. This includes applying static corrections to adjust
variations in travel times and applying filters to eliminate
unwanted features of the seismic signals. Subsequently,
a stacking process is performed to convert the data into
a zero-offset format and sum the seismic traces, which
provides information on subsurface velocities while sup-
pressing unwanted noise and non-reflected arrivals (Liner,
2016). As illustrated in Figure 1, stacking can cancel out
some random noise, resulting in a clearer seismic signal.
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Figure 1: Example of stacking for random noise cancella-
tion (Liner, 2016).

After the stacking process, it is common to represent the
results using post-stack seismic images (Oren and Nowack,
2018). These images provide a representation of the strati-
graphic and structural properties of the subsurface. This
allows geological layers and other relevant subsurface fea-
tures to be more clearly observed and analyzed, facilitating
the interpretation of seismic information (Barnes, 2016;
Du et al., 2022). For example, Figure 2 shows a seismic sec-
tion and its equivalent interpreted geological model, where
different faults can be identified as geological structures.

Seismic images obtained after stacking often contain
various types of noise introduced during acquisition, which
were not removed in previous processing steps. This noise
originates from sources such as wind, traffic, electrical
interference, and instrumentation (Zhu et al., 2018). In
general, it can be classified as coherent or random noise
(Fogat et al., 2023), each affecting the data differently.
Coherent noise, which shows continuity across multiple
seismic traces, includes direct arrivals, refractions, diffrac-
tions, surface waves, and multiples, and can obscure true
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Figure 2: (a) Seismic image and (b) its interpreted geolog-
ical model, highlighting the presence of faults (Jamaludin
et al., 2018).

subsurface structures if not removed. Random noise, on
the other hand, lacks a consistent spatial pattern and dis-
rupts the structural coherence of reflectors unpredictably
(Bormann and Wielandt, 2013). Therefore, after stacking,
additional processing is carried out to remove this noise
and clearly define seismic structures.

Post-stack seismic image enhancement

Post-stack seismic images often contain noise that hin-
ders the interpretation of subsurface features. Traditional
enhancement techniques, such as filtering and deconvolu-
tion, aim to reduce noise and improve structural continuity
but typically require manual parameter tuning and may
fail in complex geological settings (Ewida and Sarhan,
2023a). Deep learning has emerged as a promising alter-
native, leveraging neural networks to automate the en-
hancement process by attenuating the present noise. The
success of these deep learning methods depends heavily
on the availability of sufficient and representative training
data—a significant limitation in seismic imaging, where
high-quality post-stack datasets are expensive to acquire,
often not publicly available, and consequently, only a lim-
ited number of examples can be utilized (Sheng et al., 2025).
To overcome this limitation, state-of-the-art approaches
employ generative neural networks, such as variational
autoencoders (VAEs) and generative adversarial networks
(GANSs), which learn the underlying data distribution and
can generate realistic synthetic seismic images consistent
with the observed data.

Generative models for data augmentation

The scarcity of high-quality post-stack seismic data, which
are costly to acquire and often not publicly available, lim-
its the amount of data that can be used for training deep

learning models. Data augmentation strategies are, there-
fore, essential to increase the diversity and volume of
training examples. Generative models, such as variational
autoencoders (VAEs) and generative adversarial networks
(GANSs), are particularly well-suited for this task, as they
learn the underlying distribution of the training data and
can produce synthetic samples that realistically mimic the
characteristics of the original dataset (Suzuki and Matsuo,
2022).

Variational Autoencoders (VAEs) enable the extraction
of a latent representation from input data, allowing the
generation of new samples with similar characteristics (Hou
et al., 2016; Akkem et al., 2024). Unlike traditional autoen-
coders that merely compress and reconstruct data, VAEs
learn the underlying data distribution, enabling proba-
bilistic sampling from the latent space to generate new
instances (Ko et al., 2024). Specifically, the encoder maps
an input x to a latent vector z, parameterized by ¢, and z
is sampled from a Gaussian distribution defined by these
parameters. The decoder then reconstructs the output x’
from z, parameterized by 6, approximating the original
data distribution. This variational inference framework al-
lows VAEs to produce diverse samples, avoid mode collapse
common in GANs, and efficiently cover the data distri-
bution. However, the generated outputs may be slightly
less sharp (Kebaili et al., 2023). Figure 3 illustrates this
encoding-decoding process and the probabilistic nature of
the latent space.
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Figure 3: Schematic of a Variational Autoencoder (VAE)
(Zhu, 2020).

GANSs, in contrast, consist of two neural networks—a
generator and a discriminator—that are trained interac-
tively. The generator aims to produce synthetic data
capable of deceiving the discriminator, while the discrimi-
nator strives to distinguish real from generated data. This
zero-sum game continues until the discriminator can no
longer reliably distinguish between real and synthetic sam-
ples (Creswell et al., 2018; Li et al., 2020). GANs have
proven effective for generating high-resolution synthetic
data, increasing both the diversity and quantity of samples
for model training. This has been particularly beneficial
in seismic image processing, where GAN-generated data
enrich limited datasets (Goodfellow et al., 2020; Marano
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et al., 2024; Oliveira et al., 2019).

