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Abstract: Seismic interpretation is often restricted by the
low resolution of field seismic data, which limits the char-
acterization of subsurface geological structures and strati-
graphic features. Improving the vertical resolution of
seismic data has long been a challenge in seismic explora-
tion. Recent studies have employed deep learning tech-
niques to enhance seismic vertical resolution; however,
limited attention has been paid to the role of loss function
design in such enhancement. To address this gap, we pro-
pose a modified U-Net – based approach that employs a
hybrid loss function to improve the vertical resolution of
post-stack seismic data. Specifically, we first synthesized a
substantial training dataset by convolving reflectivity
models with wavelets of varying dominant frequencies. The
prepared dataset was then used to train a modified U-Net
architecture. The training process was guided by a loss
function combining the Structural Similarity Index Measure
andmean square error to optimize network parameters. We

subsequently applied the trained network to a synthetic
seismic image and two field datasets. The results confirm the
efficacy of our proposed method in significantly improving
the vertical resolution of seismic data while simultaneously
attenuating random noise to a certain degree.

Keywords: deep learning; seismic resolution; post-stack
data; interpretation; U-Net

1 Introduction

The geoscientists typically use seismic exploration to
investigate subsurface structures and stratigraphic fea-
tures in the search for energy resources, such as oil and gas.
However, limitations in acquisition equipment, attenua-
tion of high-frequency signals as they propagate through
geological layers, and complex geological conditions result
in insufficient seismic resolution. This hinders the accurate
interpretation of subsurface geological structures and
stratigraphy; consequently, enhancing seismic resolution is
critical for improved subsurface characterization and has
been pursued across various stages of seismic exploration,
including acquisition, processing, and imaging. In acquisi-
tion, Naghizadeh et al. provide a way to test the effect of
various geometries on both lateral and vertical resolution,
which can guide the design of the acquisition geometry [1].
In processing, signal decomposition [2] and time–fre-
quency methods [3] have been employed to increase ver-
tical resolution, and Compensation techniques have also
been introduced to mitigate attenuation effects and
enhance resolution [4, 5]. Moreover, Sajid et al. implement
the nonstationary differential resolution algorithm to
improve seismic resolution and better preserve the relative
amplitude [6]. In imaging, Perez and Marfurt correct for
wavelet stretch in common-angle migration during imag-
ing, improving lateral and vertical resolution of seismic
image [7]. Despite these advancements, traditionalmethods
still encounter significant challenges, such as difficulties in
wavelet acquisition, uncertainties regarding stratigraphic
Q values, and severe noise disruptions. Additionally, the
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complex parameters in conventional methods need to be
carefully selected, and their performance is highly sensi-
tive to parameter choices. This sensitivity can lead to un-
satisfactory results if the parameters are not accurately
tuned, making it difficult to achieve consistent perfor-
mance across different datasets or geological settings.
Because seismic data generally contain varying degrees of
noise and noise cannot be completely separated from
seismic signals, forcing traditional methods to repeatedly
adjust parameters to balance resolution and signal-to-noise
ratio of the processing results.

Recently, deep learning techniques have gained wide-
spread application in computer vision and have also sparked
significant interest in the geophysics community. This
growing interest stems from the ability of deep learning
models to effectively capture complex nonlinear relation-
ships, which are often difficult to model with traditional
methods. In particular, deep learning has proven to be
highly effective in addressing a variety of geophysical chal-
lenges. For instance, it has been used for seismic data
reconstruction [8], denoising [9], seismic inversion [10], fault
detection [11–13], channel recognition [14, 15], and seismic
facies classification [16, 17], etc. The successful imple-
mentation of deep learning methods within various
geophysical domains demonstrates their significant poten-
tial to enhance both the accuracy and efficiency of seismic
data processing. These methods often exhibit superior per-
formance compared to conventional methods, reducing the
reliance on labor-intensive manual tuning and automating
the process of interpreting critical seismic features.

