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ABSTRACT

Due to limitations in exploration costs and surface conditions, actual seismic data are often sparsely
sampled and exhibit irregular coverage, which weakens the effects of migration imaging and wavefield
inversion, thereby reducing the accuracy and reliability of geological interpretation. Deep learning,
particularly generative adversarial networks (GANs), has shown considerable promise in seismic data
reconstruction. However, existing GAN-based methods often suffer from limitations such as restricted
feature extraction, blurring and artifacts. Additionally, 2D networks struggle to capture the spatio-
temporal correlations of 3D seismic data, leading to inter-layer inconsistencies and the loss of critical
tectonic features, which ultimately limits overall reconstruction quality. To address complex missing-
data patterns in seismic datasets, this study proposes a 3D generative adversarial network integrating
a Global Grouped Coordinate Attention (GGCA-GAN). The proposed network employs group-based
feature modeling and, by jointly training on natural images and real seismic data, achieves high-
resolution 3D seismic reconstruction with moderate robustness to noise. This method further reduces
computational overhead by enhancing global spatial feature extraction in both the generator and
discriminator via grouped processing. In addition, to address the scarcity of training data under limited
observation conditions, natural image datasets are incorporated into the network training process. Their
structural features are used to construct cross-domain priors, which, when combined with measured
seismic data, enhance the network’s ability to generalize to complex seismic signals. The effectiveness of
the proposed method is validated on publicly available datasets.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).

1. Introduction

seismic data processing quality (Chen et al., 2019; Dou et al., 2023;
Wang et al., 2024).

Seismic wavefield data serve as the foundation for seismic
inversion, offset imaging and interpretation of reservoir parame-
ters. However, due to equipment and cost limitations, seismic data
are often missing, which compromises the quality of data pro-
cessing and the accuracy of inversion of the subsurface medium
parameters, and reduces the reliability of geological formation
interpretation (Abedi and Pardo, 2022; Goyes-Penafiel et al., 2024;
Kong et al., 2022). Therefore, high-resolution reconstruction of
missing seismic data has become a critical task for improving
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Current research on reconstruction methods for seismic data
can be broadly classified into two main categories: traditional
methods and deep learning-based methods, based on their
implementation mechanisms. Traditional seismic data recon-
struction algorithms primarily rely on the seismic wave propaga-
tion mechanism and digital signal processing techniques (Spitz,
1991; Ronen, 1987), which typically require the pre-setting of
several physical constraints, including, but not limited to, seismic
in-phase axial linear kinematics, the assumption of spatial
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continuity of the local wavefield and the sparsity characterization
in the transform domain (Fomel, 2003; Porsani, 1999; Sacchi et al.,
1998; Wang et al., 2010). These constraints are then applied to
reconstruct the data through numerical methods. However, sig-
nificant limitations exist in the traditional methodology: First,
complex geological structures in actual exploration environments
often lead to nonlinear motion characteristics in the seismic
wavefield, resulting in substantial deviations between theoretical
assumptions and actual characteristics of the data (Latif and
Mousa, 2017; Liu et al.,, 2016). Second, the algorithm requires
determining the optimal solution space through multi-parameter
experiments, which considerably reduces computational effi-
ciency (Huang et al., 2016; Innocent Oboué et al., 2021). Finally, the
traditional algorithm depends on an iterative optimization strat-
egy to achieve numerical convergence and its computational
complexity increases exponentially when applied to large-scale
seismic datasets (Abedi and Pardo, 2022; Saad et al., 2022a).

Advances in artificial intelligence technology have accelerated
the rapid development of deep learning methods, which have
become an important paradigm in modern machine learning,
with their powerful nonlinear mapping and feature self-learning
capabilities offering a new paradigm for technological innovation
in geophysical exploration (Jiang et al., 2023; Mousavi et al.,
2020; Wang et al., 2022). Compared to traditional seismic data
reconstruction algorithms, deep learning methods offer four key
advantages: First, their end-to-end learning mechanism elimi-
nates the need for a priori physical assumptions, automatically
extracting hidden features of the seismic wavefield through a
data-driven approach, significantly improving the algorithm's
adaptability to complex geological structures (Dou et al., 2023;
Wang et al., 2020). Second, the fixed characteristics of the
network parameters within a supervised learning framework
effectively prevent model bias introduced by manual interven-
tion, ensuring robustness and repeatability (Fang et al., 2021;
Wang et al., 2018, 2020). Third, computational resource con-
sumption is primarily concentrated in the model training phase,
which substantially increases computational efficiency once
training is complete. Fourth, recent advancements in unsuper-
vised frameworks have enabled deep learning to handle complex,
non-uniformly sampled field data without the need for labeled
training sets. For instance, by integrating projection onto convex
sets (POCS) with deep image prior (DIP) or attention-based ar-
chitectures, deep learning can achieve high-fidelity reconstruc-
tion and denoising directly on off-the-grid (OTG) seismic data (Li
et al., 2025b). This paradigm not only preserves weak signals
better than conventional methods but also avoids the amplitude
and phase distortions typically introduced by the binning process
in tasks like simultaneous deblending and reconstruction (Li
et al., 2025a). Therefore, incorporating deep learning algorithms
into seismic data reconstruction will significantly enhance both
the accuracy and efficiency of the process.

To address the issue of missing data and complex interference
in seismic data acquisition, various model algorithms have been
proposed for adaptive optimization in seismic waveform feature
reconstruction (Saad et al., 2022b; Yu and Wu, 2022). Generative
adversarial network (GAN), as a deep learning method, is widely
applied in seismic data reconstruction (Chang et al, 2021;
Creswell et al,, 2018; Wei et al., 2021a, 2021b). Compared to
traditional probabilistic generative models, GAN offers a signifi-
cant advantage by eliminating the need for the Markov chain
learning mechanism and performing gradient optimization solely
through backpropagation. It also provides a flexible framework
capable of integrating various loss functions, delivering robust
algorithmic support for constructing unsupervised natural data
generation networks. Mirza and Osindero pioneered conditional
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generative adversarial networks, enhancing the expressive power
of GANs by introducing generative conditions that guided the
network to produce specific types of data (Mirza and Osindero,
2014). In contrast, Radford et al. combined deep convolutional
GANs with convolutional neural networks (CNNs), improving the
realism and naturalness of the generated data (Radford et al,
2015). To drive innovation, Pathak et al. introduced context
encoder networks and used noise coding as deep convolutional
GAN inputs for image restoration tasks with remarkable results
(Pathak et al.,, 2016). Similarly, Isola et al. demonstrated the
versatility of the GAN architecture in image processing and
enhancement by utilizing deep convolutional GAN with condi-
tional GAN for image processing (Isola et al., 2017).