Variants such as Progressive Growing GANs (PGGAN)
progressively increase network resolution during training,
allowing the model first to learn general patterns and then
refine details (Karras et al., 2017). The PGGAN generates
images from a latent vector z ~ N(0,I) where I is the
identity matrix, the synthetic image can be generated by:

X = G(2), (1)

where G is the progressively trained generator network,
increasing the resolution from K x L to M x N (Torres-
Quintero et al., 2025). There are cases where these net-
works can be conditioned. For example, Conditional PG-
GAN extends the standard PGGAN framework by incor-
porating additional information ¢, which can guide the
image generation process. This condition can represent
class labels or any auxiliary information (Golfe et al., 2023).
The generator then produces images based on both a latent
vector z and the condition c:

X = G(zlc). (2)

Degradation process

In traditional seismic data processing workflows, degrada-
tion modules are commonly employed to emulate acquisi-
tion and processing artifacts. These modules apply noise
operators to clean seismic images, generating corrupted
counterparts that are then paired with the original clean
images for supervised training. This process enables en-
hancement networks to learn how to suppress noise and
restore structural continuity. Reported strategies incorpo-
rate up to sixteen degradation functions, such as Gaussian
noise, impulse noise, speckle, and wave-like patterns, de-
fined from the analysis of field post-stack seismic images
(Torres-Quintero et al., 2025). These operators are specif-
ically designed to reproduce both random and coherent
noise typically encountered in seismic datasets (Fogat et al.,
2023; Al-Shuhail and Al-Dossary, 2020).

This degradation process can be described mathemati-
cally as:

Y = P(X), (3)

where X denotes the clean seismic image, P is a cor-
ruption operator, and Y represents the degraded image.
This formulation corresponds to the forward problem, in
which synthetic degradation simulates realistic acquisition
or processing artifacts. Figure 4 illustrates this process,
where clean seismic images (X) are corrupted by applying
degradation operators, producing degraded outputs (Y).

Figure 4: Forward problem applied to seismic images,
where a degradation operator P simulates noise and struc-
tural distortions. Clean images X are transformed into
degraded images Y.

Supervised Enhancement Framework with CNNs

The enhancement of seismic images through noise attenua-
tion has frequently relied on convolutional neural networks
(CNNs), which have demonstrated strong performance in
preserving reflector continuity while reducing both coher-
ent and random noise (Li et al., 2022; Wang and Chen,
2019; Yang et al., 2021; Liu et al., 2020). These models fol-
low a supervised learning paradigm, requiring paired data
for training. In this context, clean synthetic images are
generated using deep generative models. In contrast, the
corresponding degraded images are obtained by applying
realistic degradation operators, such as Gaussian, Poisson,
and speckle noise, to emulate field acquisition conditions
(Yuqing et al., 2019; Fogat et al., 2023). This framework
has proven effective in seismic image enhancement tasks
and has direct implications for hydrocarbon exploration,
as clearer seismic sections enable more accurate delineation
of subsurface traps and reservoirs.

Building on this approach for generating paired clean—noisy
data, a supervised enhancement network can be formu-
lated to learn the mapping between degraded and clean
seismic images. Such a network, denoted as My, is trained
using dynamically generated paired data (X,Y), where X
represents clean synthetic patches and Y their degraded
counterparts, obtained through the degradation model
described in Equation 3. The training process aims to
optimize the network parameters 6 by minimizing an ap-
propriate loss function (Torres-Quintero et al., 2025):

0* = arg m@in L(6), (4)

where the cost function £(6) is formally defined as:

L) = % IX = X*||, + (1 - SSIM(X, X*)). (5

The loss function employed in this work is inspired
by methodologies from related studies on seismic data
enhancement (Goyes-Penafiel et al., 2024). It captures the
similarity between the original clean seismic data X and the
enhanced data X* = My« (Y). The function combines the
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Mean Absolute Error (MAE) and the Structural Similarity
Index (SSIM), striking a balance between pixel-level fidelity
and perceptual image quality.

Generalization of the enhancement model

Generalization refers to a model’s ability to recognize pat-
terns or features beyond the training data, i.e., to interpret
structures not previously observed correctly. In the context
of supervised seismic image enhancement, several factors
have been shown to influence generalization, including the
training strategy, the optimization procedure, the choice of
network architecture, and the use of data augmentation to
increase the diversity of input samples (Zhu et al., 2020).
Table 1 summarizes approaches commonly employed in
seismic modeling that have been demonstrated to promote
better generalization .

As summarized in Table 1, using data augmentation
focused on structural features improves the generalization
capabilities of deep learning models applied to seismic
image enhancement. By incorporating information about
folds or faults and including both synthetic and field data
during training, dataset diversity is substantially increased
while also controlling the latent space of the generative
network. This enables the model to recognize and pro-
cess a broader range of features, thereby reducing the gap
between training and field data. Although overfitting prob-
lems may persist because not all structural features are
represented, this approach provides a promising solution
to improve the generalization capabilities of these mod-
els, which is crucial for their practical application in the
processing and analysis of complex seismic images.

METHODOLOGY

To address the challenge of limited generalization in deep
learning—based seismic image enhancement, this work pro-
poses a methodology aimed at improving performance
across different structural settings. The framework inte-
grates deep generative models with supervised learning,
relying exclusively on synthetic data. The proposed strat-
egy is structured around three key components:

1. The definition of structural complexity classes based
on patterns observed in Colombian emerging basins.

2. The synthetic generation of structurally conditioned
clean seismic images using generative models.

3. The application of degradation operators to create
corrupted-clean training pairs.

These elements are integrated into a dynamic training
framework, where clean synthetic images are generated
and degraded on-the-fly while the enhancement network
learns to restore them. This workflow enables simultaneous
data generation and model training, improving variability
and reducing memory usage.

