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Abstract

Fault identification is vital for geological structure analysis and the optimization of oil-gas
extraction. Deep neural networks, especially U-Net and its variants, are widely used for
seismic fault interpretation. However, when applied to 3D seismic data volume, these
models typically require substantial computation resources and memory consumption. For
one reason, they do not take into consideration the obvious differences in characteristics
of seismic data in space and time dimensions; therefore, they require a huge number
of parameters to capture inherent information for seismic fault detection. This paper
presents a lightweight 3D seismic fault interpretation network based on a spatial-temporal
asymmetric convolution set (STA-Fault3D) to mitigate the aforementioned issue. STA-
Fault3D uses the spatial-temporal asymmetric convolution set to construct a lightweight
network and take into consideration seismic data dimension discrepancies. Multi-scale
feature fusion operation and an enhanced-training workflow are adopted to improve the
performance of the network on field data. Compared with the classic model, FaultSeg3D,
it demonstrates improved performance on fault detection continuity with only 12.33%
of the parameters and 18.57% of the computational quantity. Compared with the state-
of-the-art (SOTA) lightweight network, Fault3DNnet, it reduces parameters by 10% and
computational quantity by 4.2% for marginally improved detection results.

Keywords: seismic fault interpretation; spatial-temporal asymmetric convolution set;
multi-scale feature fusion; training enhancement; deep learning

1. Introduction

Fault interpretation is fundamental to geological structural analysis in hydrocarbon
exploration. Fault systems are key factors in controlling the formation and distribution
of oil and gas reservoirs. The accurate identification of faults is critical in seismic data
interpretation for effective exploration and production [1,2].

The manual interpretation of fault structures, usually time consuming and laborious,
can be subjective and incomplete due to interpreters” knowledge and excessive workload.
In order to deal with the exponential growth of seismic data, researchers began to ex-
plore automatic fault identification methods. The early investigations mainly focused on
geophysical attributes. Commonly used seismic attributes for fault identification and inter-
pretation include coherence cube, colony and edge detection algorithms [3-7]. Nevertheless,
the performance of these methods is inherently constrained by the quality of the input
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seismic data. Noise contamination introduces systematic biases, thereby reducing their
practical applications. In seismic volumes with strong noise, signal ambiguity significantly
degrades the accuracy of fault interpretation.

In recent years, machine learning techniques, particularly those first developed in the
field of computer vision, have been widely adopted for seismic data processing and inter-
pretation [8-12]. Fault interpretation is generally formulated under two main paradigms: as
image classification or segmentation tasks. Xiong et al. [13] and Zhao et al. [14] formulated
fault interpretation as an image classification problem in the context of computer vision.
In their approach, 2D seismic slices were input into a CNN to determine whether the central
pixel corresponds to a fault or not. These methods rely on pixel-wise classification using
sliding overlapping windows, which requires substantial computational resources and
GPU memory consumption. Furthermore, the use of 2D data limits the network’s capacity
to capture the complete spatial information of seismic data, often leading to discontinuities
in the predicted fault strike patterns.

On the other hand, U-Net and its variants have demonstrated excellent performance in
end-to-end image segmentation tasks. Wu et al. [15] proposed FaultSeg3D, which is a sim-
plified U-Net architecture designed specifically for fault identification. Although trained
on synthetic datasets, it still yielded favorable results when applied to field data. This
approach addressed the challenge of limited labeled training data for 3D fault interpretation
and demonstrated that deep neural networks can generalize effectively to field data even
trained solely on synthetic samples. However, the original U-Net is designed for image
processing, where there is no significant difference between the dimensions of the image.
The simplified U-Net (FaultSeg3D) struggles to capture information effectively between
different dimensions of seismic data, thus requiring a huge number of parameters and
complex computations to achieve good performance. As a result, many researchers have
explored the integration of additional modules to enhance the network’s performance.
For instance, Zhou et al. [16] proposed to enhance image resolution, thereby improving
fault feature extraction from an image processing perspective. Gao et al. [17] introduced a
multi-scale attention mechanism into the U-Net to further strengthen its fault identifica-
tion capabilities. Liu et al. [18] developed Res-UNet for intelligent fault interpretation for
common-azimuth seismic data.

While the integration of additional modules can enhance the segmentation capabil-
ities and accuracy of the network, it often comes at the cost of increased computational
complexity and memory usage. Meanwhile, researchers explored lightweight and effi-
cient network architectures for segmentation tasks. In the domain of fault interpretation,
Tang et al. [19] proposed Fault3DNnet, a lightweight bidirectional decoding network, which
achieved significant reductions in parameters and the number of floating-point operations
(FLOPs). Moreover, this method produced results on field data with enhanced continuity
for large fault structures and reduced noise. Yang et al. [20] proposed a lightweight 3D fault
detection network by introducing two modules: the global spatial convolution module
(GSCM) and the semantic difference module (SDM). The network achieves improved fault
continuity and structural integrity on field data while significantly reducing parameters
and computational cost compared with U-Net.

