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Abstract
Seismic fault identification is a critical step in structural interpretation, reservoir characterization, and well-drilling planning. However, fault
identification in deep fault-karst carbonate formations is particularly challenging due to their deep burial depth and the complex effects of
dissolution. Traditional manual interpretation methods are often labor intensive and prone to high uncertainty due to their subjective nature. To
address these limitations, this study proposes a transfer learningebased strategy for fault identification in deep fault-karst carbonate formations.
The proposed methodology began with the generation of a large volume of synthetic seismic samples based on statistical fault distribution
patterns observed in the study area. These synthetic samples were used to pretrain an improved U-Net network architecture, enhanced with an
attention mechanism, to create a robust pretrained model. Subsequently, real-world fault labels were manually annotated based on verified fault
interpretations and integrated into the training dataset. This combination of synthetic and real-world data was used to fine-tune the pretrained
model, significantly improving its fault interpretation accuracy. The experimental results demonstrate that the integration of synthetic and real-
world samples effectively enhances the quality of the training dataset. Furthermore, the proposed transfer learning strategy significantly im-
proves fault recognition accuracy. By replacing the traditional weighted cross-entropy loss function with the Dice loss function, the model
successfully addresses the issue of extreme class imbalance between positive and negative samples. Practical applications confirm that the
proposed transfer learning strategy can accurately identify fault structures in deep fault-karst carbonate formations, providing a novel and
effective technical approach for fault interpretation in such complex geological settings.
© 2025 Sichuan Petroleum Administration. 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/).
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1. Introduction

With the increasing demand for fossil fuels and techno-
logical advancements in exploration and production, exten-
sive extraction of oil and gas from depths greater than 5000 m
is no longer a pipe dream, and this realization has begun to
penetrate the public consciousness [1]. The carbonate reser-
voir, one of the most important reservoirs in the study of deep/
ultra-deep oil and gas resources, has been both a focus of
research and a source of difficulty. Different from shallow
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carbonate reservoirs, oil- and gas-rich areas in deep/ultra-
deep carbonates are mostly located near deep faults, and the
oil and gas are enriched in the deep faults fracture zone of
connected oil sources; the nearby karst development areas
have become an important field for exploring karst reservoirs
[2e4]. Carbonate reservoirs impacted by both fracture and
dissolution, named fault-karst carbonate reservoirs, have
become the core of deep/ultra-deep carbonate exploration and
development. To ease the development of such reservoirs, it is
important to find as many faults as possible that are connected
with deep source faults, providing support for well location
and well trajectory [5].

Traditional seismic fault identification methods mainly fall
into three categories, namely manual identification methods,
sevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open ac-
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seismic attributes identification methods, and machine
learning methods. The manual identification method primarily
relies on experienced interpreters to draw fault lines on the
profile according to the local characteristics of the fault,
combined with the geological structure and stress distribution,
and then explain the fault surface. Common indicators of
faults include the coaxial axis being obviously off, the number
of coaxes suddenly increasing, decreasing or disappearing,
shape mutation, and the emergence of special waves [6].
However, this method has obvious defects. On one hand, it is
inefficient and cannot meet the needs of large-scale interpre-
tation; on the other hand, the accuracy is not reliable, as the
interpretation results largely depend on the knowledge and
experience of the interpreters. Especially in some areas where
geological characteristics are not obvious, manual identifica-
tion methods are extremely difficult to conduct [7].

The seismic attributes identification method, the mainstream
method of fault recognition, has been widely utilized since
1995s. Using either continuous attributes or discontinuous at-
tributes to identify faults have become the two main ways of
identifying faults based on seismic attributes. Coherence at-
tributes, curvature attributes, and variance attributes are the
classic attributes of fault identification. Coherent attributes
highlight the overall spatial distribution characteristics of
faults, mainly through coherent changes. Classical techniques
include C1 coherent cube technology based on correlation [8],
C2 coherent cube technology based on semblance [9], and C3
coherent cube technology based on eigenstructure [10]. Cur-
vature attributes are mainly used to identify faults through
curvature changes, among which 2D surface curvature [11] and
3D volumetric curvature [12] are used for fault identification.
The variance attribute has some advantages in the analysis of
stratigraphic discontinuity, so it is also widely used in fault
identification [13]. However, due to changes in lithology and
special geological bodies, the values of the above attributes
may be abnormal, and identification errors may occur [14].
Integrating attributes from multiple methods enhances fault
identification accuracy, establishing this multi-attribute fusion
as the preferred solution to overcome limitations of single-
attribute analysis. The ant tracking algorithm is one of the
representative technologies of attribute fusion, and it was one
of the technologies proposed by Schlumberger in 2005 for fault
tracking and interpretation [15]. It won the “Best Exploration
Technology Award” of the World Petroleum Journal in 2005,
but its parameter setting is relatively complex in application,
and it still requires certain interpretation experience.