Definition of structural complexities

To ensure that the synthetic dataset reflected realistic ge-
ological conditions, this study focused on the structural
patterns observed in Colombia’s emerging sedimentary
basins as the basis for defining the research objectives.
These basins are regions where a petroleum system has
been recognized, but which remain underexplored or only
partially studied, making them promising targets for future
research and hydrocarbon development (Ministerio de Mi-
nas y Energfa and ANH, 2017). According to the National
Hydrocarbons Agency (ANH), Colombia’s emerging basins
include Guajira (GUA), Guajira Offshore (GUAOFF),
Cesar-Rancheria (CR), Sinti—San Jacinto (SSJ), and the
Lower Magdalena Valley (VIM) as shown in Figure 5.
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Figure 5: Emerging and frontier basins of Colombia (Min-
isterio de Minas y Energia and ANH, 2017).

Given the importance of structural characterization in
these emerging basins, it is essential to define what is
meant by a geological structure. A geological structure is
defined as the geometric configuration of rocks in a spe-
cific area, emphasizing their geometry, distribution, and
formation. In the context of Colombia’s emerging basins,
the structural features identified were grouped into a set of
structural complexities relevant for seismic image analysis,
as they directly control the trapping and accumulation of
hydrocarbons. Table 2 summarizes these main structural
complexities observed in post-stack seismic images, includ-
ing different types of faulting, folding, and diapirism. To
better illustrate these patterns, Figures 6 to 10 present
representative seismic examples that were selected to re-
flect the structural complexities summarized in Table 2,
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Table 1: Comparison of proposed approaches for generalization.

Proposed Approach Advantages

Disadvantages Reference

Training the model with
the augmented dataset im-
proved robustness, learning
capacity, and accuracy in
fault identification, thus en-
hancing generalization.

A deep learning fault iden-
tification method using an
attention mechanism to fo-
cus on target features

Requires a representative
seismic dataset with fault
labels for training; may not
capture all variations and
complexities present in field
seismic data, which can af-
fect performance in extreme
cases.

Wang et al. (2023)

Incorporating information
such as folds and faults, and
combining synthetic with
field data during training,
narrows the gap between
training and field datasets,
improving seismic data gen-
eralization.

A structural data augmen-
tation technique to improve
dataset diversity

Structural data augmen-
tation does mnot increase
waveform diversity or noise
types, which may lead to
overfitting.

Wang et al. (2022)

Improves generalization by
controlling the generation

GAN-guided  supervised .

learning for seismic data of seismic patterns from
. GAN’s latent space, reduc-

reconstruction

ing dependence on large
seismic databases.

Generalization may be lim-
ited if field data are not
included during network
training.

Goyes-Penafiel et al. (2024)

highlighting key geological features such as normal faults,
reverse faults, and mud diapirism.

Table 2: Structural complexities identified in Colombia’s
emerging sedimentary basins.

Structural Complexity GUA GUAOFF CR SSJ VIM

Normal faulting
Reverse faults
Strike-slip faults
Mud diapirism
Propagation folds X
Growth folds
Elongated folds
Inverted faults
Thrust faults

X
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Due to similarities among certain structural complexi-
ties, such as normal (Figure 6) and reverse faulting (Figure
7), which both represent layer discontinuities, the identified
features were grouped into five generalized structural cate-
gories. Although mixed structural patterns are common in
field seismic sections (e.g., faults combined with horizontal
layers or folds), in this work, each patch was assigned
to the category corresponding to its dominant or highest
level of complexity. This criterion ensured consistent la-
beling while still capturing the representative structural
information. The resulting categories are:

1. Multiple planar layers

2. Multiple dipping layers

Two way time (s.)
©

Two way time (s.)

30

Figure 6: Two-dimensional seismic section across an in-
verted west-northwest-east-southeast-striking normal or
transtensional fault. (A) Uninterpreted seismic line. (B)
Interpreted line. (Morley et al., 2009Db).
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Figure 7: Seismic section showing minor reverse faults
(De Jager and Visser, 2017).

3. Folded layers
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Figure 8: Seismic image of a mud diapiric (Folle, 2008).

Figure 9: Seismic section showing a fault-propagation fold
forming an anticline, accompanied by normal faults at the
crest (Morley et al., 2009a).
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Figure 10: Seismic profile showing growth folds in the
northern Guajira basin (Aguilera, 2011).

4. Diapirism

5. Faults

A current limitation in Colombian emerging basins is
the scarcity of high-quality, publicly accessible seismic im-
ages. Because seismic datasets from these basins are rarely

available in open repositories—being subject to commer-
cial confidentiality and restricted access—representative
datasets from analogous geological settings were instead
employed to emulate the five structural complexities de-
fined above. These datasets were selected to ensure that
the extracted patches preserved structural patterns con-
sistent with those observed in Colombian basins. In this
study, exclusively synthetic seismic data were used, includ-
ing TGS Salt Identification (Howard et al., 2018), SEAM
Phase 1 (Fehler and Keliher, 2011), 1994 BP Migration
from Topography (Sam and Kurt, 1995), and AGL Elastic
Marmousi (Martin et al., 2006).