Convolution block decomposition replaces high-dimensional convolution blocks with
low-dimensional convolution groups, thereby significantly reducing the consumption of
computational resources. It has emerged as an effective strategy to reduce the computation
burden of neural networks and is increasingly attracting research attention. Guo et al. [21]
introduced a large kernel convolution method that decomposes a three-dimensional convo-
lution block into two two-dimensional convolution blocks and a one-dimensional convolu-
tion block, and then they investigated the effectiveness of its components. However, their
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study did not elaborate on the underlying principles or detailed methodology of the decom-
position process. Hou et al. [22] proposed a convolution module tailored for high-resolution
images, which enhances the upper limit of the convolution rank through dimensionality
reduction and the decomposition of high-dimensional convolution blocks. Their work
included an experimental analysis of various decomposition strategies with adjustments
made to optimize the module for different image processing tasks.

The application of conventional 3D convolution blocks on fault detection networks
presents two major limitations. First, the parameters of high-dimensional convolution
increase exponentially compared with lower-dimensional alternatives, leading to signifi-
cantly more complex computational operations. Second, while a unified high-dimension
convolution kernel enables the extraction of multi-dimensional features with preserved
spatial completeness, it fails to adequately account for the heterogeneous characteristics of
geological information across distinct dimensions. Decomposition strategies offer a promis-
ing solution to these challenges. By replacing high-dimensional convolution operators with
sets of low-dimensional convolution blocks, these methods achieve substantial reductions
in parameter count, facilitating the development of lightweight network architectures with
improved computational efficiency. Moreover, Dosovitskiy et al. [23] revealed that the
empirical receptive fields of convolution kernels are considerably smaller than their theo-
retical counterparts. This finding underscores the need for large kernels to capture broad
spatial context information—an approach that, while effective, introduces considerable
computational overhead. Conversely, overly small kernels compromise the completeness
of hierarchical feature extraction due to limited receptive coverage. Convolution block
decomposition addresses this trade-off by enabling the precise adjustment of kernel scales
along specific dimensions, thereby achieving a balanced compromise between contextual
integration and computational efficiency across heterogeneous geological structures.

In seismology, the unequal data characteristic across dimensions is particularly evident
in high-dimensional geophysical data. For example, in earthquake seismology, the time
dimension uniquely captures the full dynamic process of source rupture, the attenuation
characteristics of seismic wave propagation, and site-specific response effects. Conse-
quently, temporal data in seismic recordings often contain a higher density of relevant
information compared with spatial dimensions. To effectively extract this rich contextual
information, larger convolution receptive fields are typically required along the tempo-
ral axis [24,25]. However, general-purpose convolution decomposition methods tend to
perform inconsistently on seismic data characterized by such uneven information distribu-
tion. Similarly, in exploration seismology, there are distinct differences in seismic data on
temporal and spatial dimensions that should be taken into account for the design of fault
detection neural networks.

In this study, building upon convolution block decomposition theory and the inher-
ently uneven distribution of seismic information, we propose a spatial-temporal asymmet-
ric convolution set for seismic feature extraction in fault detection tasks. This module forms
the core of the STA-Fault3D network. As a variant of U-Net, the proposed architecture
integrates multi-scale feature processing through convolution groups. Additionally, to fur-
ther improve the network’s fault segmentation performance on field data, we introduce a
training workflow designed to enhance prediction accuracy and robustness.

To summarize, the primary contributions of this paper are as follows:

1.  We propose a lightweight network architecture, STA-Fault3D, for seismic fault seg-
mentation based on a spatial-temporal asymmetric convolution set. This convolution
set can adapt to the unequal information distribution in different dimensions of seis-
mic data. Therefore, it can predict improved fault detection results with reduced
network capacity and computation;
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2. Multi-scale feature fusion operation promotes the integration of shallow and deep
features, thereby enhancing the continuity of fault structures and suppressing noise
in prediction results on field data. By enabling the aggregation of information across
multiple network layers, this architecture effectively mitigates the loss of information
and reduces noise;

3. An enhanced-training workflow has been introduced to improve the continuity of
prediction results and effectively remove noise from the results. The training workflow
enhances the capability of our network by incorporating a reward mechanism, thereby
improving the continuity and structural integrity of the interpretation results. We
further applied this workflow to other networks and demonstrated its effectiveness.

2. Methods

We address the problem of 3D seismic fault interpretation by formulating it as an
image segmentation task. To this end, we propose a variant of U-Net, STA-Fault3D, for fault
detection. The network is built upon a spatial-temporal asymmetric convolution set and
integrates multi-scale feature fusion operations. In order to further improve the resolution
of the performance on field data, we propose an enhanced-training strategy.