With the application of statistical methods in geological/
seismic interpretation and the continuous improvement of
computer processing power, machine learning methods have
gradually shown unique advantages in automatic fault detec-
tion and interpretation. While traditional machine learning
algorithmseexemplified by Support Vector Machines (SVM)
[16,17]eestablished the foundational paradigm for automated
fault detection, contemporary advances in deep learning have
revolutionized seismic interpretation through data-driven
feature extraction and end-to-end uncertainty quantification.
Compared to conventional machine learning, deep learning
can discover more feature details and therefore has an
advantage in fault recognition. A paradigmatic advancement
emerges in the evolution of convolutional neural network
(CNN), which have redefined fault characterization through
image segmentation paradigmsdtransitioning from 2D
seismic section analysis to volumetric 3D interpretation
frameworks with learnable spatial-contextual constraints. The
advantage of using deep learning for fault recognition is that
complex algorithms are no longer needed to extract features,
thus improving the efficiency of fault identification. Huang
et al. [18] developed a “big data” platform for seismic data
interpretation and found that deep learning methods with high
computational requirements, such as CNN, provided better
results in identifying geological faults in 3D seismic data.
Considering the difficulty of fault data labeling, Wei et al. [19]
constructed CNN directly from unbalanced patch data through
transfer learning, thereby improving the accuracy of fault
identification. However, CNN exhibits two problems related
to fault identification. First, it requires a large number of
sample labels as the basis, which can be difficult to provide;
second, the network structure of CNN is complex and the
calculation cost is high. Wu et al. [20] innovatively applied
the modified U-Net network to fault interpretation and created
a fault specimen generation method that solved the problem of
sample generation and labeling and realized end-to-end 3D
seismic fault identification. Subsequently, a large number of
scholars have improved and optimized that breakthrough,
further improving the accuracy and efficiency of fault iden-
tification. In order to avoid the inaccuracies caused by manual
selection of training labels by different interpreters, Liu et al.
[21] used a random number of synthetic seismic datapoints
with different positions and throws as the training and vali-
dation dataset, and they introduced residual units into U-Net
to build a ResUNet fault identification model. To overcome
the shortcomings of 2D and 3D neural networks for fault
identification, Lin et al. [22] introduced the channel attention
mechanism in the original U-Net architecture and built 2.5D
Channel Attention U-Net (2.5D CA-NET). The model
improved computational efficiency by using four adjacent
seismic slices as inputs instead of the entire 3D seismic data.
Based on the U-Net network and V-Net, Chen et al. [23]
proposed an improved CUNet fault intelligent identification
method that uses convolution operation to replace maximum
pooling in downsampling. The 3D inverse convolution oper-
ation replaced the upsampling convolution operation, thus
preserving the signal details and enhancing the extraction of
fault image features. In deeply-buried fault-controlled karst
carbonate reservoirsda distinctive play characterized by
syndepositional fault-karst couplingdconventional fault
identification methods prove suboptimal due to the absence of
consistent morphological templates, as structural discontinu-
ities are inherently obscured by multistage karstification-
induced geobody heterogeneity.

In order to solve the above problems, this paper proposes a
transfer learning strategy for fault identification of deep fault-
karst carbonate. First, a large number of synthetic samples
were generated by using existing methods based on the
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statistical rules of fault distribution in the study area, the existing
U-Net networkwas improved, and the attention blockwas added
to generate a pretrainedmodel. Then, combined with themanual
fault verification and interpretation results, manual labeling was
carried out to generate real sample labels, which were subse-
quently used as training sets to fine-tune the pretrained model
and improve its interpretation accuracy. Through practical
application, the results of this study prove that the new transfer
learning strategy can accurately identify the fault structure in
deep fault-karst carbonate, thereby providing a new technical
method for this kind of stratigraphic fault interpretation.