Synthetic image generation

To construct a sufficiently large dataset for the enhance-
ment network, and based on the initial dataset of Colom-
bian structural complexities, three generative models were
evaluated: Progressive Growing GAN (PGGAN) (Kar-
ras et al., 2017), a variational autoencoder-based GAN
(VAE/GAN) (Larsen et al., 2015), and Wasserstein GAN
(WGAN) (Arjovsky et al., 2017). Each model was trained
on 2,500 images (500 per class), without explicit labels,
to assess their ability to capture intrinsic seismic patterns
in an unsupervised manner. Following the methodology
proposed by Torres-Quintero et al. (2025), the selection
of these models was guided by the generative trilemma
framework, which considers sampling speed, diversity, and
quality. Given that the priority in this study was high-
quality and fast image generation, GAN-based architec-
tures were deemed optimal for synthesizing seismic images.

Training followed the main principles of each architec-
ture. For the PGGAN, both generator and discriminator
progressively increased in resolution, starting from 32x32
pixels (since smaller resolutions proved uninformative for
seismic patches) and growing to 128x128 pixels, which
matched the size of the extracted dataset patches. The
VAE/GAN combined a variational autoencoder with an
adversarial discriminator to enforce perceptual similar-
ity, while the WGAN employed Wasserstein distance to
improve training stability and mitigate mode collapse, a
common issue where the generator produces only a limited
subset of outputs when diversity is low.

Based on the comparative evaluation (see subsection Gen-
erative model performance), the PGGAN was identified
as the most suitable model for seismic image synthesis
and was subsequently adapted to include structural con-
ditioning. Specifically, class labels corresponding to the
five generalized structural complexities were integrated
into a latent vector and the generator, allowing the model
to synthesize images based on the selected class. On the
discriminator side, the labels were also integrated and
concatenated with the input image, ensuring that both
networks were conditioned together during training.
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The conditional PGGAN (CPGGAN) followed a pro-
gressive training strategy, where both the generator and
discriminator increased their resolution throughout train-
ing. The process was carried out for a total of 1,300 epochs,
distributed across 100 epochs at a resolution of 32x32, 500
at a resolution of 64x 64, and 700 at a resolution of 128x 128
pixels. Each growth stage consisted of convolutional, nor-
malization, and activation layers, allowing the model to
capture global seismic patterns and progressively refine
structural details at higher resolutions.

During CPGGAN training, a limitation was observed
in the synthesis of images from complexity class 5 (see
subsection Generative model performance for a detailed
discussion of this behavior). Unlike the other structural
classes, the generated fault images frequently lacked well-
defined discontinuities, suggesting that the model strug-
gled to capture the structural complexity of fault con-
figurations. To address this, a Variational Autoencoder
(VAE) was trained exclusively for that class, using a sym-
metric encoder—decoder architecture with three convolu-
tional and three transposed-convolutional layers, and a
64-dimensional latent space. Subsequently, both models
were integrated into a hybrid generative framework that
ensured the generation of all five structural complexities.

To automatically balance the dataset across classes, an
iterative procedure was implemented to generate an equal
number of synthetic images per category. During inference,
the system routes each request by class: non-fault classes
are sampled from the CPGGAN. In contrast, the fault class
is generated by decoding latent representations extracted
from field fault images with the VAE. This hybrid design
provides class balancing, class conditioning, and structural
realism, while also supplying diversity. This hybrid scheme
can be observed in the Figure 11.

Class
label

Yes m No
\/

VA CPGGAN

NN

Dipping Folded

7 Planar

Diapirism

Figure 11: Hybrid framework combining CPGGAN and
VAE for seismic image generation.

Degradation of seismic images

To simulate acquisition and processing artifacts typically
encountered in field seismic surveys, the cleaned synthetic
seismic images were degraded using a set of predefined
noise operators. This procedure was designed to emulate
random and coherent noise patterns commonly present in
post-stack seismic data, such as Gaussian noise, salt-and-
pepper noise, acquisition fringes, frequency perturbations,
and amplitude distortions.

Sixteen noise types previously developed by Torres-
Quintero et al. (2025) were implemented; these noises are
listed in Table 3 and were randomly applied during train-
ing, ensuring that each cleaned synthetic image produced
multiple corrupted versions. While structural balance
across classes was explicitly enforced, noise balance was
not strictly guaranteed. In each iteration, three operators
were randomly chosen and applied independently, followed
by an additional corruption generated by combining three
different operators. This strategy emphasized variability
in the degradation process, exposing the network to a wide
spectrum of corruption patterns without enforcing equal
representation of each noise type.

Table 3: List of 16 noise related to post-stack seismic data
(Torres, 2024).

Noise Type Cause

Gaussian Random

Poisson Random Human activities that generate

Speckle Random . . .
vibrations affecting the

Salt and pepper Random

51 Random geophones

s1 blur Random

Linear Random

Linear vy Random  Faulty sensors

Stripes Random
Rayleigh-type surface wave

Blur Random  that masks relevant seismic
events

Waves Coherent  Over-migration and under-

Wavesa Coherent  migration of the data

Correlated g1 Coherent

Correlated g Coherent  Surface data acquisition

Coherent
Coherent

Correlated g,1
Correlated gy11

geometry

Supervised enhancement network

To restore the quality of seismic images after applying
synthetic degradations, a supervised learning scheme was
implemented. The objective of this stage was to train
a neural network capable of mapping degraded seismic
images to their corresponding clean versions, thereby im-
proving structural continuity and reducing noise artifacts.