Attention mechanisms have become a fundamental component
of modern deep learning architectures, particularly in the field of
computer vision. Although the traditional self-attention mecha-
nism effectively captures dependencies between global features,
its high computational cost and limited positional encoding
capability hinder spatial localization. Meanwhile, channel atten-
tion is applied only in the channel dimension, neglecting spatial
structure information (Li et al., 2024; Woo et al., 2018). In recent
years, several variants of the attention mechanism have been
proposed to address specific challenges in various scenarios.
Global Grouped Coordinate Attention (GGCA) is a variant of the
attention mechanism that builds upon the Coordinate Attention
(CA) structure by introducing the concepts of “Grouped Modeling”
and “Global Interaction.” Its core idea enhances the model's ability
to capture global dependencies while preserving spatial localiza-
tion and enabling global interaction. GGCA is more computation-
ally efficient, reducing the computational cost of large-scale data
processing and enabling more efficient handling of complex tasks
(Pathak et al., 2016; Xiao et al., 2025).

Moreover, beyond optimizing the model structure, the limited
availability of seismic datasets is a crucial factor influencing the
performance of deep learning methods. Although synthetic data-
sets can offer some training support, they are often constructed in
a manner that fails to fully capture the complexity of real seismic
records, limiting the network's generalization capabilities. To
address the issue of limited seismic data available for practical
exploration, Wu et al. proposed using “natural seismic data” as
training labels for deep learning interpolation (Wu et al., 2023).
Public natural image datasets offer valuable structural information
owing to their large size, diverse categories, and rich structure.
Following Liner and Monk, a training set of “natural seismic data”
was created by converting natural images into seismic-like struc-
tural patterns using a frequency-wave number (f-k) domain filter
(Liner, 1997; Monk, 2002). Compared to traditional synthetic
seismic data, this type of data exhibits greater structural diversity,
which improves the generalization performance and robustness of
the network, thereby alleviating the constraints imposed by
limited seismic data samples on model training.

In this paper, we propose a GAN model, the Global Grouped
Coordinate Attention Generative Adversarial Network (GGCA-
GAN), which incorporates the global grouped coordinate atten-
tion mechanism for high-resolution seismic data reconstruction.
The method effectively captures long-range spatial correlations
by expanding the receptive field and integrating multi-scale
features through the global grouped attention module. Group-
ed feature processing reduces computational complexity while
preserving feature diversity, thereby improving reconstruction
efficiency. Noise was introduced to the missing data to verify the
network's noise immunity. Additionally, natural images were
used as the training set to enhance the network's information
extraction and generalization, alleviating the limitations
imposed by the scarcity of training samples.
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2. Methodology
2.1. Seismic interpolation problem

Due to constraints in the acquisition environment and equip-
ment, as well as the removal of waste guns and channels during
processing, the observed seismic data are often missing or
contaminated by random noise. These data suffer from spatial
sampling inhomogeneity and exhibit features such as energy
discontinuity, event fragmentation, and local structural ambiguity,
increasing the uncertainty in subsequent offset imaging, velocity
modeling, and petrophysical inversion. The noise-containing
irregular seismic data can be expressed as follows:

y=Mo (s+n) (1)
where y represents the irregular seismic data contaminated by
random noise, M is the sampling operator, having the same di-
mensions as the complete seismic data, with a value of 0 at missing
data locations and 1 at sampled locations, ® denotes the element-
wise multiplication operator, s represents the valid seismic signal,
and n denotes the random noise.

Seismic data denoising and reconstruction can be formulated
as an inverse problem. A deep neural network can establish a
nonlinear mapping between noise-contaminated missing obser-
vations and clean, complete data through supervised or unsuper-
vised learning strategies, enabling effective recovery of the
complete signal. The optimization objective function for the su-
pervised learning network is expressed as:
ming|[f (y; 0) — 5|3 ()
where f denotes the network architecture used in training, ¢ is the
network parameter to be optimized, y denotes the noisy and
incomplete input data used for training, and s represents the
desired clean and complete output data, which is the target signal
that the network aims to predict and is usually obtained from real
data, serving as labeled data for supervised learning.

Existing seismic interpolation methods based on 2D slices often
perform poorly in complex scenarios, such as large-scale or contin-
uous missing data, and their slice-by-slice reconstruction results are
prone to incoherent events in 3D stacked profiles. To address these
issues, this study shifts the interpolation and reconstruction process
of seismic data from the 2D to the 3D case, enabling more effective
handling of large-scale missing data in complex scenarios.

2.2. Generative adversarial networks (GANSs)

GANs are widely used in computer vision (CV) for image
restoration, learning deep generative models through adversarial
training. As a novel approach to training generative models, the
GAN framework consists of two “adversarial” models: the gener-
ator (G), which captures the data distribution and the discrimi-
nator (D), which estimates the probability that the samples come
from the training data. Both G and D are nonlinear mapping
functions.

The core idea of GAN originates from the zero-sum game in
game theory, where G and D optimize each other through adver-
sarial training, ultimately converging to a Nash equilibrium and
yielding improved model parameters. The objective function of
GAN is defined as:

mingoc maXDﬁD V(DHD ’ g(‘/’c) = [Ex~pdm (x) [lOgDHD (X)]

+ Erpyiz)[108(1 — Dy, (G0, (2)) | 3
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where V(DSD,QQG) is the value function with respect to Go, and
Dy,, X is the input real data, z is the random variable following a
Gaussian distribution, p,(z) is the probability distribution of z,
Pdata(x) is the probability distribution of x, z ~ p,(z) indicate that the
random variable subject to p(z) sampling, x ~ pqata(x) indicate that
the real data is subject to pgata(x) sampling, Dy, (x) and Dy, (G, (2))
are the probabilities that x and Gy (z) are judged to be real data,
respectively, Gy, (z) is the data generated by z after the generator
Go., and [E;(.) is the expected value of “.” under z-sampling. The
objective function aims to maximize the likelihood that the
discriminator makes correct decisions, while training the gener-
ator to minimize log(1 — Dy, (G, (2) ) ).

In the GAN framework, the local receptive field in the con-
volutional layer limits the model's ability to capture long-range
dependencies. Standard convolution struggles to effectively inte-
grate global information across the width and height dimensions
in high-dimensional data, limiting the model's ability to capture
features in complex visual tasks.

2.3. Global grouped coordinate attention mechanism (GGCA)

Coordinate attention decomposes spatial attention into direc-
tional representations along coordinate axes, enhancing spatial
sensitivity while maintaining a lightweight design. GGCA parti-
tions features into multiple channel groups, applies coordinate
attention independently within each group, and achieves multi-
scale responses through global fusion. This design reduces
computational complexity, efficiently couples spatial and channel
dimensions, and ensures both orientation awareness and global
consistency, making it well suited for structural recognition in
texture-dense data such as seismic images.