2.1. The Spatial-Temporal Asymmetric Convolution Set

The convolution block is one of the basic components in a neural network. In previous
studies, the increase in the dimension of convolution blocks comes along with the expo-
nential increase in the requirements for the amount of parameters and overall calculation.
Traditional 3D convolution for extracting features from seismic data can be represented as
shown below:

F= Cn><n><n®[f(x/]//t)] (1)

where F represents the features extracted by convolution, C,x,xn is a 3D convolution
kernel of size n x n x n, f(x,y,t) denotes the input 3D seismic data, and x and y are
spatial dimensions (e.g., inline and crossline directions), while ¢ is the temporal dimension
(time or depth). Traditional 3D convolution typically aims to directly capture 3D features
through a convolution operation. However, this approach often results in a large number
of parameters and forces the information from different dimensions (spatial and temporal)
to be blended during convolution. Consequently, it fails to extract the distinctive features
unique to each individual dimension. And the convolution set for extracting features from
3D seismic data can be represented as

F=Csa®@[f(xyt)) = M{C@[f(xy, )], G [f(xy D, G [f(xy )]} 2

where Cg,; represents the convolution set, and Cq, C; and C3 represent low-dimensional
convolution kernels in the convolution set. M denotes the mixing step that fuses the
features extracted by each convolution kernel. The convolution set enables a more flexibly
capture of information across different dimensions while also significantly reducing the
computational resources required.

Previous studies have basically focused on the more general convolution set. The work
of Hou et al. [22] has thoroughly demonstrated the advantages of a low-dimensional
convolutional set over high-dimensional convolution blocks, providing a solid theoretical
foundation for the application of convolution set structures.

In this study, we set relevant super-parameters according to the characteristics of
seismic data. We believe that the temporal dimension contains relatively rich information
of seismic data. So, we set larger kernels to the time dimension and relatively small ones to
the other two dimensions. Following the decomposition method, we further discuss the
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influence of different settings on convolution operation of seismic data and the influence
of the different kernel sizes. Through experiments, we finally devised a spatial-temporal
asymmetric convolution set and designed the convolution block. The block is used as the
basic module in our network for seismic fault segmentation.

Figure 1 illustrates the traditional 3D convolution block and our proposed convolution
set. Hou et al. argued that a high-dimensional convolution kernel can be approximated by
the sequential aggregation of small kernels across multiple layers [22]. This convolution set
attempts to use three 1D convolutions to approximate the 3D convolution. Based on the
convolution set, we designed the spatial-temporal asymmetric convolution block shown
in Figure 2. In this structure, we adopted the convolution set aforementioned as the main
components. Additionally, convolution blocks and a channel attention mechanism are
added to fuse the features calculated separately.

Traditional 3D convolution block Proposed Convolution Set

inline crossline

Figure 1. Schematic diagram of traditional 3D convolution block and proposed convolution set.
The set is a combination of one dimensional convolutions on crossline, inline and time with lengths
of 1, 3 and 5, respectively.

The Spatial-Temporal Asymmetric Convolution Set
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Figure 2. Structure of the spatial-temporal asymmetric convolution block. The block structure takes
the spatial-temporal asymmetric convolution set as a basic module, incorporates a channel attention
mechanism and an activation function, and adds a fusion convolution block at the end.

The proposed spatial-temporal asymmetric convolution block (STA block) aims to
achieve two main goals. On the one hand, it reduces computational cost by minimizing the
use of 3D convolution blocks, thus significantly decreasing computation overhead. On the
other hand, it offers dimension-specific flexibility: the asymmetric design enables extending
the kernel length in a specific dimension like the temporal axis to expand the receptive
field and extract richer information while avoiding additional costs in other dimensions.
In conclusion, this block acts as a light and adaptable basic module for 3D seismic data
feature extraction.
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2.2. Multi-Scale Feature Fusion

Multi-scale feature fusion plays a crucial role in image segmentation by effectively
addressing the challenge of scale variation inherent in visual data. This approach leverages
hierarchical features extracted from different layers of neural networks, enabling the capture
of fine-grained details from shallow layers alongside high-level semantic context from
deeper layers.

In practical applications of multi-scale feature fusion, a common strategy involves
increasing the number of connection pathways within the network to enhance the capture
of multi-scale contextual information. Athira et al. [26] and Chen et al. [27] incorporated
dense connection and multi-scale feature fusion mechanisms into their respective models,
resulting in significant enhancements in segmentation performance.

To further improve the resolution of network predictions, we devised the network
architecture depicted in Figure 3. Dense connections were incorporated into the down-
sampling path to facilitate more efficient information propagation, which was supple-
mented by additional feature fusion operations. Fusion convolution blocks were embedded
within the skip connections at multi-scale feature aggregation points, enabling more com-
prehensive and effective feature integration across different network layers.