2. Material and methods

As mentioned above, seismic fault identification of deep
fault-karst carbonate reservoirs using transfer learning can be
treated as a feature image segmentation issue. Therefore, this
study revolved around constructing a deep learning strategy to
accurately identify the fault developing regions from 3D post-
stack seismic data. The identification result is expressed fault;
a value of 1 indicates a fault developed zone, while a value of
0 indicates a nonefault developed zone. The identification
workflow using deep learning is illustrated in Fig. 1. The entire
procedure consists of three parts.

(1) Pretraining the model: 3D synthetic samples were
input into the optimized 3D U-Net network for training,
resulting in the creation of the pretrained model.

(2) Fine-tuning the model: Real samples were utilized to
refine the fault identification model through partial
parameter retentiondmaintaining frozen weights in the
pretrained encoder while adaptively optimizing task-
oriented decoder layers via stochastic gradient descent
to obtain the finally fault identification model.

(3) Fault identification and application: The 3D seismic
data to be identified were input into I the fault identifi-
cation model to obtain automatic fault recognition.
2.1. Data processing
Traditional seismic fault interpretation is carried out on a
two-dimensional seismic section, which facilitates marking
faults and the construction of sample sets. However, faults are
geological bodies with spatial distribution characteristics, and
the construction of seismic bodies with three-dimensional fault
labels as sample sets will improve the quality of sample data
and the model's representation of the actual spatial distribution
characteristics of faults. Due to the time-consuming and labor-
intensive production of 3D seismic sample data with fault
labels, a combination of forward modeling labeling (synthetic
data) and manual labeling (real data) was adopted to construct
the sample set used in this study.

2.1.1. Synthetic data building
For synthetic samples, we adopted the method proposed by

Wu et al. [20,24], namely, we obtained fault models through
forward modeling. Since the seismic forward simulation
obtains seismic wave response characteristics under the
assumption of geological characteristics, theoretical seismic
data and fault labels can be obtained directly, which greatly
reduces the cost of artificial sample construction. The fault
parameterization scheme was adaptively calibrated to the
fracture density distribution observed in the study area,
generating 200 synthetic 3D seismic volumes with determin-
istic fault annotations. Due to the phenomenon of “blank”
when adding stratum folds in the forward simulation process,
combined with the actual conditions of hardware computing
resources, a 200 � 200 � 200 sample set was randomly
generated first, and then a 128 � 128 � 128 sample set was cut
by focusing on the fault development area. The detailed steps
of the construction process follow.

Step 1. Build a 1D horizontal reflection model, which can be
expressed rðx; y; zÞ, the reflection coefficient of which is be-
tween �1 and 1 randomly. The resulting reflection model is
shown in Fig. 2a (I).

Step 2. Extruding the reflection model, i.e., adding folds to
the horizontal layer, is accomplished by a composite function
consisting of 2D Gaussian functions and a linear scale function
expressed 1:5z

zmax
, as follows:

s1ðx;y; zÞ¼a0 þ 1:5z

zmax

Xk¼N

k¼1

bke
ðx�ckÞ2þðy�dkÞ2

2s2
k ; ð1Þ

where a0, bk, ck, dk, and sk are parameters related to the
respective fold properties. Different spatial fold structures can
be obtained by assigning different values for combination.
Through shift mapping and interpolation, the original reflec-
tion model is moved longitudinally, and the new reflection
model with fold structure is obtained as rðx; y; z þ s1ðx; y; zÞÞ,
which is shown in Fig. 2a (II).

Step 3. To account for the structural complexity of natural
fault systems, vertical displacement is mechanically regulated
through the integration of planar shearing dynamics. The
formula is as follows:

s2ðx;y; zÞ¼ e0 þ fxþ gy; ð2Þ

where e0, f , and g are parameters related to planar shearing.
We also add s2ðx; y; zÞ to the reflection model to obtain a new
reflection model, rðx; y; z þ s1ðx; y; zÞ þ s2ðx; y; zÞÞ, which is
shown in Fig. 2a (III).