Let the input feature map be X € RExC<HxWxD \yhere B, C, H, W,
and D denote the batch size, number of channels, height, width,
and temporal depth, respectively. The channel dimension is
divided into G groups, each containing C/G channels, i.e.,

X = [X] »X27 ~~~,XG]-,Xg c RBX(C/G)XHXWXD

(4)

For each subgroup Xg, global average pooling is performed
along the height, width and temporal depth dimensions to extract
directional descriptors:

X 1 W D
Fg(h) ~ WD Z z:Xg(:,:,h,W7 d)
w=1 d=1
1 H. D
Fg(W)ZfZZXg(g:,h,md) (5)
HD
h=1 d=1
d 1 H W
Fg(d) = W D) Xl how,d)
h=1 w=1
where  Fil € RBx(C/G)xHx1x1, FY € RBX(C/G)x1xWx1 and

Fg € RBx(C/G)x1x1xD denote the global responses along the height,
width and temporal depth dimensions, respectively. Then, the
features from the three dimensions are concatenated and fed into
a shared, bottleneck convolutional layer:

h d
fg:5(Conle1x1([Fg,Fg’FgD) (6)
where & denotes a nonlinear activation function. Next, three in-
dependent 1 x 1 x 1 convolutions are used to generate direction-
dependent weight mappings:
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h h

Ag = "(Com’%x)lm(fg))

Ay = o(ConviT) (fy))

d
Ag = a(Convgj]X] (fe))

(7)

where ¢ denotes the sigmoid activation function, which normal-
izes the weights. Finally, the in-group, position-aware output is
obtained:
h d
Yg:ngAngg’xAg (8)
This process applies directional weighting to spatial locations
and channel features, enabling the model to recognize target lo-
cations and structural contours. At the intergroup level, to prevent
feature fragmentation due to group processing, GGCA introduces a
global fusion operation:

Y= WO[YlaY27“~7YG] (9)
where W, denotes a linear transformation or lightweight convo-
lution operation for global integration and semantic propagation
across feature groups, ensuring globally consistent feature
representation.

GGCA integrates grouped feature modeling with coordinate
attention to enhance global spatial awareness while improving
computational efficiency. By partitioning feature channels and
establishing coordinate dependencies, local and global feature
fusion is achieved to capture tectonic boundaries and non-
homogeneous features in seismic images, thereby improving the
recognition performance of complex geological bodies. With a
small number of parameters, high feature representation and
strong spatial dependency capture, the method offers an efficient
extension for GAN feature modeling and information aggregation.

2.4. Generative adversarial network architecture with global
grouped coordinate attention mechanism (GGCA-GAN)

This study proposes the GGCA-GAN for high-resolution 3D
seismic reconstruction. By integrating the GGCA module into the
GAN, thereby improving the network's ability to capture global
information and enhance feature representations from 3D seismic
data. The GGCA module captures global context along three
dimensions—height, width and temporal depth—and reweights
channel features to produce direction-specific attention maps,
alleviating the limitations of a single attention mechanism in
modeling cross-dimensional dependencies. In addition, grouped
modeling combined with cross-group fusion reduces computa-
tional complexity and runtime, while improving both recon-
struction accuracy and efficiency. The GGCA-GAN architecture is
shown in Fig. 1.

2.4.1. Generator model

This study develops a generator architecture that fuses residual
convolutional units with GGCA. Through multi-scale feature
extraction and cross-dimensional information interaction, the
generator jointly refines local details while preserving 3D struc-
tural consistency. The generator architecture of GGCA-GAN is
shown in Fig. 2.

As shown in the figure, the 3D seismic data are first processed
by a 3D convolutional layer with a kernel size of 9 x 9 x 9, followed
by a LeakyReLU activation. The resulting feature maps are then fed
into five 3D convolutional Blocks (Conv H-Blocks) with residual
connections. Each Conv H-block contains two 3D convolutional
layers with kernel size 3 x 3 x 3, each followed by batch
normalization, while a PReLU activation is inserted between the
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two convolution layers. In addition, a GGCA module is inserted at
the end of each convolutional block in the generator to enhance
global context modeling in 3D space. A skip connection is applied
to perform residual learning. The GGCA module is inserted after
the residual feature extraction stage to enhance global contextual
modeling across the three spatial dimensions. After the five Conv
H-Blocks, the output of an additional convolutional layer followed
by BN is element-wise summed with the earlier feature maps via
skip connections. Subsequently, convolutional layers are used to
increase the number of feature maps from 64 to 256. The final
convolutional layer reconstructs the high-resolution seismic vol-
ume without additional activation to preserve amplitude fidelity.
This design alleviates the vanishing gradient problem and en-
hances the network's ability to model complex seismic structures.

2.4.2. Discriminator model

In the adversarial learning framework, the discriminator de-
termines whether an input sample is real or generated, thereby
providing training signals for the generator. To improve adversarial
training stability and increase sensitivity to seismic structural
differences, we design a lightweight discriminator based on multi-
layer convolutional feature extraction and global coordinate
attention enhancement. The discriminator architecture is shown
in Fig. 3.

The discriminator distinguishes real seismic volumes from
generated samples. As shown in the figure, the input volume is
first processed by an initial 3D convolutional layer followed by a
LeakyReLU activation, and then passed through seven Conv L-
Blocks for hierarchical feature extraction. Each Conv L-Block con-
sists of one 3D convolutional layer with kernel size 3 x 3 x 3, each
followed by batch normalization and a LeakyReLU activation
function with a negative slope of 0.2. To enhance the modeling of
long-range dependencies and structural consistency, the GGCA
module is inserted at the end of each convolutional block in the
discriminator, thereby improving the discriminator's ability to
distinguish tectonic structures. The number of feature maps
gradually increases from 64 to 512 in a hierarchical manner
(64—-128 — 256-—512), enabling the network to capture
increasingly abstract structural representations. Finally, the
extracted features are flattened and passed through a fully con-
nected layer with 1024 neurons followed by a LeakyReLU activa-
tion, then through a second fully connected layer with 1 neuron
followed by a sigmoid activation function to produce the
discriminator output. Furthermore, spectral normalization is
applied to all convolutional layers to constrain the singular values
of the weight matrices, stabilizing adversarial training and miti-
gating overfitting. After multi-layer feature extraction and global
enhancement, the discriminator outputs a scalar in [0, 1], repre-
senting the probability that the input is real.