The proposed network architecture consists of three primary components: down-
sampling, skip connection and up-sampling. The network is primarily composed of STA
convolution blocks with conventional convolution blocks serving as auxiliary components.
The proposed STA block enables the network to more effectively capture information across
different dimensions of seismic data while reducing the number of parameters and compu-
tational cost compared with conventional 3D convolution blocks. We deliberately maintain
a consistent number of channels across the deep layers based on two key considerations.
First, uniform channel dimensions enhance feature compatibility during multi-scale fusion,
facilitating the integration of semantic information while effectively suppressing redundant
or ambiguous features. Second, controlling the channel count allows for a reduction in the
overall number of parameters and computational load.

g

|32 16|—-l16 1|

&

Lo

Addition ; 16 16 output

Up-sampling

Figure 3. Overview of STA-Fault3D structure.

We incorporate multi-scale feature fusion operations during the down-sampling to
enable the network to capture deep and shallow layers information. The fusion processing
can be formulated as

Xy = Csa @ (X1) + X3 (3)

Xi = Cs1a ® (Xj—1) + Xi—1 + Xi—p(i > 2) 4)

where Csty represents the STA convolution block, while X;, X; 1 and X;_, represent
the feature maps of the i-th, (i — 1)-th and (i — 2)-th layer. Multi-scale feature fusion
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operations facilitate the integration of shallow features into deep layers during down-
sampling, enabling the network to capture semantic information at multiple scales. This
enhances the network’s ability to preserve and detect fine-grained details. In the fusion
steps, the mixed features are fused to improve the stability and robustness of the results.

In the skip connections, we set STA blocks to enhance the integration of information
from deep layers. The STA convolution block in skip connections is an auxiliary module to
improve the quality of this fusion process. This design addresses two primary challenges:
(1) features from deeper layers are typically of lower resolution and may introduce sys-
tematic position error into the output; (2) although multi-scale feature fusion enables deep
layers to access information across different scales, direct summation is suboptimal for
effective feature integration. A sigmoid activation function is applied at the output layer to
generate probability volumes within the range [0, 1].

2.3. The Enhanced-Training Workflow

In fault image segmentation tasks, the network typically outputs a 3D probability
volume, where the value of each voxel represents the likelihood of that point belonging
to a fault. Within this volume, voxels with a probability of 0 can be reliably classified as
non-faults, while those with a probability of 1 correspond to definite faults. However,
due to the inherent variability and instability of deep learning models, these probability
values may fluctuate across different training iterations. To address this issue and enhance
prediction consistency, we introduce a reward mechanism in the training process, which
can be formally defined as follows:

pi=§Pi Pup > Pi > Plow ®)
0 Plow > Pi

where p; represents the probability of a specific point in the output probability volume
during training, while p,, and pj,, denote the predefined upper and lower confidence
bounds, respectively. We design an enhanced-training scheme based on the proposed
reward mechanism. The network generates an initial probability volume with values
ranging from 0 to 1. The reward mechanism is then applied to this probability volume to
classify each voxel into one of three categories: fault, non-fault, or uncertain. After assigning
the labels, the updated volume is fed into the loss computation process for model training.
The workflow we proposed is illustrated in Figure 4.

Training

> Pup w1 —
Reward
L i ‘Mechanism Loss“!;tér:):tion r X<
/

Neural Network  Fault Probability
L

< Plow™»0

output

Figure 4. Overview of enhanced-training workflow.

The proposed workflow is designed to refine the probability volume prior to loss
computation during the training phase. Specifically, we apply an enhancement operation to
the raw probability volume and compute the loss based on this refined output, guiding the
subsequent model optimization. This refinement process increases the proportion of voxels
with values approaching 0 (indicating definite non-fault) and 1 (indicating definite fault),
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which in turn influences the loss. To ensure balanced learning between fault and non-fault
classes, we adopt a balanced cross-entropy loss, which is formally defined as follows:

N
Lpcg = — Z [A-yilog(pi) + (1 —A) - (1 —y;)log(1—pi)] (6)

where p; is the refined probability value of the i-th point, y; is the ground truth label, and A
is a balancing weight to address class imbalance.

In the enhanced-training workflow, our primary objective is to drive the output
probability distribution toward its binary extremes, 0 and 1, in order to achieve more
distinct and reliable segmentation results. Specifically, the training strategy is designed
to encourage the majority of voxels to be identified as either faults (with probabilities
approaching 1) or non-faults (with probabilities approaching 0).

By introducing the three-segment probability guidance strategy, the network is en-
couraged to perform secondary validation on high-confidence predictions. Voxels with
probabilities exceeding the upper threshold are reinforced as fault points, enhancing the
consistency of subsequent training iterations. In contrast, voxels with probabilities falling
below the lower threshold are excluded, thereby reducing the impact of noise and improv-
ing the resolution of the result.