Numerous deep learning techniques have been intro-
duced for seismic image resolution enhancement. In terms
of network models, Li et al. train the convolutional neural
network for simultaneous super-resolution and denoising of
seismic image [18]. Generative networks, including genera-
tive adversarial networks (GANs), are also used to enhance
seismic resolution by suppressing random noise and
improving the dominant frequency [19, 20]. Additionally,
diffusion models have been applied to the task of seismic
resolution enhancement [21, 22], further demonstrating the
potential of generative models in seismic data processing.
Apart from the diversity of models, several studies have
focused on dataset construction. Some authors have
considered specific features of seismic field data [23, 24],
while Zhang et al. develop a domain adaptation method
aimed at bridging the gap between synthetic and real seismic
data [25]. Jo et al. take into account the seismic attenuation by
using time-variant wavelets [26]. To better support struc-
tural interpretation, additional prior knowledge [27–29]
and edge information [30] have been incorporated into
training process. Moreover, Kaur et al. employ deep learning

techniques to estimate inverse Hessian matrices, thereby
improving seismic image resolution [31]. Dong et al. use a
deep learning framework to establish the mapping rela-
tionship from the sparse-shot image to the dense-shot image,
thereby acquiring the high-resolution seismic images [32].
Overall, previous studies have improved deep learning–
based seismic resolution enhancement from different per-
spectives, including network architectures, dataset prepa-
ration, and incorporation of geological constraints.
However, relatively little attention has been given to the role
of the loss function, which fundamentally determines the
optimization direction of the network. Therefore, we
address this gap by designing an effective loss function that
balances structural preservation and detail recovery to
improve seismic vertical resolution.

This paper presents a convolutional neural network
(CNN) – based method for enhancing seismic image resolu-
tion, specifically employing a modified U-Net architecture.
To optimize the model performance, we generate a diverse
and comprehensive dataset that includes a large batch of
noisy, low-resolution seismic images, along with their cor-
responding high-resolution counterparts. The dataset is
carefully constructed to represent a variety of subsurface
geological features, including different fault structures,
folds, and stratigraphic variations, which are essential for
capturing the complexity of real seismic data. A hybrid loss
function, combining structural similarity (SSIM) and mean
squared error (MSE), is adopted to guide the optimization
process, thereby ensuring a balance between preserving
structural fidelity and recovering fine details. To evaluate
the efficacy of the proposed method, we eventually test the
trained network using one synthetic seismic dataset and two
real datasets. The performance of our trained network is
thoroughly assessed by comparing the resolution-enhanced
results with the original seismic images.

2 Methods

We address vertical-resolution enhancement of seismic im-
ages via supervised learning. First, we construct a large
synthetic training set by convolving identical reflectivity
models with two Ricker wavelets of different dominant
frequencies (see Figure 1). The lower-frequency result serves
as the training sample, and the higher-frequency counter-
part serves as the supervision target. We then train the
proposed architecture on this paired dataset using a com-
posite loss that linearly combines Structural Similarity Index
Measure (SSIM), which emphasizes global structural fidelity,
with Mean Square Error (MSE), which constrains pixel-level
details; the relative weights of the two terms are determined
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empirically for optimal performance. The trained model is
subsequently evaluated on independent synthetic data that
are not involved in training. Finally, we provide additional
implementation details of the network training. In the
following subsections, each step of the workflow will be
described in greater detail.

2.1 Data preparation

We approach the resolution enhancement task as a super-
vised learning problem. However, in practice, seismic data is
typically low-resolution and heavily contaminated with
noise, acquiring high-resolution field data without noise is
challenging. To address this, a substantial amount of training
samples and corresponding labels is generated for the su-
pervised learning task, ensuring the accuracy and validity of
the labels.

Using the subsurface structural modeling workflow
proposed by Wu et al. [33], we generate a large number of
reflectivity models that incorporate stratigraphic dips, folds,
and faults. In constructing these seismic reflectivity models,
we carefully account for the geological characteristics of
multiple target areas, creating a diverse range of reflectivity
models to compensate for the lack of sufficient real-world
training data. Each model has a size of 128 × 128 and consists
of 40–60 layers. Each model includes 5–8 folds, with vertical
heights ranging from 3 to 8 and lengths and widths ranging
from 30 to 50, so that the undulations of the reflectivity in-
terfaces remain relatively gentle. For the fault structures,
only normal faults are considered. Each model contains 2–5
faults, with strikes between 45° and 135°, dip angles between
60° and 90°, and displacements ranging from 2 to 10 pixels.
These parameter ranges, defined in accordance with the
geological features of the work area, ensure the validity and