2.4.3. Loss function design

This study addresses high-resolution 3D seismic data recon-
struction. We construct a multi-objective composite loss that in-
tegrates content, adversarial and perceptual terms. A weighted
combination strategy coordinates these objectives during training,
enhancing high-frequency detail and texture representation while
preserving overall structural consistency. The objective function
for training the generator is defined as a multi-objective composite
loss:

Le=MLe,s+ 22 Lady + 43 Lperc (10)

where L,,, denotes the content loss, £a4, denotes the adversarial
loss, Lperc denotes the perceptual loss and Ay, A, 43 are the
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Fig. 2. Schematic diagram of the generator network structure. The generator (G) consists of five Conv H-Blocks and each convolutional layer is specified by the kernel size (k),

number of feature maps (n) and stride (s).

corresponding weights to adjust the loss terms to the same order
of magnitude. The adversarial loss is expressed as:

Lagy = log(1 — Dg, (Goe(I1r)) )

Most of the current reconstruction losses are based on L; or Ly
norm. Compared with the L, norm, the L; loss offers improved
gradient stability, noise robustness and reduced sensitivity to
outliers. Let the low-resolution input be I;g, the ground-truth high-

(11)

resolution volume be Iyz and the generator output be T = Go (ItR)-
When the spatial dimensions and temporal depth are upscaled by
a factor s (i.e., the output size is sH x sW x sD), the content loss is
defined as:
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['Cont: Y
1
1 sH sW sD N (12)
= SHsWsD Z Z Z IR (i,j, k) — (i, j, k)|
i=1 j=1 k=1

To align with the 3D reconstruction task, the discriminator D (-)
takes volume data as input. The discriminator loss and the
generator adversarial loss are defined as follows:

Lp =1og(1 — Dy, (Iyr)) + log(Dg, (G (I1r)))

The parameters of G and D are updated iteratively. The objec-
tive of D (-) is to distinguish between real data Iyg and generated

(13)
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datal = Gy, (Itr), while the objective of G (-) is to maximize the
probability that the generated samples are classified as real.
Perceptual loss measures the discrepancy between the gener-
ated result and the ground-truth data in a high-level semantic
feature space. Since VGG-16 is a 2D network, we adopt a slice-wise
feature alignment strategy along the temporal depth D. Specif-

ically, the data volume is represented as I®¥ at the k-th temporal

k
slice. The ground-truth slice Ig‘,% and the generated sliceT( ) are fed

into a pretrained VGG-16, the parameters of the pretrained VGG-
16 network remain fixed during training, features are extracted
from selected layers and compared, then the loss is averaged over
all reconstructed slices. The perceptual loss is defined as:

D L
Lperc = % :2:] ;m”@ (1}5,%) — ¢ <7<l<)> H1

where ¢(-) denotes the feature map extracted from the I-th
selected layer of the pretrained VGG-16 network and L represents
the total number of selected feature maps. H;, W;and C; denote the
height, width and number of channels of the corresponding
feature map, respectively. sD denotes the reconstructed depth
dimension after upsampling.

(14)

2.5. Training enhancement of natural image priors

In 3D seismic data reconstruction tasks, the actual acquired
seismic data are often affected by factors such as limited obser-
vation conditions, incomplete sampling and noise interference.
The number of high-quality 3D seismic data samples used as
training data is limited and the statistical diversity in seismic lines,
profiles and time directions is insufficient, making it challenging to
adequately train deep networks. Natural image (NI) datasets are
typically large in scale and rich in categories, providing additional
statistical prior information to the model, thereby helping to
enhance the network's generalization ability in structural recon-
struction and detail representation. Therefore, this study in-
troduces natural image data as auxiliary training data in the
training process of GGCA-GAN.
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Because natural images differ significantly from seismic
reflection characteristics in spectral structure, they are difficult
to directly use for training seismic data reconstruction models.
Therefore, this study preprocesses natural images in the f-k
domain to make their statistical properties more closely
resemble seismic data at the spectral level. First, the natural
image (data volume) is transformed into the f-k domain. The
low-frequency energy of natural images primarily reflects large-
scale structural information, while high-frequency components
correspond to local detail features, which closely resemble the
spectral characteristics of seismic data to some extent. Second, a
bandpass filter is applied to the f-k spectrum to suppress spec-
tral components unrelated to seismic reflection structure and
retain effective frequency bands that better match the frequency
distribution of seismic signals, thereby achieving spectral
constraint and structural statistical matching of the natural
image. In this study, the frequency band of the filter is selected
according to the typical frequency range of seismic reflection
data, which is widely used in conventional seismic processing
workflows. The mathematical expression of the bandpass filter
is as follows:

1, if H >v
Q(f k) = k (15)
0, otherwise

where v is the velocity threshold, determined by the minimum
apparent velocity of the effective seismic wave, thereby control-
ling the spectral range of the f-k filter. In the dataset generation
process, v is empirically set within the range of 800 to 3500 m/s to
mimic the apparent velocity distribution of effective seismic
events. The filtered spectrum is then inversely transformed back to
the time domain to obtain NI samples with seismic pattern
structural characteristics.

To adapt to the training requirements of 3D networks and
expand the training sample size, a set of preprocessed 2D natural
images based on f-k domain statistical alignment preprocessing is
obtained. These 2D slices are then stacked along the third
dimension in a fixed stacking order to construct a NI data volume.
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This data volume serves as a 3D extension of structural statistical
priors, enhancing data diversity and spatial structure representa-
tion capabilities during the training phase. The process of con-
structing the training dataset is shown in Fig. 4.

Finally, the constructed pseudo-seismic volumes, along with
real 3D seismic samples, is used for network training to improve
the model's robust reconstruction performance for 3D structural
continuity, local details and complex reflection morphologies and
to mitigate the risk of overfitting due to insufficient training
samples.

3. Experimental program
3.1. Assessment of indicators

To quantitatively assess the reconstruction quality, three
commonly used image-quality metrics—Peak Signal-to-Noise Ra-
tio (PSNR), Signal-to-Noise Ratio (SNR) and Structural Similarity
Index Metric (SSIM)—were employed in the experiments.

PSNR quantifies the discrepancy between the reconstructed
image and the ground-truth image and is widely used to evaluate
image super-resolution performance. PSNR can be calculated as
follows:

2
PSNR = 10 <1og10 <%> )

where MAX; denotes the maximum pixel value of the high-
resolution, noise-free reference seismic image and MSE is the
mean squared error between the image reconstructed by the
generator and the reference image.

SNR quantifies the relative strength of the useful information in
a signal (e.g. an image, sound, or other data) with respect to the
background noise. In image processing, SNR characterizes the ratio
between the true image content (signal) and random errors or
perturbations (noise). In image processing, SNR can be calculated
as follows:

where I denotes the pixel value of the original image and T denotes
the pixel value of the reconstructed image.