For this purpose, a U-Net architecture with attention
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gates (AttU-Net) was adopted, given its encoder—decoder
structure with skip connections, which are designed to
preserve high-frequency details and focus on relevant re-
flector regions. The encoder consists of five convolutional
stages, while the decoder mirrors this hierarchy through
upsampling layers. Attention gates modulate the skip
connections, enabling the network to prioritize structural
patterns such as layer continuity or fault discontinuities
during denoising. Further implementation details and a
repository ensuring the reproducibility of the neural net-
work are provided in the original work (Oktay et al., 2018).

Unlike the generative models, the denoising network was
not explicitly conditioned on structural labels. Instead,
class balance was achieved at the dataset level: for each iter-
ation, an equal number of clean patches was generated per
structural category (500 per class, five classes, i.e., 2,500 to-
tal), ensuring that the model was exposed to all structural
complexities during training. Clean samples were obtained
from the hybrid generative framework—conditional PG-
GAN for planar, dipping, folded, and diapiric structures,
and a fault-specialized VAE for discontinuities—and subse-
quently degraded using a custom module of sixteen opera-
tors, including Gaussian, Poisson, speckle, salt-and-pepper,
and others. Two corruption strategies were applied:

e Simple degradation: three noise types were ran-
domly selected and applied independently to the
clean sample.

e Composite degradation: three noise types were
applied consecutively, producing more complexity
and realistic distortions.

This procedure ensured that each clean image produced
multiple corrupted variants, significantly expanding vari-
ability and forcing the model to generalize across diverse
noise conditions. Up to 10,000 degraded—clean pairs were
generated per iteration, and datasets were dynamically
regenerated with new random seeds to guarantee diversity.
A total of 10 iterations were performed, each trained for
100 epochs, resulting in a cumulative total of 1000 epochs.
By integrating generative models, degradation operators,
and the AttU-Net enhancement network, the framework
delivered supervised mapping of degraded to clean seismic
images. Figure 12 shows a schematic description of how
this denoising process would work.

EXPERIMENTS AND RESULTS
Characterization of structural patterns

As mentioned in the methodology, due to the scarcity of
public seismic data from Colombian emerging basins, freely
accessible datasets were used to construct the structural
dataset. From these sources, patches, each sized 128x128
pixels, were extracted and grouped into five structural
categories: planar, dip, fold, diapiric, and faulted. This

——

|
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\ Structural-conditioned Generative Model \
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Figure 12: Workflow of the supervised enhancement frame-
work. Clean seismic patches (X) are synthesized using a
structural-conditioned generative model, where a latent
vector (z) is combined with a structural class label (c)
to control the generation process. CPGGAN is used for
planar, dipping, folded, and diapiric structures, while a
VAE is employed for faults. The clean images are degraded
(Y) by a custom module with 16 noise operators. The
resulting degraded—clean pairs are then used to train the
supervised enhancement network (AttU-Net), which learns
to recover structural continuity and attenuate noise.

process resulted in a total of 8,850 clean patches. To en-
sure structural consistency, corrupted or noisy samples
were manually discarded. Exclusion criteria included: (i)
patches dominated by random noise with very low signal-to-
noise ratio, (ii) sections where acquisition artifacts masked
the geological features, and (iii) cases where horizons or
discontinuities could not be reliably identified. Representa-
tive examples of excluded images are shown in Figure 13,
highlighting cases where noise or acquisition artifacts pre-
dominated over geological patterns. A summary of the
number of patches per class is presented in Table 4.

Table 4: Number of synthetic post-stack seismic patches
(128 x 128) per structural category extracted from publicly
available datasets selected based on structural similarity
with Colombian emerging basins.

Structural Complexity Number of Patches

1) Planar layers 539
2) Dipping layers 1,187
3) Folded layers 3,584
4) Diapirism 3,234
) Faults 306
Total 8,850
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Figure 13: Examples of discarded patches removed from
the dataset due to excessive noise, acquisition artifacts, or
lack of clear structural information.

In the case of structural complexity 5 (failed), only 153
valid patches could be collected. To increase the represen-
tation of this class and preserve geological consistency, a
reflection strategy was applied. Figure 14 illustrates this
process, which resulted in a total of 306 patches, as shown
in Table 4.

(b) Reflected patch

(a) Original patch

Figure 14: Patch augmentation by reflection for fault
class. (a) Original patch, and (b) a reflected version. This
procedure was applied to increase the number of samples in
the fault category while preserving geological consistency.

Figure 15 shows representative examples of the final clus-
tered patches that do not contain noise and illustrate the
typical structural features associated with each category.
These patterns respect the geological conditions observed
in Colombia’s emerging sedimentary basins and serve as
the basis for generative modeling.

Generative model performance

Following the methodology described above, different gen-
erative models were initially evaluated to identify the most
suitable for seismic image synthesis. Deep learning models
were implemented in Python using the PyTorch library,
and all training was performed on an NVIDIA GeForce
RTX 3060 GPU with 12 GB of memory. Table 5 summa-
rizes the performance of the reference architectures (PG-
GAN, WGAN;, and VAE/GAN), while Figure 16 presents
representative examples of the images generated after train-
ing.

The comparative evaluation of different generative archi-
tectures revealed that not all models are equally applicable
to the various seismic image generation scenarios. Firstly,
the PGGAN network showed a remarkable correlation with
the patterns present in the training data, which consisted

a) Planar layers

i i Dipping layers

b
(c) Folded layers

d) Diapirism

Figure 15: Examples of 128x128 post-stack seismic image
patches for each structural category.

Table 5: Comparison of generative models for post-stack
seismic patch generation.