Figure 1: The process diagram of creating the training set. (a) Reflectivity model including stratigraphic dip, folds, and faults. (b) High-resolution seismic
label generated by convolving the reflectivity with a higher-frequency Ricker wavelet (dominant frequency 30–40 % higher than the low-frequency case).
(c) Low-resolution seismic image generated by convolving the reflectivity with a lower-frequency Ricker wavelet (dominant frequency 15–25 Hz). (d)
Training input obtained by adding random noise to the low-resolution image. Asterisks in the figure indicate convolution operations.
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diversity of the synthetic reflectivity models. Seismic
training samples are generated by convolving the reflectiv-
ity model with a lower-frequency wavelet, while the corre-
sponding high-resolution labels are obtained by applying a
higher-frequency Ricker wavelet to the same reflectivity
model. To ensure the diversity of the seismic training sam-
ples, the main frequency of the wavelet used for generating
the training samples is randomly selected within the range
of [15, 25] Hz. The main frequency of the wavelet used for
synthesizing the high-resolution labels is increased by 30–
40 % compared to that used for the training samples. Since
noise is commonly present in real seismic data, we add
colored random noise, making the training samples more
representative of real seismic data. Figure 1 illustrates the
workflow for generating the training dataset used for
seismic resolution enhancement.

Based on the workflow diagram shown in Figure 1, we
automatically generated 1,500 pairs of training data for
training the resolution enhancement network. Figure 2 dis-
plays a portion of the dataset, where the first row represents
low-resolution seismic training samples with noise, while
the second row depicts corresponding noise-free high-
resolution labels.

2.2 Network architecture

The network we used is a modified version of the U-Net
architecture [34]. Due to its encoder-decoder architecture
and the incorporation of skip connections, U-Net exhibits
high versatility for various tasks within seismic explora-
tion. This inherent flexibility allows for easy modifications
and adaptations, making it a widely adopted deep learning

framework in this domain. The network we employed has
4 down-sampling steps, and the channel number of the
first convolutional layer is 64 (see Figure 3). The decision
to use 4 down-sampling steps and to set the number of
channels in the first convolutional layer to 64 was guided
primarily by widely adopted practices in prior U-Net
implementations for seismic and medical image process-
ing tasks. In general, increasing the network depth allows
the extraction of higher-level features and can improve
performance. However, our input seismic images have a
resolution of 128 × 128. With each down-sampling opera-
tion halving the spatial dimensions, four steps reduce the
featuremaps to 8 × 8. Further down-samplingwould result
in excessively small feature maps and loss of spatial detail.
While we did not perform an exhaustive hyperparameter
optimization, we conducted preliminary experiments
with different numbers of down-sampling steps and initial
channel sizes. The selected configuration achieved stable
training and satisfactory results without excessive
computational cost, and is consistent with common setups
reported in related work.

2.3 Loss functions

During training, the loss function plays a crucial role. It
measures the discrepancy between the model’s predictions
and the ground truth, and guides the optimization of
network parameters byminimizing this difference. Selecting
an appropriate loss function for a specific task has a sub-
stantial impact on the training process and the final per-
formance. Awell-designed loss function can effectively guide
the model toward faster convergence and lead to a better

Figure 2: A subset of our training set, where the first row represents low-resolution seismic training samples with noise, while the second row depicts
corresponding noise-free high-resolution labels.
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solution [35, 36]. In the task of enhancing seismic resolution,
to better preserve the structural characteristics of seismic
images and restore stratigraphic details, we optimized the
network using a weighted combination of the Structural
Similarity Index Measure (SSIM) and Mean Squared Error
(MSE). MSE emphasizes the high-frequency components of
the image, while SSIM captures the texture and structural
information of the image and provides favorable optimiza-
tion properties. By combining these two complementary
metrics, the proposed loss function improves both pixel-
level accuracy and structural fidelity. The details of the loss
function are described below.