(16)

; (17)

SNR = 1010g]0 (7
1=

(b)

Frequency, Hz

o
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SSIM is also employed to evaluate the similarity between the
reconstructed image and the ground-truth image in terms of
brightness, contrast and structure. SSIM can be defined as follows:

L(X Y) . ZUXUY + C]
T Uyz + Uy2 + Cq
CX,Y) = 2050y + Gy
’ ox2 +oy2 + Gy (18)
_ oxy + C3
SXY) = oxoy + C3

SSIM(X,Y) = L(X,Y) x C(X,Y) x S(X,Y)

where X and Y denote the reconstructed image and the corre-
sponding ground-truth image, respectively, ux and uy denote their
mean values, ox and oy denote their standard deviations and oxy
denotes the covariance between X and Y. Here, C;, C; and Cs are
small positive constants introduced to prevent division by zero. In
the experiments, we set C; =104, C; =9 x 1074, C3 = G/2. L(X, Y),
C(X,Y) and S(X,Y) denote the luminance, contrast and structural
similarity between X and Y, respectively.

3.2. Training set

The training dataset comprises both field seismic data and
pseudo-seismic data generated from natural images through f-k
filtering. The field datasets include the Kerry-3D dataset and the
F3-3D dataset, which inherently contain realistic acquisition and
processing noise.

To enrich structural variability and alleviate the limitation of
labeled seismic samples, natural images are introduced as sup-
plementary training data. Compared with field seismic data, nat-
ural images do not contain acquisition-related noise and typically
exhibit continuous structural patterns with clear energy distri-
butions, characteristics that resemble simulated seismic re-
sponses. To adapt them to the seismic domain, the proposed NI
transformation strategy is applied to transform natural images
into pseudo-seismic sections. These sections are subsequently
stacked to construct seismic volumes, which serve as simulated
training samples.

All seismic volumes, including both field and pseudo-seismic
datasets, are partitioned into overlapping 3D patches of size
128 x 128 x 128 using a sliding-window strategy. Among the

Fig. 4. Workflow for converting 2D natural images into natural-image-derived volumes via f-k spectral alignment. (a) Original natural images, (b) f~k spectra after spectral

alignment, (c) resulting pseudo-seismic volume.
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extracted patches, 70% are randomly selected for training, 15% for
validation and the remaining 15% for testing.

Regarding noise modeling, synthetic noise is not uniformly
injected into all samples. The field seismic datasets inherently
provide realistic noise conditions, enabling the network to learn
reconstruction features under practical acquisition and processing
environments. To further enhance robustness and mitigate the
discrepancy between pseudo-seismic and field data, Gaussian
noise is introduced to 20% of the samples derived from the
transformed natural images. This strategy improves stability under
noisy conditions while preventing the model from overfitting to
clean simulated structures.

The Adam optimization algorithm is used, with a learning rate
set to 1 x 107>, The batch size is set to 2 due to the high memory
consumption of 3D convolutional operations. The model is trained
for 500,000 steps on a server equipped with three RTX 4090 GPUs
and the model with the lowest loss on the validation datasets is
selected as the final test model.

3.3. Training convergence analysis

To further illustrate the convergence behavior of GGCA-GAN
and clarify the checkpoint selection criterion, the training and
validation loss curves are presented in Fig. 5. The curves are ob-
tained using the mixed training dataset described above.

Fig. 5(a) shows the adversarial loss curves of the generator and
discriminator during training. After initial fluctuations in the early
stages of training, both losses gradually stabilize, indicating that
the adversarial training process reaches a dynamic equilibrium.

Fig. 5(b) presents the Ly loss (Lcon¢) for the validation datasets.
As training progressed, the validation loss followed a similar
downward trend without noticeable divergence. This behavior
indicates stable convergence and suggests that no significant
overfitting occurs. The optimal checkpoint is selected at the
4973 x 10° training step, where the validation loss reaches its
minimum. It is therefore used for all subsequent quantitative and
qualitative evaluations.

This analysis demonstrates that the proposed model exhibits
stable convergence behavior, with no evident signs of overfitting
or underfitting observed throughout the training process.

3.4. Kerry-3D

To validate the effectiveness of GGCA-GAN for 3D seismic data
reconstruction, experiments were conducted on the Kerry-3D

2.0
Generator
Discriminator
1.6 4
12 WM
[}
1]
o
4
0.8
0.4
0 0.5 1.0 1.5 2.0 25 3.0 3.5 4.0 4.5 5.0
x10%

Training steps

(a) Adversarial loss curves

Petroleum Science 23 (2026) 6188-6206

dataset. Two baseline models were selected for comparison: a
2D U-Net and a GCA-GAN variant without the grouped feature
modeling module. The 2D U-Net is effective at capturing local
features in seismic data, whereas GCA-GAN captures long-range
spatial dependencies via global coordinate attention, making it
suitable for global-context modeling. All models were trained
under the same training settings as the proposed model.

3.4.1. Discrete missing

To validate the efficacy of GGCA-GAN in reconstructing high-
resolution seismic data, three-dimensional reconstruction exper-
iments were conducted using the Kerry-3D dataset. The original
dataset served as the baseline, as shown in Fig. 6.

The experiment increased the complexity of the discrete
missing scenario by raising the missing rate from 30% to 50% and
80%. The reconstruction results and corresponding residuals ob-
tained by the three methods under different missing rates were
visualized using 3D slices, as presented in Figs. 7-9. Table 1 pre-
sents a quantitative analysis using three evaluation metrics: PSNR,
SNR and SSIM.

Under a 30% discrete missing rate, 2D U-Net, GCA-GAN and
GGCA-GAN all produced reconstructions close to the ground truth,

0
0.04
0.08
1]
o
£ o012
'_
0.16
0.20
o 181
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Xlin, & N W
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Fig. 6. Kerry-3D test data.
0.13
L1
0.12 O Checkpoint of minimum validation loss
0.11 4
» 010
1%
o
= 0.09 A
0.08 1 Checkpoint:
4.973x10° step
0.07 4
0.06 T T T T T T T T T 1
0 0.5 1.0 1.5 2.0 25 3.0 3.5 4.0 4.5 5.0
x10°

Training steps

(b) L1 loss curves

Fig. 5. Training convergence curves of GGCA-GAN. (a) Adversarial losses of the generator and discriminator during training. (b) Ly loss (L) on the validation datasets. The
marked point indicates the selected checkpoint (4.973 x 10° step) corresponding to the minimum validation loss.
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Fig. 7. Reconstruction performance of 2D U-Net, GCA-GAN and GGCA-GAN on the Kerry-3D dataset under 30% discrete missing rate. (a) Instance with 30% discrete missing data,
(b)-(d) display the reconstruction results of 2D U-Net, GCA-GAN and GGCA-GAN, along with their corresponding residuals.