Step 4. After obtaining a fold model that varies both laterally
and longitudinally, faults are added using Gaussian or linear
functions. For faults, fault distance, dip, and dip angle are
three key parameters, and the corresponding fault structure
can be obtained by setting corresponding values. The
displacement of the fault should be contained within the
predetermined range of the maximum sampling point. Fig. 2a
(IV) shows the result of adding a normal fault using a linear
function.



Fig. 1. Fault identification workflow using transfer learning.
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Step 5. A 1D reflection model with faults is obtained and
convolved with a Riker wavelet to obtain 3D seismic data with
fault structure. Fig. 2a (V) shows the result of adding a normal
fault using a linear function (Inline profile).

Step 6. In order to further improve the authenticity of syn-
thetic seismic images, some random noise is added to the
obtained data, as shown in Fig. 2a (VI).

Step 7. The generated 3D seismic volumes may exhibit
localized data voids due to acquisition artifacts. To mitigate
these discontinuities and optimize computational workflows,
we implemented fault-centered cropping protocols, produc-
ing standardized seismic sub-volumes (128 � 128 � 128)
with fault zones as geometric anchors. As demonstrated in
Fig. 2a (VIII), the cropped inline profile preserves structural
continuity while eliminating null-data regions."

Step 8. Finally, the amplitude of the seismic data is normalized,
and the value is converted to between �1 and 1. The result is
shown in Fig. 2a (VIII) (Inline profile).
Completing these eight steps creates seismic data with fault
labels (Fig. 2b). The synthetic dataset generation process
incorporates multiple stochastic parameters, which were
calibrated against based on geostatistical theory. We gener-
ated 200 statistically independent 3D training volumes
(128 � 128 � 128) that preserve geological plausibility while



Fig. 2. 3D synthetic fault sample production flow.
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ensuring dataset variability. To facilitate training, the data is
usually binarized; namely, the fault value should be set to 1
and the non-fault value to 0, which produces a three-
dimensional array containing only 0 and 1 (Fig. 2c).

2.1.2. Real data building
For the real samples, we adopted the fault modeling

method; the fault model was obtained through the fault fine
interpretation and geostatistics method. Based on the fault
interpretation results of the actual blocks, the fault plane
model was generated and meshmatched according to the
sampling rate of the seismic data, then binarized to obtain the
real samples. To ensure spatial consistency with the actual
fault interpretation, we generated 50 geostatistically con-
strained 3D training sub-volumes (128 � 128 � 128) through
real fault model source from seismic cropping. What follows
are the detailed steps of the entire construction process.
Step 1. The standard post-stack seismic data are proce-
ssed with amplitude preserving, and the region with obvious
fault characteristics verified by drilling, logging, and pro-
duction data is selected as the sample construction area
(Fig. 3a).

Step 2. Under the condition of stratification control, section
interpretation is used to mark the fault development area by
section with fault lines (Fig. 3b (I)).

Step 3. The point division of the fault lines is carried out,
and the connection between fault lines is initially constructed
according to geological understanding, as shown in Fig. 3b
(II).

Step 4. Integrating borehole-to-seismic calibration data from
25 wells with geostatistical kriging simulations, we gener-
ated coherent fault surfaces that honor both structural dip



Fig. 3. 3D real fault sample production flow.
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distributions and throw gradients, ultimately constructing the
fault model shown in Fig. 3b (III).

Step 5. Taking the seismic grid as a reference, the fault model
is meshed and the fault is reprocessed (Fig. 3b (IV)).

Step 6. The fault data matched with the seismic grid are
written into the seismic grid, and the original data in the
seismic grid are replaced (Fig. 3b (V)).

Step 7. The generated seismic data with fault labeling are
binarized. The fault value is set to 1, and the non-fault value is
set to 0, producing the output shown in Fig. 3c. As with the
synthetic data sample, the final output of the real fault sample
is a 3D array containing only 0 and 1, and multiple samples
can be generated by clipping.