3. Results

The experimental evaluation in this study consists of two main components: field
data testing and ablation studies. For field data evaluation, we employ publicly available
seismic datasets. To assess the effectiveness of the proposed method, we conduct com-
parative experiments against two approaches: FaultSeg3D [15] and Fault3DNnet [19]. All
experiments are implemented on an NVIDIA RTX 3090 GPU, a high-performance graphics
processing unit equipped with 24 GB of GDDR6X memory, which provides powerful
parallel computing capability for deep learning tasks. Model optimization is performed
using the Adam optimizer.

3.1. Dataset

The proposed STA-Fault3D is trained on a synthetic seismic dataset provided by
Wu et al. [15]. The training set and the validation set contain 200 and 20 seismic data
volumes sized 128 x 128 x 128, along with their corresponding labels, respectively.

We selected the Netherlands F3 dataset, New Zealand Kerry3D dataset and Thebe
dataset as field data examples. To validate the effectiveness of the proposed method on
field data, we conducted ablation studies based on the F3 dataset and analyzed the fault
prediction results.

The F3 dataset, acquired from the North Sea offshore the Netherlands, is a widely used
open-source benchmark characterized by complex fault structures and clear stratigraphic
features. The Kerry3D dataset, obtained from the Taranaki Basin in New Zealand, is
fault-rich marine seismic data with a variety of geological patterns, making it suitable
for evaluating model generalization across different tectonic settings. The Thebe dataset,
collected from the Exmouth Plateau in the Northwest Shelf of Australia, is one of the
largest publicly available field-scale fault-interpretation datasets, providing high-resolution
seismic volumes with detailed fault annotations.

Due to the significant variation in amplitude values across different seismic datasets,
all data were first standardized using z-score normalization, which is defined as follows:

X —
Xz-score = T‘u (7)
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where X, score represents the data after normalization, X represents the original data, and u
and J denote the mean and standard deviation of X.

3.2. The Computation Comparison of Execution Efficiency

To evaluate the computational efficiency of the proposed network, we conducted a
quantitative comparison across four key metrics among FaultSeg3D, Fault3DNnet and
STA-Fault3D. The metrics include the number of parameters, the number of floating-point
operations (FLOPs) for input volumes of size 1283, the maximum data cube size that can be
processed within a 10 GB memory constraint, and the inference time on the F3 dataset.

As shown in Table 1, our method demonstrates notable advantages across all evalu-
ated aspects. Compared with FaultSeg3D, STA-Fault3D achieves a remarkable reduction
in computational complexity, requiring only 12.3% of the parameters and 18.6% of the
FLOPs, while reducing the inference time to merely 5% of that required by FaultSeg3D,
as shown in Table 1. Furthermore, when benchmarked against the SOTA lightweight
model Fault3DNnet, our method still demonstrates superior efficiency, achieving a 10%
reduction in parameter count and a 4.2% decrease in FLOPs, which is accompanied by an
additional acceleration in inference speed. These results clearly indicate that STA-Fault3D
maintains competitive accuracy while significantly improving computational efficiency
and deployment feasibility for large-scale seismic fault interpretation.

Table 1. The computation comparison of STA-Fault3D, Fault3DNnet and FaultSeg3D.

FaultSeg3D Fault3DNnet STA-Fault3D
Parameters 146 M 0.20M 0.18 M
FLOPs (1283) 136.46 G 2648 G 25.35G
Cuboid Size (10 G RAM) 1603 2963 2973
Infer Time (on F3 dataset) 4.09s 0.33s 0.22s

These empirical results underscore the superior efficiency of the proposed method in
terms of both resource consumption and processing time. The efficiency gains are primarily
attributed to the convolution block decomposition strategy, which systematically replaces
high-dimensional convolution operations with STA blocks, thereby preserving feature
extraction capability while reducing computational overhead.

3.3. Netherlands F3 Data

Figure 5 demonstrates the experimental results of three methods: the proposed STA-
Fault3D, FaultSeg3D, and Fault3DNnet—on a 512 x 384 x 128 seismic data cube extracted
from the Netherlands off-shore F3 block field data.

The original data are shown in Figure 5a. Figure 5b—d present the result from Fault-
Seg3D, Fault3DNnet and STA-Fault3D, respectively. While all three methods demonstrate
a similar identification of major fault structures, the proposed STA-Fault3D exhibits distinct
advantages in the red-boxed regions. Comparative analysis reveals that STA-Fault3D
achieves more complete and continuous fault structures compared with the other two meth-
ods. As indicated by the red arrows, STA-Fault3D better maintains structural continuity
in fault interpretation. Notably, STA-Fault3D demonstrates enhanced capability in de-
tecting subtle fault features that appear as broken strikes or remain undetected by the
compared methods.
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Figure 5. Fault prediction results on F3 dataset: (a) the original F3 seismic data; (b) FaultSeg3D [15];
(c) Fault3DNnet [19]; (d) STA-Fault3D.