Fig. 8. Reconstruction performance of 2D U-Net, GCA-GAN and GGCA-GAN on the Kerry-3D dataset under 50% discrete missing rate. (a) Instance with 50% discrete missing data,
(b)-(d) display the reconstruction results of 2D U-Net, GCA-GAN and GGCA-GAN, along with their corresponding residuals.

with GAN-based models better preserving fine details and struc-
tural continuity. When the missing rate increased to 50%, 2D U-Net
exhibited a marked degradation in structural consistency, whereas
GCA-GAN and GGCA-GAN remained relatively stable, yielding
better detail recovery and structural consistency in the interpo-
lated results.

When 80% of the seismic traces were removed under
discrete missing, the reconstruction problem became severely
undersampled and highly ill-posed, as only limited observa-
tions remained to constrain lateral continuity, high-frequency
reflectors and amplitude variations. Consequently, under such
extremely sparse conditions, the performance of all methods
deteriorated substantially. However, GAN-based models
degraded more gradually than 2D U-Net, and GGCA-GAN
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achieved the highest overall fidelity. Qualitatively, GGCA-GAN
produced the smoothest data volumes with the most coherent
structures and the fewer artifacts, indicating the strongest
regularization and improved robustness under extreme data
loss.

3.4.2. Continuous missing

The spatial continuity of missing regions makes the recon-
struction task more complex. It requires not only recovering the
missing values but also maintaining structural coherence and
spatial consistency. We further evaluated the reconstruction per-
formance of the proposed method under continuous missing
patterns. Data volunes with 30% and 50% continuous missing rates
were reconstructed, as shown in Figs. 10 and 11.
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1

W

Fig. 9. Reconstruction performance of 2D U-Net, GCA-GAN and GGCA-GAN on the Kerry-3D dataset under 80% discrete missing rate. (a) Instance with 80% discrete missing data,
(b)-(d) display the reconstruction results of 2D U-Net, GCA-GAN and GGCA-GAN, along with their corresponding residuals.

Table 1 Qualitative analysis of the reconstructions at a 30% missing rate

Comparison of the reconstructlop me_trlcs of dl_ffe_rent reconstruction methods for indicates that all three methods closely match the reference data.

the Kerry-3D dataset under varying discrete missing rates. .. . o .
However, as the missing rate increases to 50%, the continuous

Missing rate, % Method PSNR, dB SNR, dB SSIM missing scenario becomes markedly more challenging and 2D U-

30 2D U-Net 28.46 23.00 0.835 Net exhibits pronounced structural distortions. In contrast, both
GCA-GAN 31.76 26.29 0.926 GCA-GAN and GGCA-GAN remain comparatively stable, with
GGCA-GAN 34.51 29.04 0.962 GGCA-GAN providing the most consistent structural recovery.

50 2D U-Net 26.00 20.53 0.730 Table 2 further confirms that GAN-based methods substantially
GCA-GAN 28.92 2345 0.856 . . o
GGCA-GAN 32.40 26.94 0.938 outperform conventional methods under continuous missing

80 2D U-Net 21.32 19.85 0.568 conditions. The severe data loss at 50% continuous missing makes
GCA-GAN 27.14 20.78 0.751 it difficult for all methods to preserve high-frequency content and
GGCA-GAN 28.21 22.54 0.804

lateral continuity, rendering the reconstruction more error-prone.
Despite these challenges, GAN-based models—particularly GGCA-

.
e e

1 | (\\.\(\G«

Fig. 10. Reconstruction performance of 2D U-Net, GCA-GAN and GGCA-GAN on the Kerry-3D dataset under 30% continuous missing rate. (a) Instance with 30% continuous missing
data, (b)-(d) display the reconstruction results of 2D U-Net, GCA-GAN and GGCA-GAN, along with their corresponding residuals.
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Fig. 11. Reconstruction performance of 2D U-Net, GCA-GAN and GGCA-GAN on the Kerry-3D dataset under 50% continuous missing rate. (a) Instance with 50% continuous missing
data, (b)-(d) display the reconstruction results of 2D U-Net, GCA-GAN and GGCA-GAN, along with their corresponding residuals.

Table 2
Comparison of the reconstruction metrics of different reconstruction methods for
the Kerry-3D dataset under varying continuous missing rates.

Missing rate, % Method PSNR, dB SNR, dB SSIM
30 2D U-Net 2545 19.99 0.731
GCA-GAN 26.41 20.95 0.746
GGCA-GAN 27.38 21.92 0.813
50 2D U-Net 23.02 17.56 0.591
GCA-GAN 24.15 18.68 0.655
GGCA-GAN 25.86 20.33 0.742

GAN—are more robust, with GGCA-GAN achieving better detail
recovery and more coherent structural consistency than GCA-GAN.
This suggests that incorporating global coordinate attention helps
mitigate the adverse effects of missing data, enabling GGCA-GAN
to better control residuals and maintain smoother re-
constructions under extreme sparsity.

3.5. F3-3D

3.5.1. Different missing patterns

To further evaluate the performance of GGCA-GAN and verify
its effectiveness, experiments were conducted on the F3-3D test
data, with comparisons against conventional 2D U-Net and GCA-
GAN. We reconstructed the pre-stack gathers into volumes for
qualitative analysis and an example from the F3-3D test data is
shown in Fig. 12.

Experiments were conducted under different missing patterns,
with missing rates varied across settings. The reconstruction re-
sults of the three methods were visualized in 3D, as shown in
Figs. 13-17.

In the 30% discrete missing scenario shown in Fig. 13, all
methods are able to reconstruct the data reasonably well under
both discrete missing and continuous missing conditions. When
comparing GCA-GAN and GGCA-GAN, the latter exhibits superior
detail recovery. As shown in Figs. 14 and 15, the residual maps
reveal pronounced discontinuities in the U-Net reconstructions,
whereas GCA-GAN and GGCA-GAN maintain stable reconstruction
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performance even under high discrete missing rates. Reconstruc-
tion under continuous missing conditions is more challenging, as
shown in Figs. 16 and 17. In particular, at a 50% missing rate, U-Net
begins to exhibit noticeable distortions, whereas GAN-based net-
works still achieve reliable results, with GGCA-GAN recovering
more fine-scale details. These results indicate that GGCA-GAN can
maintain effective reconstruction performance even under high
missing rates.

Fig. 18 shows a waveform comparison extracted from the same
seismic trace in the reference data and in the reconstructions
obtained by 2D U-Net, GCA-GAN and GGCA-GAN. Compared with
the reference data, 2D U-Net shows noticeable deviations, indi-
cating limited ability to preserve 3D structural consistency. In
contrast, GCA-GAN and GGCA-GAN produce waveforms that
closely match the reference, with the major reflection events
exhibiting well-preserved phase and amplitude variations.
Meanwhile, GGCA-GAN achieves better waveform consistency
with the reference data in high-amplitude regions.