2.1.3. Building the datasets
Some prior studies show that images with more faults are

more effective at training a CNN for fault segmentation than
are those with fewer faults [21]. However, according to our
experience, only when the dataset covers all possible fault
Fig. 4. Fault training set sample cumulative distribution: (a) frequency distribution o
feature patterns in the study area can we obtain a good iden-
tification result. Therefore, we selected fault samples with
different degrees of fault development when constructing the
sample set (i.e., a combination of more and fewer faults). The
data distribution of the synthetic sample set is shown in Fig. 4,
where fault density means the ratio of the number of grids
where faults are located to the total number of grids. As the
figure shows, the distribution of fault density was between
0 and 0.4, relatively concentrated between 0 and 0.2. The
frequency decreased with an increase of fault complexity, and
when fault density was greater than 0.1, the frequency
decreased significantly (Fig. 4a). Correspondingly, the cumu-
lative frequency rose gently, except for a slight fluctuation at
0.1 (Fig. 4b).
2.2. Fault identification model

2.2.1. Network architecture
To clarify the mapping relationship between 3D seismic

data and buried fault locations, we constructed an end-to-end
deep CNN [25]. The U-Net architecture originally developed
f density of fault and (b) cumulative frequency distribution of density of fault.



Fig. 5. An improved convolutional neural network (3D U-Net) for fault identification.
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by Ronneberger et al. [26] served as the model for the
network, as it has been shown to be successful in resolving the
nonlinear fault identification problem. In contrast to the
original U-Net structure, the CNN uses a 3D convolutional
kernel, replacing the original convolution layer with residual
blocks (ResBlock) and adding attention blocks to improve the
model's capacity to identify fault features. Fig. 5 displays the
network structure's specifics. The network receives an input of
3D seismic data, which is divided into an expansion path for
precise fault position estimation (right side of Fig. 5) and a
contraction path for extracting geological characteristics (left
side of Fig. 5). After being divided into 128 � 128 � 128
patches, the raw seismic data is fed into the CNN network.
Every stage in the left contracting path consists of two Res-
Block layers, which are then followed by a downsampling
max-pooling operation with a stride of 2. Two 3 � 3 � 3
convolutional layers and a ReLU activation are employed at
the deepest layer. Every step on the right expanding path has
two ResBlock layers and an upsampling layer, and every
upsampling procedure includes an attention block. Concate-
nation is used to combine the high-resolution features with the
upsampled outputs from the expansion path.

Transfer learning takes the trained model as the initializa-
tion for new network training. Since most of the data and tasks
are related, fine-tuning the network by transfer learning can
help speed up learning efficiency and economize many
computing resources. In this study, after training the pretrained
model with synthetic data, we froze the downsampling process
Fig. 6. The structures of the ResBloc
and part of the upsampling processes, leaving only an
upsampling layer and the output layer to update weights (the
area in the red dotted box in Fig. 5).

We used ResBlocks in place of the original U-Net struc-
ture's convolutional layers to enable a deeper network with a
lower chance of vanishing gradient. Fig. 6 (a) displays the
structure's details. The input was sent via a second convolution
layer (Conv), batch normalization, Leaky Relu, and another
batch normalization. The final output was obtained by adding
the result to the input and then passing it via a Leaky Relu
activation. Additionally, we added attention blocks to the
network (Fig. 6b). The attention block computed attention
coefficients (a), which were then used to scale an input feature
(x). The gating signal (g) was gathered from a coarser scale.
After using a Conv to make x and g identical in size, they were
put together. So, a Relu, a Conv, a Sigmoid, and a resampling
layer are required to obtain the attention coefficient. Trilinear
was used for the grid resampling of attention coefficients.

2.2.2. Loss function
When fault locations are designated as positive samples and

other locations as negative samples, the fault detection prob-
lem can be thought of as a binary segmentation problem. A
typical loss function in binary segmentation problems is binary
cross entropy (BCE), which performs well in general image
segmentation tasks in which the distribution of positive and
negative samples is balanced [27]. In defect detection, how-
ever, there are significantly fewer positive samples than
k (a) and the attention block (b).
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negative samples. As a result, when the network is trained
using BCE loss, it is simpler for the network to obtain negative
predictions in order to minimize the objective function. To
optimize this problem, we selected the Dice loss function [28]:

LDice¼1�Dice¼ 1� 2jX∩Y j
jXj þ jXj ; ð3Þ

where the Dice coefficient is used to evaluate the similarity of
predictions and labels. X and Y denote the prediction and
ground truth, respectively. jX ∩Yj is approximately the addi-
tion of dot product between the pixels of the predictions and
the ground truth. jXj and jYj are the pixels in their respective
corresponding images. We define the loss function for fault
detection, based on the Dice loss, as follows:

Lfault¼1� 2
PN

i¼1yiy
0
iPN

i¼1yi þ
PN

i¼1y
0
i

; ð4Þ

where yi and y0i denote the prediction and ground truth,
respectively.