3.4. New Zealand Kerry3D Data

For the second field data, we selected the New Zealand Kerry3D dataset, extracting
an irregular cuboid of dimensions 286 x 734 x 300 (Figure 6a) for comparative analysis.
To facilitate a comprehensive comparison of the three methods, we further analyzed
their performance at two specific time slices: slice 200 (Figure 7a,c,e,g) and slice 250
(Figure 7b,d,f,h).

In Figure 6, all three networks demonstrate excellent predictive performance on the
Kerry3D dataset. By comparing the regions marked by red arrows and green boxes, STA-
Fault3D enhances the continuity of fault structures and improves the structural integrity of
the results. Figure 7 demonstrates results of the 200 and 250 time slices in Kerry3D. The pro-
posed STA-Fault3D achieves results comparable to both FaultSeg3D and Fault3DNnet
with fewer parameters and less memory consumption. Meanwhile, on time slice 250,
STA-Fault3D maintains superior performance: it outperforms FaultSeg3D in terms of both
fault continuity and structural integrity while also exhibiting better continuity in detailed
regions compared with the SOTA network Fault3DNnet.

The experimental results on Kerry3D further validate the effectiveness of the proposed
STA-Fault3D and highlight its generalization capability. Even when handling irregular
seismic data, STA-Fault3D demonstrates robust fault recognition performance, enabling
high-quality structural reconstruction in complex geological scenarios.
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Figure 6. Fault prediction results on Kerry3D seismic dataset: (a) the original Kerry3D seismic data;
(b) FaultSeg3D [15]; (c) Fault3DNnet [19]; (d) STA-Fault3D.

3.5. Thebe Gas Field Data

For the third field dataset, we used seismic data from the Thebe gas field in the Ex-
mouth Plateau of Australia’s Northwest Shelf (Carnarvon Basin). As noted by An et al. [28]
(2021), this dataset contains professionally annotated labels for deep faults interpreted
by experts (Figure 8b). Figure 8 shows the results of FaultSeg3D, Fault3DNnet, and the
proposed STA-Fault3D, respectively.

Compared with the expert labels, the results demonstrate that STA-Fault3D accu-
rately predicts most fault structures with completeness. Compared with FaultSeg3D,
STA-Fault3D exhibits better continuity and structural integrity, effectively avoiding missing
fault segments. In the red dashed elliptical areas, STA-Fault3D shows more complete and
continuous predictions for elongated fault structures with higher accuracy in detailed
features and fewer blurred regions. Overall, STA-Fault3D achieves superior continuity and
structural completeness in fault predictions compared with the aforementioned methods
on the Thebe gas field dataset.
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Figure 7. Fault prediction results on Kerry3D dataset of the 200 (a,c,e,g) and 250 time slices
(b,d,£h). (a,b) are the original 200 and 250 time slice profiles of Kerry3D; (c,d) FaultSeg3D [15];
(e,f) Fault3DNnet [19]; (g,h) STA-Fault3D.

In all field data experiments, the fault prediction results of the proposed STA-Fault3D
exhibit satisfactory performance in all directions with advantages in both the continuity
and structural integrity of the predicted fault structures. During the design of convolution
blocks, we implemented an uneven allocation of kernel sizes for 1D convolution blocks
across different dimensions. However, the experimental results revealed no significant
decline in fault recognition capability in any profile or notable performance discrepancies
between profiles. The experimental results on field data demonstrate that the spatial-
temporal asymmetric convolution set can effectively adapt to field data of varying scales
while maintaining reliable fault prediction capabilities across all profiles, thereby proving
the generalization capability of STA-Fault3D.
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4. Ablation Studies
4.1. Convolution Block Decomposition

To verify the effectiveness of the convolution block decomposition method and the
spatial-temporal asymmetric convolution set on field seismic data, we test different convo-
lution sets for fault detection on the F3 dataset.

We tested the impact of kernel length combination across dimensions within the
390 convolution set for fault interpretation on the field dataset. In the experiment, we
mainly set up the following three groups: (1) Figure 9b—d increase the length in a sin-
gle dimension; (2) Figure 9e—g demonstrate the case of two-dimensional decomposition;
(3) Figure 9h,i show symmetric and asymmetric decomposition. To evaluate the general-
ization performance of the decomposed approach, we compared the prediction results on
the F3 dataset. We selected the 115 time slice for visual comparison, and the experimental
results are shown in Figure 9.

convolution set convolution set convolution set
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Figure 9. Convolution set ablation results: time slice of the F3 dataset: (a) the result of the 3D convolu-
tion block; (b—d) larger kernel length on inline, crossline and time, respectively; (e-g) two dimensional
kernel on inline—crossline, inline-time and crossline-time, respectively; (h,i) one-dimensional sym-
metrical and asymmetric decomposition, respectively.