2.3.1 Structural Similarity Index Measure (SSIM)

Pixel-level image evaluation metrics are unable to pre-
serve image structure [37]. SSIM, on the other hand, ac-
counts for texture structure, aligning more closely with
the human visual system (HVS) and is widely used in im-
age quality assessment [38]. SSIM is primarily composed of

three components [38]: luminance l Y
⌢
,Y( ), contrast

c Y
⌢
,Y( ), and structure s Y

⌢
,Y( ), which are defined as

follows:

l Y
⌢
,Y( ) =
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Y
⌢ μY + C1

μ
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⌢
2 + μ2
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, (1)

c Y
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Y
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2 + σ2

Y + C2
, (2)

s Y
⌢
,Y( ) =

σ
Y
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Y
+ C3

σ
Y
⌢ σY + C3

, (3)

where Y
⌢
and Y denote the predicted seismic image and label

respectively. μY correspond to the average value of Y, while
the standard deviation ofY is represented as σY. σ

Y
⌢
Y
signifies

the covariance of Y
⌢
and Y. Luminance is perceived by

humans as the average intensity of a region; therefore, the
mean pixel value serves as a direct and appropriate esti-
mator of this perceptual attribute. Contrast is captured by
the standard deviation because it reflects the magnitude of
intensity variations around the mean. Structure is derived
by subtracting the mean and normalizing by the standard
deviation, producing a unit-vector signal that preserves only
the spatial patterns. The correlation between these
normalized signals thus quantifies structural similarity
independently of luminance and contrast [38]. Small con-
stants C1, C2, and C3 are introduced to mitigate numerical
instability when the denominator approaches zero. The
general formula of SSIM is

SSIM Y
⌢
,Y( ) = l Y

⌢
,Y( )[ ]

α

· c Y
⌢
,Y( )[ ]

β

· s Y
⌢
,Y( )[ ]

γ

, (4)

luminance, contrast, and structure are relatively indepen-
dent; specifically, a change in one component does not affect
the evaluation of the others. Moreover, their corresponding
indices α, β, and γ are all positive numbers [38]. They are
assigned different weights according to the importance of
the three components. For simplicity of the expression, the
parameters are usually set as α = β = γ = 1, so that SSIM is also
derived as

SSIM Y
⌢
,Y( ) =

2μ
Y
⌢ μY + c1( ) 2σ

Y
⌢
Y
+ C2( )

μ
Y
⌢
2 + μ2Y + c1( ) σ

Y
⌢
2 + σ2

Y + C2( ) . (5)

It is not difficult to conclude that the upper bound of
SSIM is 1 when the two images are identical. When we use
SSIM to measure the error between the generated seismic
image and the ground truth image, it is defined as:

Figure 3: The network used for seismic resolution enhancement.
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L SSIM Y
⌢
,Y( ) = 1 − SSIM Y

⌢
,Y( ). (6)

2.3.2 Mean Square Error (MSE)

The Mean Square Error (MSE) quantifies the difference be-
tween predicted and ground-truth pixel values by squaring
the differences and averaging them across all pixels. It is
commonly used across variousfields [39, 40]. Anotherwidely
used loss function is the Mean Absolute Error (MAE), which
computes the average of the absolute differences between
predictions and ground truth. The key difference between
the two lies in their sensitivity to large errors: MSE penalizes
larger errors more heavily due to the squaring operation. As
a result, MSE tends to emphasize high-frequency details and
sharp variations in the image, while MAE may lead to
smoother results and is less sensitive to outliers. In our task
of enhancing seismic image resolution, preserving high-
frequency details is critical. Therefore, we chose MSE over
MAE, as it better reduces over-smoothing in the high-
frequency regions during training. MSE is expressed as:

L MSE = 1
N

∑
n

i=1
ŷi − yi( )2. (7)

Where ŷi represents the amplitude values at each point in
the predicted image, yi denotes the corresponding amplitude
values in the ground truth, and N is the total number of
pixels present within the seismic image.

2.3.3 Weighted SSIM–MSE loss

To enhance the perceptual quality of seismic images and
emphasize detailed stratigraphic features, we employ a loss
function that combines SSIM and MSE, defined as follows:

L Mix Y
⌢
,Y( ) = α · L SSIM Y

⌢
,Y( ) + 1 − α( )

· L MSE Y
⌢
,Y( ). (8)