2.2.3. Model evaluation
The loss curves of the model trained using transfer learning

algorithms and the model trained directly with real data are
compared in Fig. 7. The loss curve of the training dataset for the
model that was trained directly using manual calibration of real
data consistently declines; however, the validation dataset's loss
curve does not converge or decrease, indicating a major over-
fitting situation (Fig. 7a). The loss curves of the training and
Fig. 7. Loss function optimization effect: (a) the loss curves of the model trained

learning strategies.

Fig. 8. Fault identification blind testing and comparative analysis: (a) fault identific

fault identification based on our method.
validation datasets for the model utilizing transfer learning
techniques both gradually decline and converge (Fig. 7b).

The identification effects of the ant tracking algorithm
(Fig. 8a), the unoptimized U-Net network (Fig. 8b), and our
model (Fig. 8c) were compared, and untrained seismic data
were used to test the model in order to confirm its influence on
fault identification. A single ant tracking color bar was utilized
to compare the recognition effects of the three approaches.
While the ant tracking algorithm is capable of detecting both
small and large fractures, it is not the best method for locating
local trunk fault. After initial optimization, the 3D U-Net
network exhibited overfitting, meaning it was not accurate
enough for local fault characterization. Compared with the
above two methods, our model depicted the main fault more
precisely, but the characterization of local details still requires
further strengthening (Fig. 8).

3. Results

To further test the robustness of the model, block X of the
TH Oilfield served as the research area for fault identification.
The TH Oilfield is a vast Paleozoic marine carbonate oil field
located in the northern Tarim Basin, south of the Aksukule
Uplift and in the midst of the Shaya Uplift. It is primarily
composed of Ordovician karst fracture-caved reservoirs. The
Yingshan Formation and the Yijianfang Formation of the
Middle and Lower Ordovician Series are the principal in-
tervals for oil and gas production. The reservoir depth is
relatively large, often ranging from 5300 to 6200 m. The
directly with real data; (b) the loss curves of the model trained with transfer

ation based on ant tracking; (b) fault identification based on 3d-Unet; and (c)



Fig. 9. Fault identification in block X.
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primary reservoir space and gas flow channels are made up of
a vast number of dissolution pores, fractures, caverns, and
faults, with clear scale variations beneath the formation and
multi-stage overlaid karst.
3.1. 3D fault identification
There are many different ways that faults can occur.
Currently, identifying faults is the first step toward identifying
potentially productive locations for partial wells. However,
automatic problem identification is desperately needed to
assist production, as manual interpretation is labor intensive
and time consuming. The fault identification results based on
seismic data in block X are shown in Fig. 9. Through the
constraint of single well data, according to seismic interpre-
tation, experts proposed that there are 5 main fault systems in
the study area. It can be seen from the 3D interpretation results
that all faults in the study area were identified using our
model.
3.2. Fault characteristics of different profiles
According to the Inline profile, the seismic profiles of
Inline ¼ 2406, Inline ¼ 2436, and Inline ¼ 2306 were
randomly extracted (Fig. 10). From the identification results, it
can be seen that the fault has obvious corrosion characteristics
of a fault-karst reservoir.

Xline ¼ 6959, Xline ¼ 7059, and Xline ¼ 7159 seismic
profiles were extracted at random based on the Xline profile.
The fault displayed a strong “homologous fault” feature on the
main fault, and the interpretation results indicated that the
fault did not exhibit karst features. Instead, it displayed the
flower structure typical of a strike-slip fault. An additional
investigation and well drilling plan can focus on the related
secondary faults (Fig. 11).
Fig. 10. Fault identification of
Seismic slices with Time ¼ 3660, Time ¼ 3830, and
Time ¼ 4247 were randomly extracted according to the Time
slice (Fig. 12). It can be seen from the identification results
that the main fault zone has good continuity on the plane,
while the secondary fault develops intermittently and has
obvious strike-slip characteristics.