Figure 9a presents the prediction results obtained using three-dimension convolu-
tion. Although the method yields satisfactory prediction results, its high computational
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complexity, substantial GPU memory consumption, and prolonged inference time pose
considerable challenges for practical implementation.

The first group (Figure 9b—d) illustrates the impact of convolutions on individual
dimensions for fault interpretation. To minimize inter-dimensional interference, the convo-
lution block length was set to 1 except for the designated dimension. Experimental results
from three cases demonstrate that the larger kernel length on temporal dimension exhibits
superior performance in both fault identification accuracy and structural continuity. These
findings offer valuable insights for the design of the asymmetric convolution set: that is,
the kernel size should have larger temporal dimensions for the fault segmentation task.

As illustrated in Figure 9e-g, the results highlight the influence of different dimen-
sional configurations in 2D convolution decomposition, revealing two major limitations.
First, the application of 2D decomposition significantly degrades the network’s fault inter-
pretation performance, yielding results that are markedly inferior. Second, compared with
1D decomposition, the 2D approach leads to an exponential increase in both the number of
parameters and computational overhead.

Figure 9h,i, respectively, display the prediction results obtained using symmetric and
asymmetric 1D convolution sets. The asymmetric configuration exhibits superior perfor-
mance, particularly in terms of fault continuity and identification accuracy. In addition,
the flexibility to adjust the convolution kernel length along specific dimensions within the
asymmetric design enables more precise control over the network’s parameter count and
computation resource.

4.2. Multi-Scale Feature Fusion Architecture

Multi-scale feature fusion was implemented to further improve the proposed STA-
Fault3D. While this decomposition significantly reduces parameter burden and computa-
tional costs, it simultaneously prevents the convolution blocks from capturing multi-scale
information. This limitation introduces noise into the fault interpretation results on field
data. The normal implementation involves feature concatenation across different layers,
yet many connection patterns and enhancement options required careful selection.

During the experiments, we selected four network architectures: the U-Net structure;
a connection structure with shallow layers (layer 1 to 3); and multi-scale feature fusion
operations without or with the STA blocks in skip connection.

As shown in Figure 10, without multi-scale feature fusion operations, the U-Net
structure produces interpretation results with lots of scattered points. Shallow-layer feature
fusion alone effectively mitigates the scattered point issue but reduces the network’s fault
segmentation capability. The multi-scale feature fusion operation effectively addresses
the issues. Multi-scale feature fusion operation enables the network to better capture
information from shallow and deep layers. Simultaneously, this structure can produce
continuous and clear outputs. The incorporation of STA convolution blocks within the
skip connections of deep neural network layers facilitates the effective fusion of multi-scale
features extracted from shallow and deep network layers. This architecture enhances model
stability while mitigating scattered points in outputs.

We compared the training and validation loss curves of the four aforementioned net-
work, as illustrated in Figure 11. It shows all four models exhibit broadly similar descending
trends. Specifically, the U-Net with the STA module and the shallow fusion strategy show
slower loss reduction compared with methods incorporating the multi-scale feature fusion
strategy. When comparing multi-scale fusion approaches, the convolution-enhanced fusion
method achieves more stable loss reduction with its loss curve approximating a smoother
trajectory. These observations are more pronounced in the validation loss curves shown
in Figure 11b. In the validation loss comparison, while all curves exhibit fluctuations
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during the decline phase, the proposed architecture demonstrates superior performance
in both convergence speed and stability. The combination of convolution enhancement
and multi-scale feature fusion operation enhances the stability of the network architecture,
thereby improving the reliability of fault prediction results.

Time (ms)

probability

() (d)
Figure 10. Network structure ablation experiment. (a) U-Net structure using the STA blocks; (b) fusion
the shallow layers (layers 1 to 3); (c) multi-scale feature fusion operations without STA blocks in skip
connection; (d) multi-scale feature fusion with STA blocks in skip connection.