Number of CPU Metric
Model .
Patches Time (s) “grp I CMMD
PGGAN 1000 112 62.844 3.321+0.110 0.871
VAE/GAN 1000 30 228.668  1.92140.040 1.114
WGAN 1000 264.95 153.662  2.857+0.122 0.872

of clean post-stack seismic images grouped by structural
characteristics. This behavior suggests that the progres-
sive resolution growth approach significantly contributes
to capturing fine structural details, as previously reported
in the literature (Karras et al., 2017). Furthermore, in
comparison to other models, PGGAN achieved higher vi-
sual quality and better quantitative metrics.

On the other hand, training the VAE/GAN model re-
vealed stagnation in learning capacity, despite increasing
the number of epochs; image reconstruction became more
computationally expensive and structurally less coherent.
Finally, although the WGAN model was able to generate
samples with certain similarities to the input data, its



Generalized enhancement of post-stack seismic images using generative data augmentation 13

a) PGGAN

Figure 16: Representative 128x128 post-stack seismic
image patches from the dataset compiled in this work,
illustrating each of the structural categories.

performance was inferior in terms of structural fidelity and
visual realism when compared to PGGAN.

Based on the results obtained, the PGGAN model was
selected as the primary generative architecture due to its
superior performance in terms of visual fidelity, preser-
vation of structural patterns, and quantitative metrics.
Subsequently, the network was conditioned to learn the
predefined structural complexity classes. Training was per-
formed using five structural categories, with the number
of post-stack seismic image patches per class summarized
in Table 4. The generative performance of each structural
category is illustrated in Figure 17.

As shown in Figure 17, the conditional PGGAN (CPP-
GAN) is capable of synthesizing structurally consistent
patterns aligned with planar, dipping, folded, and diapiric
classes. However, for the faulted class, the model failed to
reproduce the expected discontinuities. This limitation is
attributed to the fact that, when training begins at a low
resolution, the distinctive characteristics of faults—mainly
abrupt reflector interruptions—tend to be lost. As a result,
the network fails to capture this pattern adequately and,
in later stages of training, tends to misinterpret it as con-
tinuous geometries such as folds. As shown in Figure 18,
reducing the original image to a lower dimension leads the
network to perceive the discontinuity as a feature similar
to other complexities, resulting in an incorrect structural
representation.

To address this limitation, a specialized generative model
based on a Variational Autoencoder (VAE) was trained,
focusing exclusively on the fault class. As illustrated in
Figure 19, the VAE was able to more consistently represent

d) Diapirism

iei Faults
- et = i

Figure 17: Examples of synthetic post-stack seismic images

generated for each structural category using the conditional
PGGAN.

(c) 32x32

(a) 128x 128 pixels pixels

(b) 64x64 pixels

Figure 18: Progressive loss of resolution in seismic faults:
(a) original patch at 128x128 pixels, (b) downscale to
64 %64 pixels, and (c) further reduced to 32x32 pixels.

the discontinuous geometry of faults, demonstrating its
effectiveness as a complementary model to CPGGAN for
the synthetic generation of this specific structural category.

In this way, both generative networks were integrated
into a conditional framework, resulting in a hybrid strat-
egy that guaranteed the generation of all five structural
complexity classes. Qualitative assessment confirmed the
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Figure 19: Synthetic post-stack seismic images generated
by the VAE trained exclusively on faulted structures (com-
plexity 5).

structural similarity between the generated and training
images, while quantitative evaluation was performed using
the Fréchet Inception Distance (FID). As summarized in
Table 6, the results reflect a correlation between structural
complexity and model performance: lower FID values were
obtained for simpler geometries (planar: 52.59, folded:
52.78), indicating a closer match between generated and
field data distributions and thus higher visual fidelity. In
contrast, faults exhibited the highest FID score (92.25),
which is attributed to their geometric heterogeneity and
potential overlap with features of other classes, highlight-
ing the increasing challenge of reproducing discontinuous
seismic features.

Table 6: Fréchet Inception Distance (FID) per structural
category.

Structural Complexity FID Score

1) Planar layers 52.592
2) Dipping layers 97.116
3) Folded layers 52.782
4) Diapirism 64.788
5) Faults 92.253

Moreover, the results obtained support the concept of
the generative model trilemma, which poses three funda-
mental objectives: sample quality, sample diversity, and
sampling rate as illustrated in Figure 20 (Xiao et al., 2021).
In this context, it is observed that GANs excel in gen-
erating high-quality visual images, while VAEs excel in
offering greater structural variability.

Complementing the quantitative analysis based on FID,
a t-SNE (t-Distributed Stochastic Neighbor Embedding)
projection was used to map the data distribution in a
low-dimensional space (Costa et al., 2021). As shown in
Figure 21, the results reveal coherent clustering by struc-
tural class: compact clusters with near-complete overlap
between real (o) and generated (x) samples for simpler
categories (e.g., planar), and a multimodal distribution for
faults, consistent with their intrinsic variability.

A High \
Generative A Quali © Denoisi

: uality \ Denoising
Adversarial - | Samples ", Diftusion
Networks/: | p & " Models

Fast
Sampling

!

Variational Autoencoders,
Normalizing Flows

Figure 20: Generative learning trilemma (Xiao et al.,
2021).

