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Introduction: In seismic structural interpretation, fault detection plays a crucial
role as it serves as the foundation and key step for identifying favorable oil
and gas zones. Currently, many re-searchers are utilizing deep learning for
automated fault detection. However, the accuracy and continuity of predictions
generated by existing convolutional neural networks (CNNs) on real seismic data
fail to meet practical production requirements.

Methods: To address this issue, we integrated the Transformer architecture
into the V-Net framework, proposing a fault detection method based on the
TransVNet network. This approach utilizes semantic segmentation technology
to generate a fault probability volume by assessing the likelihood of each data
point in the input dataset being part of a fault.

Results: For comparison, we referenced the classical U-Net network and the
recently proposed TransUNet network, validating the feasibility of our method
through theoretical seismic data. Subsequently, we applied the TransVNet
network to actual seismic data. Without employing transfer learning, the fault
detection results demonstrate that our proposed method exhibits superior fault
detection capability, higher prediction accuracy, and better continuity compared
to existing approaches.

Discussion: The method proposed in this article demonstrates that deep
learning can be applied to fault detection in complex regions, which can
enhance the accuracy and continuity of fault detection.

KEYWORDS

fault detection, seismic interpretation, convolutional neural network, TransVNet, deep
learning

1 Introduction

The development of fault detection methods has evolved over time, leading to a range of
conventional techniques such as coherence cube technology (Bahorich and Farmer, 1995;
Gersztenkorn and Marfurt, 1999), curvature attributes (Al-Dossary and Marfurt, 2006;
Yin et al., 2014), ant tracking (Colorni et al., 1992), and attribute fusion (Yuan et al., 2022),
as well as deep learning-based approaches.

Early end-to-end fault detection networks relied on deep convolutional neural network
(CNN) models (Xi et al., 2018). Over time, U-Net has become the dominant architecture
for fault detection. The U-Net network, originally proposed by Ronneberger et al. (2015),
significantly improved segmentation accuracy. Oktay et al. (2018) enhanced U-Net by
introducing Attention Gate (AG) structures at the end of each skip connection, resulting
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in the AG-UNet network (Oktay et al., 2018). Wu et al. (2019)
applied the U-Net neural network to fault detection, achieving
consistent resolution between input and out-put layers (Wu et al.,
2019). The U-Net architecture has demonstrated strong advantages
in fault detection, leading to numerous subsequent variants.
Gao et al. (2022) proposed a nested residual U-Net with improved
performance (Gao et al., 2022). While Shen et al. (2022) combined
wavelet transform with CNN for enhanced results (Shen et al., 2022).
Lyu et al. (2022) proposed the U-SegNet network specifically for
buried-hill fault detection, which effectively reduce the case of fault
miss and false detection (Lyu et al., 2022). Sun et al. (2023) applied
the EAResU-Net to reduce the semantic gap between the en-coder
and decoder (Sun et al., 2023). Milletari et al. (2016) introduced the
V-Net network, an extension of U-Net that better preserves detailed
information during downsampling (Milletari et al., 2016).

All the aforementioned deep learning-based fault detection
methods are improved upon the classical U-Net network. However,
due to inherent limitations of the network itself, these U-Net-based
approaches exhibit insufficient accuracy and poor continuity when
applied to real-world data.

Recently, the Transformer model has achieved remarkable
success in natural language processing (NLP) (Vaswani et al., 2017).
After the Transformer was originally designed for one-dimensional
sequences, researchers have begun exploring its adaptation to
fault detection. Tang et al. (2023) proposed 2.5D Transformer U-
Net, demonstrating significant improvements in result continuity
(Tang et al., 2023). Wang et al. (2023) proposed a Transformer-
assisted dual U-Net network, which improved the accuracy of fault
detection results (Wang et al., 2023). Inspired by Cao et al. (2021),
who introduced a Transformer-enhanced U-Net network (Cao et al.,
2021), we integrated the self-attention-based Transformer model
with the V-Net architecture to develop the TransVNet network.
Subsequently, we tested the fault detection performance of our
proposed TransVNet network, the well-established U-Net network
and the recently introduced TransUNet network using synthetic
seismic data. Finally, we applied all three methods to real-world data
for validation. Based on the test results from both synthetic and
field data, we demonstrate that the TransVNet network significantly
enhances the accuracy and continuity of fault detection.

2 Methodology
2.1 TransVNet architecture

illustrates the architectures of the U-Net and
TransUNet networks. Both networks consist of an encoder and

Figure 1

a decoder component. Figure 2 shows the architecture of the
TransVNet network. The main structure of TransVNet combines
the Transformer and V-Net networks, while still maintaining the
overall encoder-decoder framework.

