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Abstract—Recent advancements in deep learning have high-
lighted its significant potential in geophysics. However, a major
challenge in practical applications is the limited availability of
comprehensive and diverse datasets. To address this, synthetic
datasets have been developed. However, their inherent limitations
in quality and diversity prevent deep learning models from
effectively generalizing from synthetic to field data. This often
results in overfitting and hinders the accurate learning of
geophysical patterns. To tackle these challenges, we propose a
comprehensive strategy to enhance the generalization capabilities
of deep learning models, incorporating domain adaptation and
data augmentation techniques. First, we introduce a domain
adaptation method that adjusts the amplitude spectrum of the
data in the frequency domain, generating synthetic samples that
closely resemble field data. Additionally, we employ various data
augmentation techniques to further enrich the diversity of the
data. By improving both the realism and diversity of synthetic
data, convolutional neural networks trained on these augmented
datasets can effectively mitigate overfitting and enhance gener-
alization, leading to more accurate feature identification in field
data. We validated our strategy in geophysical tasks such as
fault identification and channel detection. Experimental results
demonstrate that our strategy significantly improves the models’
performance on both synthetic and field datasets.

Index Terms—Data augmentation, diversity and realism,
domain adaptation, geophysical interpretation tasks, seismic data
processing.

I. INTRODUCTION
N RECENT years, data-driven deep learning methods
[1] have been widely applied in the field of geophysics,
showcasing promising prospects and offering new solutions
for geophysical engineering applications and scientific dis-
coveries. Deep learning has achieved remarkable results in
numerous complex geophysical tasks, including phase picking
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[2], [3], [4], [5], [6], seismic prediction [7], [8], seismic data
processing [9], [10], [11], [12], interpolation [13], [14], [15],
interpretation [16], [17], [18], [19], [20], and inversion [21],
[22], [23], [24], [25].

Deep learning possesses a powerful capability to learn
complex mappings between input data and targets, allowing
it to automatically extract useful features from input data in
an incremental manner without the need for manually designed
features based on domain expertise. Consequently, as a data-
driven approach, deep learning heavily relies on the quality of
the training dataset. The quantity, diversity, representativeness,
and label quality of the training data significantly determine
the effectiveness of deep learning model training. In fields
such as computer vision and medicine, deep learning has
advanced rapidly, largely benefiting from the availability of
large and richly labeled datasets. For example, the ImageNet
dataset contains over 14 million labeled images [26], the Open
Images dataset comprises more than 9 million images with
rich annotations [27], and publicly available medical imaging
datasets like ChestX-rayl4 include over 100000 chest X-ray
images [28]. These large-scale datasets provide ample data
support for training deep learning models, driving the rapid
development of related technologies in areas such as image
classification [29], [30], image segmentation [31], [32], object
detection [33], [34], image generation [35], [36], and image
super-resolution [37], [38].

In contrast, the availability of labeled datasets in geophysics
is relatively limited. Due to confidentiality concerns, the field
geophysical data are challenging to access. Additionally, man-
ual interpretation of the field data is often highly subjective,
labor-intensive, and inefficient, resulting in sparse and lower-
quality labeled data for deep learning, which has significantly
constrained its further advancement in geophysics. To address
these challenges, researchers have proposed various methods
to generate synthetic datasets, such as fault-labeled seismic
data [39], 3-D geological models with gravity and magnetic
data [40], synthetic stratigraphic models [41], synthetic veloc-
ity models [22], [42], channel-labeled seismic data [18], [43],
[44], and seismic facies data [45].

However, the limitations of synthetic datasets signifi-
cantly hinder the generalization capabilities and performance
enhancement of deep learning models in geophysical applica-
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Fig. 1. Workflow of our integrated strategy (domain adaptation and data augmentation). The neural network is trained on datasets enhanced through our
strategy, and the trained CNN is subsequently deployed and evaluated in practical applications such as fault detection and channel identification.

tions. On the one hand, the poor quality and limited diversity
of synthetic data fail to comprehensively cover structural
features present in field data. As a solution, several studies
have explored data augmentation techniques for synthetic data.
For example, Zhu et al. [46] specifically employed augmen-
tation techniques such as random shifts, event stacking, noise
addition, false-positive noise, and channel dropout to increase
the diversity of seismic waveform data, thereby enhancing
the performance of deep learning networks across different
seismic signals. Wang et al. [47] proposed a structural data
augmentation method, which enhances dataset diversity and
generalization ability by introducing virtual folds and faults
into field seismic data. This approach improves the perfor-
mance of deep learning-based fault prediction models. Li et al.
[48] and Bonke et al. [49] applied geometric transformations
(such as rotation, flipping, etc.) to different types of 3-D
seismic data. This approach enhanced the performance of the
efficient UNet [50] in seismic fault image segmentation.