Supervised enhancement scheme

Denoising is a crucial step in seismic image processing, as
the quality of geological interpretation depends mainly on
the fidelity of the signal. However, in many cases, noise
not only degrades the image but also directly interferes
with the continuity of seismic events, generating visual
artifacts and even false discontinuities that can lead to
misinterpretations. In this context, effective noise attenua-
tion processes not only improve the visual clarity of the
image but also facilitate the accurate identification of key
subsurface structures (Chirtu and Radoi, 2022).

To simulate realistic field acquisition and processing
conditions, a synthetic degradation module composed of
sixteen noise operators was implemented, previously de-
veloped by Torres-Quintero et al. (2025) from the analysis
of field post-stack seismic images. These operators were
designed to emulate both random noise and Gaussian or
impulsive noise, as well as coherent artifacts such as wave-
like patterns. These noise types are summarized in Table 3,
and representative examples of these degradation types
are shown in Figure 22.

Since the generative models employed in this study pro-
duce clean images by default, these outputs were integrated
into the degradation workflow to automatically create the
paired clean—-damaged samples required for training the
enhancement network. To implement the proposed work-
flow, a neural network based on the U-Net architecture
was deployed to dynamically learn supervised mappings
between degraded seismic images and their corresponding
clean versions. One advantage of this dynamic training
strategy is the significant reduction in memory consump-
tion. Because degraded images are generated on-the-fly,
they do not need to be pre-stored, thereby avoiding un-
necessary disk usage. As the goal is to obtain a large and
diverse set of images, multiple samples are required.
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Figure 21: t-SNE of real (o) and generated (x) seismic images.
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Figure 22: Visual examples of synthetic seismic patches affected by sixteen noise operators, including random and coherent

noise.

Additionally, the dynamic generation of new samples at
each iteration enhances the diversity of the data to which
the network is exposed. Unlike static datasets (where the
same examples are reused in every epoch), this strategy en-
sures greater pattern variability. This continuous variation
acts as an inherent data augmentation process that broad-
ens the exploration of the input space, allowing the model

to more effectively capture the underlying distribution of
seismic data and reducing the risk of overfitting to specific
examples. Previous works (Cerqueira et al., 2024; Yang
et al., 2025) have shown that such strategies positively
contribute to the generalization capability of deep learning
models, especially in contexts with limited training data
or high structural variability. Furthermore, the use of a
conditional generator provides explicit control over the
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number of images generated for each structural complexity
class, ensuring a balanced distribution across the training
set. This prevents under-representation or omission of
any class during a given iteration, thereby reducing the
risk of bias and further reinforcing the model’s ability to
generalize.

An initial test scenario applied all sixteen noise operators
sequentially, generating up to sixteen corrupted variants
per clean sample. Although this approach maximized
dataset variability, it proved computationally prohibitive,
requiring around 18 hours to prepare data for 10 iterations.
To overcome this limitation, a more efficient trade-off strat-
egy was adopted. In each iteration, three noise operators
were randomly selected and independently applied to each
clean image. Additionally, a composite corruption was
introduced, consisting of a sequence of three randomly
chosen operators. This configuration preserved variability
in the training data while keeping computational require-
ments manageable.

The denoising capability of the network was evaluated
on a representative synthetic patch. As shown in Figure 23,
the original clean image (a) was corrupted with controlled
pepper noise (b). The enhanced output (¢) demonstrates
the ability of the network to attenuate noise while preserv-
ing reflector continuity effectively, and the difference map
(d) highlights the removed noise components.

(a) Original a) Noisy (d) Difference

(b) Enhanced

Figure 23: Example of a synthetic seismic patch affected
by pepper noise: (a) original clean patch, (b) noisy input
with pepper noise, (¢) enhanced output, and (d) difference
map highlighting the attenuated noise.

In a second experiment, a complete post-stack seismic
section was used as a reference to evaluate the model’s
generalization capability on previously unseen field data.
Although this image does not belong to the emerging
Colombian basins, it shares similar structural character-
istics. It therefore provides a benchmark to validate the
model’s performance in field scenarios (Keys and Foster,
1998). Specifically, this section corresponds to the Mobil
AVO dataset, which was previously analyzed by Torres-
Quintero et al. (2025). The seismic line was divided into
128x 128 patches, processed through the enhancement net-
work, and subsequently reassembled.

Figure 24 illustrates the comparison between the original
noisy seismic section and the enhanced outputs produced
by the proposed dynamic framework, alongside the results

obtained using the method by Torres-Quintero et al. (2025).
The main difference between the two approaches lies in the
generative model. While the method by Torres-Quintero
et al. (2025) employed a non-conditional generator trained
with a mixed dataset of synthetic and field data, our frame-
work relies on a conditional generator trained exclusively
on synthetic data, ensuring that both the input patches
and the generated images originate from a fully synthetic
setting. When analyzing the highlighted areas, it can be
observed that the high-frequency noise masking the signal
is attenuated by both methods, thus improving reflector
visibility. However, in the region marked with the red
box, corresponding to a horizontal reflector, the dynamic
framework achieves a more effective suppression of deeper
spurious events. In contrast, the method proposed by
Torres-Quintero et al. (2025) tends to emphasize these
signals, as indicated by the blue arrow. Visually, the pro-
posed approach produces smoother transitions and more
localized enhancements, which is consistent with expec-
tations for post-stack images, where improvements are
generally more subtle compared to pre-stack processing
(Ewida and Sarhan, 2023b). Nevertheless, these results
demonstrate the model’s ability to generalize to field data
not seen during training and suggest that the incorporation
of structural conditioning strengthens noise attenuation.