The encoder section consists of three convolutional layers
with downsampling operations, where a Transformer network
is embedded after the third convolutional layer. During
downsampling, the number of feature channels progressively
doubles at each stage to enhance detection of subtle fault features.
Key technical improvements include replacing pooling functions

with convolutional layers to achieve data dimensionality reduction
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and expanded receptive fields, as well as incorporating ResBlock
with skip connections to preserve shallow-layer features through
feature map stacking.

The decoder employs a progressive upsampling strategy
involving three stages with decreasing convolutional operations
(three convolutions in the first stage, two in the second, and
one in the final stage). Attention mechanisms bridge the
downsampling and upsampling paths, while cross-level feature
concatenation enables multi-scale information fusion. This
asymmetric convolutional configuration facilitates deep feature
mining, combining CNN’s local perception with Transformer’s
global modeling capabilities through skip connections.

For fault detection optimization, convolutional downsampling
preserves high-resolution features, Transformer captures long-range
spatial dependencies, and residual learning ensures fault continuity.
The architecture synergistically enhances prediction accuracy by
maintaining structural details during dimensionality reduction
while modeling both local and global seismic patterns.

2.2 Loss function

In deep learning, the loss function plays a critical role. By
minimizing the loss function, the model gradually converges and
reduces the prediction error of the TransVNet network. Therefore,
the choice of loss function significantly impacts the model’s
performance.

The network utilizes a weighted sigmoid cross-entropy loss
function to address the severe class imbalance between positive
(fault) and negative (non-fault) samples in seismic data, where non-
fault points significantly outnumber fault points. By introducing
a weighting coefficient to the standard sigmoid cross-entropy
function, this approach mitigates the training bias caused by extreme
sample imbalance, effectively reducing the model’s tendency to
favor the majority class (non-fault regions) (Lin et al., 2018). The
mathematical formulation of the loss function is expressed as:

loss = q x z x log (sigmoid(x)) + (1 — z) x (~log (1 — sigmoid(x)))
(1)

x represents the predicted fault probability, z denotes the
ground truth label (1 for fault, 0 for non-fault), and ¢ is the
weighting coefficient that controls the balance between positive
and negative samples.

This equation can be simplified from its original form
(Equation 1) to explicitly high-light the role of the weighting factor
in penalizing misclassified fault points more heavily than non-
fault points. The weighting mechanism ensures that the model
prioritizes accurate fault detection while maintaining numerical
stability during optimization (Equation 2).

loss=(1-2z)xx+(1+(qg—1)xz)xlog(1+e™) 2)

2.3 Attention mechanism

This study incorporates a spatial attention mechanism
into the network architecture to enhance feature fusion,
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FIGURE 1
The network architectures of UNet (a) and TransUNet (b) both consist of encoder and decoder components.

directing the algorithm’s focus toward target regions (fault
suppressing background By
amplifying feature responses in critical areas and improving

structures) while interference.
attention to potential fault zones, the mechanism specifically
addresses the challenge of detecting low-order faults with subtle
seismic signatures.

The attention module operates after merging shallow-layer
features (retaining high-resolution spatial details) with upsampled
deep-layer features (carrying semantic context). Through this
configuration, the network learns to evaluate the spatial significance
of geological structures and dynamically reweights feature maps
by assigning higher importance to regions likely to contain faults.
This adaptive weighting process strengthens fault-related features
while diminishing irrelevant seismic patterns, effectively improving
detection precision.

The implementation leverages the complementary strengths
of multiscale features: shallow layers provide precise spatial
localization, while deep layers encode broader geological context.
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By fusing these through attention-guided recalibration, the model
achieves enhanced sensitivity to discontinuous seismic reflections
characteristic of faults, particularly those with weak expression or
complex geometries.

Figure 3 schematically illustrates the implementation of the
attention mechanism. In this process, g represents the input shallow-
layer channel features, and x denotes the deep-layer channel
features. The workflow begins by applying convolutional operations
to both the shallow and deep channel features, followed by
an elementwise summation to integrate their information. The
combined result is then processed using a ReLU activation function
to introduce non-linear transformations. Next, a 1 x 1 x 1
convolutional kernel is applied to the output of the ReLU activation,
refining the feature maps while preserving spatial relationships. The
refined features are subsequently normalized through a softmax
activation function, which generates spatial attention weights in
the range [0,1] to highlight critical regions. Finally, these attention
weights are multiplied with the original deep-layer channel features

frontiersin.org
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The network architectures of TransVNet.
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(x), adaptively enhancing fault-related patterns and suppressing
irrelevant background noise. This sequential integration enables
the network to prioritize geologically significant structures by
dynamically reweighting multi-scale features, thereby improving
fault detection accuracy while maintaining computational efficiency
through compact 3D operations.