0.04

NO-

361 e

Fig. 12. F3-3D test data.
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Fig. 13. Reconstruction performance of 2D U-Net, GCA-GAN and GGCA-GAN on the F3-3D dataset under 30% discrete missing rate. (a) Instance with 30% discrete missing data,
(b)—(d) display the reconstruction results of 2D U-Net, GCA-GAN and GGCA-GAN, along with their corresponding residuals.
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Fig. 14. Reconstruction performance of 2D U-Net, GCA-GAN and GGCA-GAN on the F3-3D dataset under 50% discrete missing rate. (a) Instance with 50% discrete missing data,
(b)-(d) display the reconstruction results of 2D U-Net, GCA-GAN and GGCA-GAN, along with their corresponding residuals.
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Fig. 15. Reconstruction performance of 2D U-Net, GCA-GAN and GGCA-GAN on the F3-3D dataset under 80% discrete missing rate. (a) Instance with 80% discrete missing data,
(b)-(d) display the reconstruction results of 2D U-Net, GCA-GAN and GGCA-GAN, along with their corresponding residuals.
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Fig. 16. Reconstruction performance of 2D U-Net, GCA-GAN and GGCA-GAN on the F3-3D dataset under 30% continuous missing rate. (a) Instance with 30% continuous missing
data, (b)-(d) display the reconstruction results of 2D U-Net, GCA-GAN and GGCA-GAN, along with their corresponding residuals.

Fig. 17. Reconstruction performance of 2D U-Net, GCA-GAN and GGCA-GAN on the F3-3D dataset under 50% continuous missing rate. (a) Instance with 50% continuous missing
data, (b)-(d) display the reconstruction results of 2D U-Net, GCA-GAN and GGCA-GAN, along with their corresponding residuals.
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Fig. 18. Comparison of waveforms between the reference seismic record (red curve) and that reconstructed by 2D U-Net (orange curve), GCA-GAN (green curve) and GGCA-GAN
(blue curve).
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Fig.19. Comparison of GGCA-GAN reconstruction results on the noise-contaminated F3-3D dataset under different discrete missing rates. (a1)-(a3) show the 30% discrete missing
noisy input, along with the corresponding reconstruction result and residual map. (b1)-(b3) present the 50% discrete missing noisy input, along with the corresponding
reconstruction result and residual map. (c1)-(c3) display the 80% discrete missing noisy input, along with the corresponding reconstruction result and residual map.

3.5.2. Noise robustness test

Next, to evaluate the noise robustness of GGCA-GAN under
noisy conditions, we applied the model to F3-3D dataset under
discrete missing patterns at different missing rates. Although field
seismic data inherently contain noise, the actual noise level and
characteristics are unknown and difficult to control. Therefore,
synthetic noise with predefined amplitude was added to the data
to construct a controlled evaluation environment. Gaussian noise
was introduced to datasets with missing rates of 30%, 50% and 80%,
resulting in SNR of 19.12 dB, 18.55 dB and 17.91 dB, respectively.The
results, shown in Fig. 19, demonstrate that the network effectively
recovers the main reflection structures while substantially sup-
pressing noise, maintaining reliable reconstruction quality under
noisy inputs.

Table 3 summarizes the reconstruction performance of GGCA-
GAN on discrete missing data with noise. As the missing rate in-
creases to 50% and 80%, reconstruction performance decreases, as
fewer observations are available and noise further corrupts the in-
puts. In particular, at an 80% missing rate, the reconstruction becomes
severely underdetermined and the added noise further exacerbates
the ill-posedness. Nevertheless, GGCA-GAN maintains relatively high
reconstruction quality, indicating strong noise robustness and the
ability to recover underlying structures with minimal artifacts.
Overall, these quantitative evaluation metrics highlight the noise-

Table 3
GGCA-GAN reconstruction metrics for the F3-3D dataset under varying discrete
missing rates with noise.

Missing rate, % PSNR, dB SNR, dB SSIM
30 28.87 24.16 0.839
50 26.85 23.06 0.805

80 24.38 22.15 0.738

suppression capability of GGCA-GAN under challenging conditions,
including high data sparsity and noise contamination.

3.5.3. Contribution of natural images to training

To further evaluate the impact of training set composition on
network performance, Table 4 compares reconstruction results on
F3-3D dataset with a 30% discrete missing rate using two training
datasets: a hybrid dataset combining natural images and
measured data and a dataset using only field data. The hybrid
dataset substantially outperforms training on the seismic
dataset alone, achieving higher PSNR, SNR and SSIM.

These findings indicate that incorporating natural images im-
proves generalization, enhancing the recovery of fine details and
the preservation of structural consistency. The hybrid dataset
compensates for the limited size and diversity of the seismic
training data, suggesting that natural images provide useful vari-
ability for alleviating 3D data scarcity. Overall, this strategy im-
proves accuracy and robustness, leading to better reconstruction
performance under missing-data conditions.

3.6. SEG-C3

3.6.1. Discrete missing
To further evaluate the generalization capability of the pro-
posed GGCA-GAN, experiments were conducted on the SEG-C3

Table 4
GGCA-GAN reconstruction metrics for the F3-3D dataset under 30% discrete
missing data with different training datasets.

Training set PSNR, dB SNR, dB SSIM
Hybrid dataset 31.94 27.15 0.879
Seismic dataset 31.07 26.29 0.840
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simulated dataset, including reconstruction tasks under both
discrete missing and continuous missing scenarios. In each case,
the performance of GGCA-GAN was compared with that of 2D U-
Net in terms of reconstruction accuracy. Then, the noise robust-
ness of the network was systematically evaluated. As illustrated in
Fig. 20, an example from the SEG-C3 test dataset, which was not
involved in the training process, is presented.

To evaluate the reconstruction performance of GGCA-GAN
on the SEG-C3 dataset under varying missing rates, experi-
ments were first conducted for discrete missing scenarios. By
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Fig. 20. SEG-C3 test data.
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randomly removing 30%, 50% and 80% of the data samples,
reconstruction was performed using both GGCA-GAN and 2D
U-Net. The reconstruction results of the two methods, along
with their corresponding residual maps, are presented in
Figs. 21-23.

As shown in Figs. 21-23, GGCA-GAN consistently outperforms
2D U-Net across all missing rates. The reconstruction performance
gap becomes more pronounced as the missing rate increases. At a
missing rate of 80%, 2D U-Net exhibits severe structural distortion,
whereas GGCA-GAN better preserves structural continuity and
spatial coherence. These results indicate that GGCA-GAN demon-
strates superior robustness and reconstruction fidelity compared
with 2D U-Net.