Generalization and validation on field data

Generalization refers to the network’s ability to enhance
images that were not seen during any stage of training.
To evaluate this capability, several experiments were con-
ducted using field-acquired seismic images. It is important
to emphasize that in this work, the network was trained
exclusively with synthetic data; therefore, any successful
application to field data inherently validates its generaliza-
tion capacity, as no field information was introduced during
training. The analyzed data correspond to field seismic
records from emerging sedimentary basins in Colombia;
however, their specific locations are not disclosed due to
confidentiality restrictions.

For additional comparison, experiments were also con-
ducted using a static scheme in which synthetic images
were pre-generated and stored locally for retrieval during
training. For each structural class, 500 clean reference
images were generated and subsequently degraded using
four different noise operators, producing 2,000 noisy vari-
ants. This resulted in a total of 2,500 images per class and
12,500 images across the five classes.

Figures 25-26 illustrate the visual results, comparing
(a) the original noisy section, (b) the enhanced output
obtained with the proposed dynamic method, (c) the en-
hanced result from the static scheme, and (d) the baseline
method by Torres-Quintero et al. (2025).

In the case shown in Figure 25, a significant improve-
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Figure 24: Comparison of seismic enhancement methods. Top row: (a) original noisy section, (b) enhanced section
using the dynamic approach, and (c¢) result obtained with Torres’ method. Zoom areas show the most prominent image

enhancements.

ment is observed in the central part of the image. When
focusing on the selected patch, it becomes evident that
all methods attenuate background noise and enhance the
main reflector, even revealing events in the lower part of
the section that were previously difficult to identify. Both
the dynamic and static approaches produce smoother tran-
sitions, which are effective in relatively simple structural
scenarios. Conversely, Figure 26 presents a case with pro-
nounced distortions in the upper part of the section. In
this scenario, the proposed dynamic framework delivers the
best enhancement, successfully reconstructing missing data
and achieving greater continuity, which the static model
does not achieve. While the method by Torres-Quintero
et al. (2025) also reconstructs some missing information,
it simultaneously introduces background noise, as indi-
cated by the red arrow, thereby adding undesired artifacts.
These results highlight that the proposed approach is more

effective in handling structurally complex cases.

As an additional test, an image with folded structures
and predominantly random noise was evaluated (Figure 27).
The proposed dynamic method not only effectively sup-
pressed noise but also preserved the lateral continuity of
the reflectors and maintained the geometry of the fold,
producing a sharper section. In contrast, the static and
Torres-Quintero et al. (2025) methods partially attenuated
the noise but tended to introduce artifacts and loss of
resolution.

In summary, these findings confirm that a framework
based on structural conditioning with purely synthetic
data can achieve competitive results when applied to field
seismic sections, providing effective enhancement of re-
flectors while enabling more accurate representations and
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Figure 25: Comparison of seismic enhancement methods. Top row: (a) original noisy section, (b) enhanced section using
the dynamic approach, (¢) enhanced section using the static approach, and (d) result obtained with the method by
Torres-Quintero et al. (2025). Bottom row: zoomed views of the highlighted region, where green arrows mark areas that
highlight differences between the methods in terms of structural continuity, noise attenuation, and reflector preservation.
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Figure 26: Comparison of seismic enhancement methods. Top row: (a) original noisy section, (b) enhanced section using
the dynamic approach, (¢) enhanced section using the static approach, and (d) result obtained with the method by
Torres-Quintero et al. (2025). Bottom row: zoomed views of the highlighted region, where green arrows mark areas that
highlight differences between the methods in terms of structural continuity, noise attenuation, and reflector preservation.
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Figure 27: Example of seismic enhancement on field data with predominantly folded structures. (a) Original noisy section,
(b) section enhanced with the dynamic approach, (c) section enhanced with the static approach, and (d) result obtained

with the Torres-Quintero et al. (2025) method.

supporting more reliable geological interpretations.

CONCLUSIONS

This thesis introduced a data-driven framework for post-
stack seismic image enhancement by integrating deep gen-
erative models with supervised learning. It shows that
a framework trained entirely on structurally conditioned
synthetic data can generalize effectively to field seismic
sections, offering a robust and geologically coherent solu-
tion for seismic image enhancement in complex exploration
settings. The four main contributions are:

1. Structural complexities commonly observed in post-
stack seismic data (planar, tilted, folded, diapiric,
and faulted layers) were systematically identified and
organized to construct a representative dataset, pro-
viding a geological basis for conditioning generative
models and ensuring structural plausibility in syn-
thetic results.

2. A conditional generative network and a variational au-
toencoder, trained exclusively on synthetic datasets,
successfully produced geologically consistent sections
while addressing the scarcity of labeled field data. It
is remarked that no field information was required
during training.

3. The framework combined generative augmentation
with supervised learning through dynamic degrada-
tion, generating clean—noisy pairs on the fly. This

4.

1.

strategy improved robustness to diverse noise con-
ditions, enhanced structural recovery, and reduced
storage demands.

Validation with Colombian field seismic data demon-
strated effective noise attenuation, improved reflector
continuity, and smoother structural transitions. Com-
pared with existing methods, the dynamic framework
achieved superior results while avoiding artifacts.
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DATA AND MATERIALS AVAILABILITY

The implementation of the proposed framework, including
the generative models, data degradation operators, and
enhancement network, is openly available on GitHub to
ensure reproducibility and foster future research: GitHub-
seismic-image-enhancement.
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