Among them, α determines the relative importance of
the two components. When α = 0 or α = 1, they represent two
special cases: α = 0 corresponds to using only the MSE loss
function, and α = 1 corresponds to using only the SSIM
loss function. To better leverage the strengths of SSIM and
MSE, we experimented with different combination weights
to determine the final loss function. Visual examples
comparing the results obtained with different loss functions
are presented in Figure 4. Figure 4a shows a low-resolution
synthetic seismic image, while Figure 4b is the correspond-
ing high-resolution label for comparison. Figure 4c–h

display the network predictions trained with combination
weights of α = 0, 0.2, 0.4, 0.6, 0.8, and 1, respectively. It can be
observed that when α = 0, i.e., the network is trained using
only MSE, the predicted discontinuities near faults are
clearer, as indicated by the green circles in Figure 4c. In
contrast, when α = 1, i.e., the network is trained using only
SSIM, the predicted discontinuities are relatively blurred, as
shown in the green circles in Figure 4h. Moreover, the SSIM-
trained network exhibits some loss of boundary informa-
tion. However, the overall reflection features are better
preserved in the SSIM predictions, as indicated by the blue
arrows in Figure 4h. These qualitative observations suggest
that SSIM and MSE each have their own advantages. For
intermediate weights (α = 0.2, 0.4, 0.6, 0.8), the visual dif-
ferences in the predictions are less clear, making qualitative
assessment difficult. Therefore, we further conducted a
quantitative analysis of the results. In addition to SSIM and
MSE, we used signal-to-noise ratio (SNR) and peak signal-to-
noise ratio (PSNR) as evaluation criteria. The higher values of
SSIM, SNR, and PSNR indicate better performance, while a
lower MSE value signifies better results. Table 1 presents the
evaluation metrics for different weight parameters, where
bold indicates that the network trained with the corre-
sponding loss function performs better than those trained
with other loss functions. It shows that the network performs
better when the weight coefficient α of the combined loss
function is set to 0.2. When α = 0.2, all evaluation metrics
except for SSIM show the best performance. The network
trainedwith only the SSIM loss function (i.e., whenα = 1) yields
the best SSIM score. This outcome is expected: a network
trained using the SSIM loss is directly optimized to minimize
SSIM, so it naturally achieves higher SSIM scores compared
to networks trained with other loss functions. When com-
bined, these loss functions complement each other: SSIM
helps preserve the structural aspects of the image, while MSE
ensures pixel-level accuracy, resulting in more robust and
visually coherent outputs in image processing tasks.

2.4 Training details

By applying geometric transformations, including horizon-
tal and vertical flips, for data augmentation, we ultimately
obtained 4,500 pairs of resolution-enhanced training data.
Before training, we preprocess the data by performing
normalization through the following formula [15]:

X* = X − μ
σ

. (9)

Here, X* represents the normalized seismic volume of X. μ
correspond to the average value of the input seismic volume,
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while the standard deviation of the input seismic volume is
represented as σ. During the training phase, we first
initialize the network’s weights and biases randomly. The
network was implemented in Python using the PyTorch
framework.We then use the Adam algorithm to optimize the
network and update its parameters [41]. The training was
conducted for 100 epochs. We evaluated the performance of
learning rates 10−5, 5 × 10−5, and 10−4, and the learning rate is
subsequently reduced according to the decay of the valida-
tion loss. As evidenced by the loss curve trends and the
corresponding test predictions, the best performance was
achieved with a learning rate of 10−4. The other two learning
rates were relatively small, which resulted in slower
convergence, and by the end of 100 epochs, they had not yet
reached a desirable convergence state. The batch size of the
network is set to 10.

3 Results

To demonstrate the performance of the proposed method,
one synthetic dataset and two real offshore datasets from
different work areas were fed into the trained network. The
detailed network architecture is described in Section 2.2. The
training dataset was prepared following the procedure
outlined in Section 2.1, and the training was terminated after
100 epochs. For validation, we selected the network pa-
rameters obtained at the 80th epoch. The same parameters
were consistently applied across both the synthetic dataset
and the two field datasets. Since the network input size is
fixed at 128 × 128, whereas the actual seismic sections are of
varying dimensions, a sliding-window strategy was adopted
to divide the data into smaller patches, which were then fed
into the network. The enhanced patches were subsequently

Figure 4: Comparison of low-resolution and high-resolution seismic images, and network predictions trained with different weighted combination
losses. (a) Low-resolution synthetic seismic image. (b) Corresponding high-resolution label. (c–h) Network predictions trained with the weighted
combination loss using α = 0, 0.2, 0.4, 0.6, 0.8, and 1, respectively. Here, α = 0 indicates training with MSE only, and α = 1 indicates training with SSIM only.