3 Model training
3.1 Model testing

The dataset was constructed using the toolkit developed
by Wu etal. (2019), which generates synthetic fault volumes
through forward modeling. Following Wu etal's finding that
200 fault data pairs suffice to train a reliable neural network
for fault segmentation, we employed 220 synthetic 3D seismic
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records (128 x 128 x 128 samples each) with corresponding
fault labels. Of these, 200 volumes were used for training and 20
for testing.

Figure 4 displays representative seismic data samples and their
fault labels from the training dataset, The horizontal axis represents
CDP (Common Depth Point), and the vertical axis represents time.
Prior to training, all input data underwent amplitude normalization
to mitigate overfitting caused by amplitude variations across
different seismic surveys.

For validation, a seismic profile extracted from one test volume
was analyzed. Figure 5 compares the fault detection results between
U-Net, TransUNet and TransVNet. The U-Net outputs exhibit
poor continuity with numerous misdetection regions, notably
failing to detect faults on the right section. The TransUNet model
demonstrates higher resolution capabilities, but produces more
erroneous results and similarly fails to detect faults on the right
side. Obvious issues have been circled in Figure 5. In contrast,
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Seismic data (a) and fault label (b) and fault-overlaid seismic profile (c).
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FIGURE 5

Fault labels (a) and fault detection results between U-Net (b), TransUNet (c) and TransVNet (d).

TransVNet addresses these limitations effectively, producing
accurate fault predictions with significantly improved spatial
continuity. The enhanced performance demonstrates TransVNet’s
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superior capability in maintaining structural coherence while
reducing false positives, particularly for subtle or discontinuous

fault features.
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FIGURE 6
Accuracy curve of U-Net, TransUNet and TransVNet.

3.2 Accuracy curve

Figure 6 displays the accuracy curves of the three networks after
100 training epochs. As evident from the figure, the accuracy curve
of the TransVNet model reaches higher values compared to those
of the U-Net and TransUNet models. This clearly demonstrates
the superior performance of TransVNet over both U-Net and
TransUNet.

3.3 Evaluation metrics

To quantitatively evaluate the performance of the models,
we employed three evaluation metrics to assess the prediction
results of the three models: Dice Coefficient (DC), Sensitivity,
and Specificity. The DC is a similarity measure function used to
calculate the similarity between predicted results and ground truth.
Sensitivity measures the models ability to correctly identify true
faults, while Specificity evaluates its capability to correctly recognize
non-fault regions.

Equations 3-5 demonstrate the calculation formulas for
these metrics:

2TP

C=—_ 2% 3
2TP+FP+FN )

TP
itivity = —1E 4
sensitivity TP+ EN (4)

TN
i ficity = ——— 5
speci ficity TN+ FP (5)

where TP (True Positives) denotes regions correctly identified as
faults in both predictions and ground truth, FP (False Positives)
represents areas misclassified as faults in pre-dictions but actually
non-fault in reality, and FN (False Negatives) corresponds to true
fault regions missed by the predictions, TN (True Negative) denotes
regions correctly identified as non-faults in both predictions and
ground truth. A higher IoU value indicates superior precision

Frontiers in Earth Science

TABLE 1 Evaluation metrics values of the 3 methods.

Method DC Sensitivity Specificity
U-Net 0.4409 0.7117 0.8971

TransUNet 0.5609 0.4815 0.9840

TransVNet 0.7122 0.6070 0.9934

TABLE 2 Evaluation metrics values of the 3 methods.

Method | Parameters Training Prediction
times times
U-Net 351,161 118 107
TransUNet 109,340,785 5,138 181
TransVNet 305,193,073 341,734 254

in fault detection. Table 1 presents the evaluation metrics of
fault identification results obtained using three methods: U-Net,
TransUNet, and TransVNet. For evaluation metrics computation,
a threshold of 0.7 is applied to the fault probability volume, where
voxels with probabilities exceeding this value are classified as
fault regions.

Analysis of Table I reveals that TransVNet achieves the
highest Dice Coeflicient (DC) value of 0.7122, indicating its fault
identification results most closely match the ground truth labels.
Furthermore, the numerical results show that both TransUNet and
TransVNet exhibit specificity values approaching 1, demonstrating
that the incorporation of Transformer architecture significantly
enhances non-fault recognition capability.