3.6.2. Continuous missing

We further evaluated the reconstruction performance of GGCA-
GAN on the SEG-C3 dataset under different continuous missing
rates, aiming to simulate more challenging and realistic data loss
scenarios. Specifically, 30% and 50% of the data were removed from
spatially continuous regions, representing large-scale missing
areas commonly encountered in seismic data acquisition.

The reconstruction results and residual maps for continuous
missing are shown in Figs. 24 and 25. GGCA-GAN outperforms 2D
U-Net in qualitative visualization evaluation. 2D U-Net performs
poorly in these continuous missing regions, exhibiting pro-
nounced amplitude artifacts and structural distortions. In contrast,
GGCA-GAN effectively preserves the structural continuity of
seismic reflections, even in regions with substantial data loss and
provides more accurate and stable reconstruction results than 2D
U-Net. These findings demonstrate that GGCA-GAN is well suited
for handling continuous missing cases commonly encountered in
seismic exploration.

It should be noted that the SEG-C3 dataset was not included in
the training stage. The stable reconstruction performance under
both discrete and continuous missing scenarios therefore indicates
that GGCA-GAN generalizes well to unseen seismic datasets.
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Fig. 21. Reconstruction performance of 2D U-Net and GGCA-GAN on the SEG-C3 dataset under 30% discrete missing rate. (a) Instance with 30% discrete missing data, (b)-(c)
display the reconstruction results of 2D U-Net and GGCA-GAN, along with their corresponding residuals.
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Fig. 22. Reconstruction performance of 2D U-Net and GGCA-GAN on the SEG-C3 dataset under 50% discrete missing rate. (a) Instance with 50% discrete missing data, (b)-(c)
display the reconstruction results of 2D U-Net and GGCA-GAN, along with their corresponding residuals.

3.6.3. Noise robustness test

The introduction of noise during seismic data acquisition
significantly affects the data quality. To assess the noise
robustness of GGCA-GAN, Gaussian noise was added to discrete
missing data with missing rates of 30%, 50% and 80%, with the
corresponding SNR of 18.52 dB, 17.91 dB and 16.97 dB, respec-
tively, thus simulating more realistic seismic data acquisition
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conditions. Reconstruction was then performed using GGCA-
GAN on the noisy datasets at each missing rate. Fig. 26 shows
the noisy inputs, corresponding reconstruction results and re-
sidual maps. Meanwhile, to quantitatively analyze the noise
robustness, Table 5 respectively summarizes the SNR, PSNR and
SSIM of the above reconstruction results processed by the
proposed model.
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Fig. 23. Reconstruction performance of 2D U-Net and GGCA-GAN on the SEG-C3 dataset under 80% discrete missing rate. (a) Instance with 80% discrete missing data, (b)-(c)
display the reconstruction results of 2D U-Net and GGCA-GAN, along with their corresponding residuals.
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Fig. 24. Reconstruction performance of 2D U-Net and GGCA-GAN on the SEG-C3 dataset under 30% continuous missing rate. (a) Instance with 30% continuous missing data,
(b)-(c) display the reconstruction results of 2D U-Net and GGCA-GAN, along with their corresponding residuals.

From the plots and table, as the missing rate increases, recon-
struction performance naturally decreases. Moreover, the addition
of noise further deteriorates the quality of the input data, making
the reconstruction task more challenging. Especially when the
missing rate reaches 80%, the data becomes highly sparse, signif-
icantly degrading reconstruction quality and the presence of noise

further exacerbates the reconstruction difficulty. Despite these
challenges, GGCA-GAN achieves reliable seismic reconstruction
under noisy conditions. Even with Gaussian disturbances and high
missing rates, the key structural features are effectively restored,
confirming the robustness of the proposed framework in noisy
environments.
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Fig. 25. Reconstruction performance of 2D U-Net and GGCA-GAN on the SEG-C3 dataset under 50% continuous missing rate. (a) Instance with 50% continuous missing data,
(b)-(c) display the reconstruction results of 2D U-Net and GGCA-GAN, along with their corresponding residuals.
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Fig. 26. Comparison of GGCA-GAN reconstruction results on the noise-contaminated SEG-C3 dataset under different discrete missing rates. (a1)-(a3) show the 30% discrete
missing noisy input, along with the corresponding reconstruction result and residual map. (b1)-(b3) present the 50% discrete missing noisy input, along with the corresponding
reconstruction result and residual map. (c1)-(c3) display the 80% discrete missing noisy input, along with the corresponding reconstruction result and residual map.

Table 5
GGCA-GAN reconstruction metrics for the SEG-C3 dataset under varying discrete
missing rates with noise.

Missing rate, % PSNR, dB SNR, dB SSIM
30 31.99 25.99 0.884
50 31.53 25.54 0.861
80 29.10 23.00 0.765

4. Conclusion and discussion

This paper proposes a Generative Adversarial Network based
on the Global Grouped Coordinate Attention mechanism (GGCA-
GAN) for high-resolution 3D seismic data reconstruction. The
GGCA mechanism significantly enhances reconstruction perfor-
mance in complex seismic scenarios by improving the global
feature extraction capabilities of both the generator and discrim-
inator. Furthermore, we construct a hybrid training dataset
combining natural images and real seismic data, effectively
addressing the scarcity of seismic data samples and further
improving the network's generalization ability and reconstruction
accuracy.

Experimental results validate the effectiveness of GGCA-GAN
under various discrete missing and continuous missing
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conditions, including high missing rates and noisy environments.
Compared to traditional methods like U-Net, this model demon-
strates clear advantages in both discrete missing and continuous
missing scenarios, achieving significant improvements in PSNR,
SNR and SSIM metrics. Notably, GGCA-GAN effectively suppresses
noise and maintains high reconstruction quality under noisy
conditions, fully demonstrating its noise robustness. The incor-
poration of natural images greatly enhances the network's
generalization ability in complex seismic structures. The hybrid
training approach alleviates the issue of insufficient seismic data
samples, thereby improving reconstruction accuracy.

Although GGCA-GAN achieves significant progress in 3D
seismic data reconstruction, the existing framework remains
heavily reliant on data-driven learning mechanisms, lacking
explicit integration of physical constraints (e.g., seismic wave
propagation). Under conditions of extremely high data missing
rates, complex geological structures, or significant variations in
observation conditions, the model may face challenges related to
insufficient physical consistency and limited generalization ability.
To address this challenge, future research can incorporate physics-
informed deep learning methods into the network architecture. By
integrating prior knowledge from seismic wave propagation
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models, reconstruction accuracy and robustness can be further
enhanced in complex scenarios with high data loss rates. This will
provide new theoretical foundations and practical guidance for
applying deep learning to high-resolution seismic signal
reconstruction.
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