Table : The values of evaluation criteria on the test data for the hybrid loss function with different weights. Each row represents different training loss
functions, and each column represents different values of evaluationmetrics. The best evaluation results are highlighted in bold, where smaller values for
L MSE are preferable, and larger values for SSIM, SNR, and PSNR are better.

Quality metric Input Training loss function

α =  α = . α = . α = . α = . α = 

* L MSE ↓ . . . . . . .
SSIM↑ . . . . . . .
SNR↑ . . . . . . .
PSNR↑ . . . . . . .

* × LMSE.
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merged to reconstruct the full section. Before entering the
network, each patch was normalized using the same pre-
processing procedure described in Section 2.4. In the
following section, the application results on both the syn-
thetic and real datasets are analyzed and discussed.

3.1 Application of synthetic data

We first validate the effectiveness of our proposed method on
synthetic data. Figure 5 shows a pair of synthetic seismic data
derived from a common reflectivity model. This reflectivity
model incorporates complex geological features, including
varying stratigraphy, multiple folds, and four faults with

distinct displacement parameters. Figure 5a is the noisy, low-
resolution seismic image, while Figure 5b is the corre-
sponding high-resolution label, both with dimensions of 512
[trace] × 256 [sample]. It is worth noting that this synthetic
dataset is used exclusively for testing purposes and was not
involved in network training. Figure 5c shows the results
generated by the proposed method. Compared to the orig-
inal noisy, low-resolution seismic image, the processed
result demonstrates a significant improvement in vertical
resolution, particularly evident in areas with prominent
edge features.Moreover, the processed result indicates that
the trained network possesses inherent denoising capa-
bilities. Stratigraphic features that were previously
obscured by noise are now clearly visible.

Figure 5: Synthetic test data, including
(a) seismic image characterized by low
resolution and noise; (b) associated high-
resolution label; (c) the high-resolution pro-
cessing result.
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To further evaluate the amplitude characteristics before
and after processing, we compare individual seismic traces
from the high-resolution output with those from the original
and label. Specifically, the 80th and 380th traces, marked by
the blue and yellow dashed lines in Figure 5, are randomly
selected for comparison. The corresponding results are
presented in Figure 6a and b. In these figures, the red line
represents the seismic trace extracted from the original low-
resolution seismic image (see Figure 5a), the green line in-
dicates the seismic trace extracted from ground truth (see
Figure 5b), and the cyan line represents the single seismic
trace from the predicted high-resolution result (see
Figure 5c). Compared to the original low-resolution seismic
trace, the processed trace retains a similar waveform trend.

However, it is evident that the processed trace has restored
much of the high-frequency information, with waveform
characteristics closely matching the ground truth.

In addition, we analyze the spectral characteristics of
the seismic images, as shown in Figure 7. The amplitude
values across different frequency bands are averaged over
all seismic traces in the image. The amplitude spectra of the
original data, ground truth, and processed output are rep-
resented by the red, green, and cyan curves, respectively.
The results demonstrate a broadened frequency bandwidth
along with an enhanced dominant frequency in the pro-
cessed image, which are crucial for improving vertical res-
olution and facilitating the identification of finer geological
details.

Figure 6: Seismic trace analysis of the (a) 80th trace (indicated by the blue dashed line in Figure 5) and (b) 380th trace (indicated by the yellow dashed line in
Figure 5). Shown are the traces from the input seismic image prior to processing (red), the true label (green), and the processed high-resolution result (cyan).

Figure 7: Spectrum analysis of the original
seismic image from Figure 5a (red), the ground
truth from Figure 5b (green), and the output
high-resolution results from Figure 5c (cyan).
The results show broader frequency band-
width and enhanced dominant frequency,
leading to improved vertical resolution and
clearer identification of fine geological details.

X. He et al.: Deep learning-based seismic resolution enhancement 9



3.2 Application of actual data

Having demonstrated the resolution enhancement capabil-
ities of the proposed method on synthetic datasets in the
previous section, we then evaluate the trained network’s
performance on two field datasets obtained from different
work areas.