06 frontiersin.org


https://doi.org/10.3389/feart.2025.1635344
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org

Lei et al.

10.3389/feart.2025.1635344

ESESA s
200~ - ’ — TR 200}
D AP el
— -7 N
2 st -:;"//:' " o~ L s}
3 I~ T = A
a 7 _/"/a.‘f-" ._.) < 1 32
R R e AL
S T
50 |. T LTI — 50 |-
/.—n/ - ;‘ 7 m Id’r'h
et PP TR, ! .
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
InLine InLine
(a) (b)
——
K \\“
200 > _ Y4
£ 150 Rt
N T e -
2 | e
© 100p-. _—~ ___
— - -
O ey
S =
S0 [ A
T
0 50 100 150 200 250 300 350
InLine
(©)
FIGURE 7

Fault detection results of U-Net (a), TransUNet (b) and TransVNet (c).

We also compared the number of training parameters, training
and prediction times of the three methods. Table 2 shows the
parameters of the three methods. Training time refers to the time
consumed in training 1 epoch.

By analyzing Table 2, we can find that the training parameters of
TransVNet are much more than those of the other two methods, and
its training time is also much longer than the other two methods.
This is a drawback of TransVNet. However, the prediction times
of the three methods do not differ much, which indicates that the
prediction time has little to do with the model.

4 Practical application

The study utilizes real seismic data from a specific block in
an oilfield, with data dimensions of InLine = 373, CrossLine =
227, and Time sample = 2,901. The area is influenced by a strike-
slip stress field, resulting in fragmented strike-slip faults, complex
structural patterns, and well-developed low-order faults that serve
as critical pathways for hydrocarbon migration. Accurate fault
characterization is essential for determining reservoir locations
and understanding hydrocarbon migration pathways in this fault-
controlled system.

When applying deep learning for fault detection, transfer
learning is typically used to enhance model performance by adapting
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synthetic-trained models to real seismic data. However, effective
transfer learning requires highly accurate fault labels for the real
training data. Due to the prevalence of low-order faults in this area,
which are challenging to delineate precisely, transfer learning was
not implemented to avoid introducing errors from imperfect labels.

Figure 7 compares fault detection results from U-Net (a),
TransUNet (b) and TransVNet (c) through travel time slices
along the map view of T6 horizon at depth (The green line
in Figure 8 is the T6 horizon). As evidenced by Figure 7, the
fault identification results obtained using the U-Net network
exhibit significant noise interference and poor fault continuity,
with relatively low resolution. Similarly, the TransUNet network’s
results also suffer from substantial noise artifacts and discontinuous
fault representations. In contrast, the TransVNet network effectively
addresses the issue of unclear fault traces and significantly enhances
the continuity of identified faults. The most notable differences
between the three methods’ performances are indicated by red
arrows in the figure.

Figure 8 display the fault identification results along InLine and
CrossLine sections obtained using different methods. The cross-
section analysis reveals that the U-Net network produces results
with blurred fault boundaries, poor continuity, and low resolution.
Similarly, the TransUNet network also suffers from unclear fault
identification and discontinuous results. Yellow arrows in the figures
highlight these significant errors in both methods.
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Seismic profile (a) and fault detection results of U-Net (b), TransUNet (c) and TransVNet (d).

In contrast, the TransVNet network delivers fault identification
results with superior continuity, effectively eliminating most unclear
interpretations while maintaining high accuracy. The actual data
testing thus demonstrates that compared to both TransUNet and U-
Net networks, the TransVNet network significantly improves both
the continuity and accuracy of fault identification results.

5 Conclusion

This study proposes an intelligent fault detection method
based on the TransVNet convolutional neural network. Through
experimental validation and field applications, the following
innovative findings have been established:

(1) Architectural Innovation: The deep integration of Transformer
networks with V-Net architecture significantly enhances
deep learning performance in fault detection. Our hybrid
design synergizes local geometric feature extraction (via
3D convolutions) and global modeling (via self-attention
mechanisms).

Operational Superiority: The proposed method generates fault
predictions with enhanced continuity and improved accuracy.
Field tests demonstrate its capability to resolve low-order
faults in complex strike-slip systems, effectively addressing

2

practical requirements for reservoir characterization in oilfield
exploration and development.

However, the training time of the TransVNet network model is
much longer than that of the other two methods. In the future,
further optimization can be carried out in this issue.

3)

Frontiers in Earth Science

These advancements provide geoscientists with a robust tool
for high-precision fault interpretation, particularly in structurally
complex basins where accurate fault delineation critically influences
drilling success rates and reservoir management strategies.
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