4. Discussion
4.1. Sample building
Although creating synthetic data is simple, the training
model's capacity for generalization is limited. Nevertheless, a
modest sample size is insufficient to increase the training
model's identification accuracy. As a result, distinct techno-
logical approaches should be used for various issues. In this
research, we used the transfer learning approach to enhance
model recognition accuracy by fusing synthetic and real data.
The sample building process involves many difficulties,
particularly when creating real samples. The fault modeling
approach used in this work was based on the well-seismic
constraint. The fault was then directly modeled using fault
interpretation, and the fault was matched using the seismic
grid sampling rate. Since faults are interpreted as collections
of fault lines, when creating fault models, it is essential to
connect these lines using geological reasoning and integrate
geostatistics to produce a regional surface. As a result, the
information between the lines is really retrieved by interpo-
lation, which raises a fundamental question about the ideal
grid size. Denser meshes result in finer interpolation; however,
this comes at a great cost in terms of processing. A balance
must be achieved in grid resolution, as excessively coarse
grids result in significant discrepancies between synthetic and
actual fault geometries. As a general rule, faults explanation
should try to make the faults as accurate as possible before
the seismic Inline profile.



Fig. 11. Fault identification of the seismic Xline profile.

Fig. 12. Fault identification of the seismic Time slice.

Fig. 13. The influence of grid on label quality: (a) bad label; (b) good label.

Fig. 14. A simplified end-to-end convolutional neural network (U-Net) for 3D fault detection (Sourced from Wu et al. [20]).
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putting them into the seismic grid. Then, when writing them
into the seismic grid, they merely need to be united with it. If
the label is created according to the seismic grid sampling rate
at the beginning, the subsequent label samples are not useable.
Fig. 13 shows the difference between a “bad label” and a
“good label.”
4.2. Model optimization
Optimizing models and algorithms is another efficient
method of raising the accuracy of fault recognition, in addition
to enhancing the quality of the data. Since its proposal, the
U-Net network topology has found extensive application in
computer vision, particularly in the domain of medical image
segmentation. Subsequently, it was brought into the field of
geophysics. Choosing a local window or cube on each image
pixel point for fault recognition is a prerequisite for early fault
recognition using the CNN method. This process is compu-
tationally demanding, particularly for 3D fault recognition. In
2019, Wu et al. [20] introduced a CNN architecture optimized
for fault identification; they streamlined the U-Net framework
by reducing its complexity and reformulated fault detection as
a tractable end-to-end binary image segmentation task. To
increase computational efficiency, they streamlined the orig-
inal U-Net by lowering the number of convolutional layers and
the characteristics of each layer (Fig. 14). This inspired our
model optimization strategy, specifically, modular refinement
of the network architecture through integration of field-
acquired seismic constraints while preserving the U-Net
framework. For instance, we developed a hybrid loss function
combining weighted cross-entropy and geological continuity
constraints, and implemented multi-scale residual connections
with self-attention gating modules in this study. Additionally,
these architectural innovations can be deployed as preliminary
validation benchmarks, analogous to established U-Net vari-
ants like V-Net (for volumetric medical segmentation) and U-
Netþþ (with nested dense connections) in their respective
domains.

In particular, it should be noted that although the transfer
learning strategy proposed in this paper is universal, the
identification effect may not be satisfactory due to the problem
of sample characteristics in the actual operation process. We
mainly carried out fault identification for carbonate forma-
tions, and the applicability to other types of formations, such
as sandstone and other clastic rock formations, still needs to be
examined. However, it is undeniable that with continuous
improvement of the quantity and quality of synthetic and real
samples, as well as continuous optimization of algorithms,
automatic fault recognition based on deep learning will ach-
ieve more ideal results.

5. Conclusions

(1) The pretrained model can be obtained by training syn-
thetic data, and then the final recognition model can be
obtained by fine-tuning the pretrained model with real
data. This approach, based on transfer learning, can
effectively improve fault identification.

(2) Based on the CNN framework, overfitting is mitigated
through stochastic dropout regularization (p ¼ 0.5),
identification accuracy is enhanced via multi-scale re-
sidual learning modules replacing standard convolu-
tions, and training efficiency is optimized by integrating
channel-spatial attention mechanisms, collectively
advancing fault detection performance

(3) Extremely imbalanced positive and negative samples in
fault identification can be effectively solved by opti-
mizing the loss function and substituting the Dice loss
function for the weighted cross-entropy function.
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