The first actual seismic dataset is from the 2D profiles of
the Poseidon-3D Marine Seismic Survey. Figure 8a–c display
three original profiles from the Poseidon dataset. Figure 8d–
f show the corresponding results obtained by applying a
spectral shaping method [42] to enhance resolution, while
Figure 8g–i present the high-resolution profiles produced by
our trained network. In both cases, an enhancement of

Figure 8: 2D seismic profiles from the Poseidon-3D dataset. (a)–(c) Original profiles, (d)–(f) results processed using the spectral shaping method, (g)–(i)
enhanced profiles obtained with our proposed approach.

Figure 9: A field seismic section and its enhanced result. (a) Field seismic section from Data2; (b) corresponding enhanced result.
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seismic data resolution is clearly observed. In particular, in
the results processed by ourmethod, seismic responses from
thin layers become more distinct, as indicated by the blue
arrows, which greatly facilitates the detection and charac-
terization of such layers. Compared with the spectral
shaping method, the improvement achieved by our
approach appears more evident. Notably, fault discontinu-
ities also become more evident after processing with the
proposed method. For example, in Figure 8b, faults are

manifested only as subtle warping features with limited
signs of horizon dislocation, which complicates reliable
interpretation. By contrast, the processed result in Figure 8h
reveals distinct fault displacement across the section, espe-
cially between 0 and 70 samples (green circle), where the
fault breakpoints appear more prominent and easier to
identify. These improvements appear less pronouncedwhen
using the spectral shaping method. This demonstrates
that the proposed approach significantly enhances fault

Figure 10: Original seismic time slices and corresponding resolution-enhanced results. (a) Original seismic time slice at 1,600 ms. (b) Resolution-
enhanced result corresponding to (a). (c) Original seismic time slice at 1,800 ms. (d) Resolution-enhanced result corresponding to (c).
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resolution in shallow intervals while simultaneously
improving the visibility of thin layers across the section,
thereby aiding the recognition of subtle structural features.
Furthermore, the resolution of pinch-out formations, high-
lighted by the green arrows in Figure 8f and i, is markedly
improved, enabling more accurate localization and tracking
of stratigraphic variations. In addition, our method exhibits
stronger robustness compared to the spectral shaping
method. For instance, in the regions marked by red circles,
the enhanced seismic images generated by our approach
preserve textural features and stratigraphic continuitymore
effectively.

The second actual seismic data is from the South China
Sea region, which we refer to as Data2. Figure 9a shows a
two-dimensional profile of this data. The corresponding
high-resolution seismic image through the trained network
is shown in Figure 9b. The enhanced seismic images show a
significant improvement in resolution, revealing many
stratigraphic features that were previously hard to detect, as
highlighted by the blue arrows.

We also demonstrate the resolution enhancement effect
on the time slice. Figure 10a and c display the original time
slices at 1,600 ms and 1800 ms, respectively, while Figure 10b
and d present their corresponding resolution-enhanced re-
sults. It is evident that the enhanced time slices exhibit much
clearer seismic detail responses, with a significant
improvement in lateral resolution.

The enhanced vertical resolution allows for finer
delineation of thin beds and subtle stratigraphic changes
that were previously indistinguishable in the original data.
These improvements help to reveal previously hidden
geological features, such as minor faults, unconformities,
and layer boundaries, which can now be more clearly
identified. The enhanced resolution facilitates better tem-
poral or depth accuracy in the depiction of seismic events,
which is crucial for precise subsurface interpretation,
especially in complex geological areas. Overall, the resolu-
tion enhancement significantly improves the clarity of
seismic imaging, providing more detailed and reliable in-
formation for geological analysis.

4 Conclusions

This paper proposes a deep learning-basedmethod for seismic
resolution enhancement. To address the limitations of pixel-
level losses,we design a hybrid loss function that combines the
Structural Similarity Index Measure with the Mean Squared
Error, allowing thenetwork topreservehigh-frequencydetails
while improving overall seismic image quality. Experiments
on both synthetic and field data demonstrate that our method

effectively enhances resolution, recovers signals from thin
layers, and provides additional denoising capabilities, result-
ing in clearer and more accurate representations of subsur-
face geological features. Notably, although the proposed
network is trained on synthetic data, it achieves promising
results on real seismic datasets. Nevertheless, its applicability
to data from other regions requires further validation. Incor-
porating transfer learning with a limited amount of real
seismic data may further enhance the network’s generaliza-
tion capability in practical applications. In futurework,wewill
incorporatemore realisticwavelets to enhance applicability to
real seismic scenarios.
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