Train loss Comparison

008 Validation loss Comparison

0.06
s Multi-feature operations with fusion enhancement s Multi-feature operations with fusion enhancement
0.07
Multi-feature operations without fusion enhancement Multi-feature operations without fusion enhancement
s Fusion the shallow layers (1-3layers) 0.05 1 s Fusion the shallow layers (1-3layers)
0.06 4 s U-Net structure s U-Net structure
0.05 - 0.04 -
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0.03
0.03 A
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Figure 11. Train loss and validation loss of different network on synthetic datasets: (a) train loss;
(b) validation loss.
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4.3. Enhanced-Training Workflow

The enhanced-training workflow we proposed involves setting upper and lower confi-
dence bounds to further differentiate points in the probability volume generated during
training. By establishing probability thresholds, we categorize points in the probability
volume into three distinct regions and apply a reward strategy: intensifying probability
concentration in high-confidence regions while filtering out low-confidence areas. This
approach encourages the network to cluster probabilities toward the defined bounds dur-
ing prediction while enhancing fault recognition capabilities. The core implementation
lies in pre-classifying and assigning values to the probability volume before loss function
computation. The selection of different upper/lower threshold combinations critically
influences the network, as varying threshold settings yield distinct learning effects.

The numerical experiments tested the impact of the upper and lower threshold on
prediction results and the influence of the size of interval ranges. To validate the ef-
fectiveness of the enhanced-training workflow, we applied the enhanced-training work-
flow on Fault3DNnet. The experimental results are shown in Figure 12. In the experi-
ments, we used the STA-Fault3D and adjusted the upper/lower threshold in the enhanced-
training workflow.
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Figure 12. Results with different upper/lower thresholds: (a) STA-Fault3D without enhanced-
training workflow; (b—g) STA-Fault3D with different threshold settings: (b) 0.15/0.65; (c) 0.15/0.75;
(d) 0.15/0.85; (e) 0.25/0.75; (f) 0.25/0.85; (g) 0.35/0.65; (h) Fault3DNnet; (i) Fault3DNnet with
enhanced-training workflow.
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The results demonstrate that all outcomes using the enhanced-training workflow
showed improvements in continuity and resolution. The results also demonstrate that the
upper/lower bounds and interval length of the reward mechanism significantly influence
the network performance on field data. Elevating either threshold boundary enhances
the network’s capacity to capture details, thereby reducing noise in outputs. Furthermore,
narrower threshold intervals yield higher-resolution predictions but compromise both the
continuity of fault structures and structural integrity. These findings collectively suggest
the necessity for balanced threshold selection to optimize the resolution and continuity of
the results. Based on the results of the experiments, and taking into account the continuity
and resolution of the prediction results, we have set the workflow thresholds at 0.15 and
0.75 during implementation.

To validate the effectiveness of the enhanced-training workflow, we applied the
enhanced-training workflow on Fault3DNnet. The results of Fault3DNnet with/out the
enhanced-training workflow are shown in Figure 12h,i, respectively. Compared with
non-enhancement training results, the workflow substantially improves the continuity of
the result, proving its effectiveness in enhancing prediction performance across different
network architectures.

5. Discussion

The proposed STA-Fault3D network and the enhanced-training workflow we de-
veloped have successfully accomplished fault identification tasks, demonstrating their
generalization capability and effectiveness in fault detection across multiple field datasets.
Our network primarily relies on three key approaches: convolution block decomposi-
tion theory, multi-scale feature fusion, and a reward mechanism within the enhanced-
training workflow.

The convolution block decomposition method significantly reduces computational
costs, enabling STA-Fault3D to capture different information across dimensions and, at the
same time, become a highly efficient lightweight network. However, ablation experiments
on convolution block decomposition and network architecture revealed that decomposing
convolution blocks leads to the issue of scattered points, which is particularly evident when
deploying the proposed STA blocks in the U-Net framework. To address this, we introduced
multi-scale feature fusion operations in the network architecture. Future research may
explore more effective fusion methods to further optimize the integration of decomposed
convolution blocks into traditional networks.

Furthermore, the enhanced-training workflow employs a reward mechanism to im-
prove the continuity and structural integrity of the identified fault features. However,
networks utilizing this workflow exhibit unstable loss curves, indicating variability in the
prediction stability. Subsequent research on the reward mechanism and loss function will
focus on enhancing stability to achieve more reliable predictions.

6. Conclusions

In this work, we designed the spatial-temporal asymmetric convolution set for fault
interpretation, leveraging convolution block decomposition and the inherent uneven distri-
bution of seismic information across dimensions. Additionally, we introduce a multi-scale
feature fusion to construct the STA-Fault3D network. We further introduced an enhanced-
training workflow to improve the performance of the network on field seismic data. Exper-
iments on three field datasets demonstrate that STA-Fault3D predicts more complete fault
structures with better continuity compared with the classic network FaultSeg3D, and it
outperforms the SOTA lightweight network Fault3DNnet in specific regions. Remarkably,
STA-Fault3D requires only 12.33% of the parameters and 18.57% of the computational load
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compared with FaultSeg3D, and reduces parameters by 10% and computation by 4.2%
relative to Fault3DNnet, significantly lowering computational costs. The proposed STA-
Fault3D delivers accurate fault predictions and performs well on multiple field datasets. We
hope this research will inspire future designs of lightweight fault identification networks.
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