On the other hand, existing synthetic datasets are relatively
simplistic and lack realism, exhibiting notable differences from
field data. This discrepancy results in poor performance of
models trained on current synthetic data in practical applica-
tions. Therefore, some research has focused on simulating the
noise characteristics found in field data from random noise to
enhance data realism. For instance, Wang and Liu [51] intro-
duced Gaussian noise with varying variances into synthetic
seismic data, as well as extracting noise from unlabeled field
seismic data to expand training set diversity. Feng et al. [52]
employed an improved variational autoencoder to generate
random noise for data augmentation. Meng et al. [53] trained a
network capable of decoupling noise from valid signals in field
seismic data to generate pseudo-realistic noise approximating
that observed in field data.

Despite the advancements made by previous studies in
enhancing the diversity and realism of synthetic data, sev-
eral limitations remain. Most data augmentation methods
are designed for specific tasks, and a systematic approach
to geophysical data augmentation is still lacking. Moreover,

existing methods to enhance the realism of synthetic data pre-
dominantly rely on neural network training, with less emphasis
on the inherent characteristics of the data itself. Furthermore,
there is a scarcity of strategies that concurrently enrich data
diversity and improve realism, which continues to constrain
the improvement of model generalization performance.

To address these challenges, this study introduces a com-
prehensive strategy that combines domain adaptation and
data augmentation to simultaneously improve data diversity
and realism (as shown in Fig. 1). Inspired by frequency-
domain adaptation techniques in computer vision [54], [55],
we propose a novel domain adaptation approach tailored to
geophysical data. Unlike conventional methods, our strategy
is training-free and operates within seconds by directly fus-
ing the amplitude spectra of field and synthetic data in the
frequency domain. This efficient process embeds field-specific
characteristics into labeled synthetic data, thereby significantly
reducing domain discrepancies and improving the realism
and applicability of synthetic datasets. Concurrently, we sys-
tematically implement diverse data augmentation techniques
optimized for geoscience applications to expand the variability
of synthetic training data. Comparative experiments on fault
and channel detection tasks demonstrate that our strategy
markedly enhances network generalization and interpretability
across both synthetic and field seismic volumes.

II. DOMAIN ADAPTATION

A synthetic seismic data [Fig. 2(a)] generated with a sim-
ulation method (like the one by [39]) is clean and appears
significantly different from a field seismic data shown in
Fig. 2(b). Researchers often introduce random noise as shown
in Fig. 2(c) to the synthetic data to enhance its realism
and complexity. However, significant disparities still exist
between the synthetic data with random noise and field data, as
illustrated in Fig. 2(b) and (c). These discrepancies impede the
neural network’s ability to generalize the knowledge acquired
from synthetic data to real-world scenarios. To address the
impact of these differences, we propose a domain adaptation
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Fig. 2. Data comparisonand domain adaptation. (a) Clean synthetic data. (b) Field data volume. (c) Data with random noise added based on (a). (d) Data
after domain adaptation based on (a).
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Fig. 3. Specific process of domain adaptation. FFT and iFFT represent the FFT and its inverse, respectively; FFT-A and FFT-P, respectively, signify obtaining

the amplitude spectrum and phase spectrum through the real FFT.

method designed to reduce the gap between synthetic and
field data. As depicted in Fig. 2(d), synthetic data augmented
through domain adaptation exhibit a closer resemblance to
field data compared to those with merely random noise added.

Our method is inspired by the unique properties of data
in the Fourier domain. It is well known that the frequency-
domain information obtained after performing a Fourier
transform on data possesses certain characteristic attributes
[56], [571, [58], [59]. There exists a correspondence between
the frequency-domain information and the semantic structural
information of the original data. Early studies [56], [57],
[58], [59] on the Fourier spectra of signals have demonstrated

that the phase information in the spectrum retains high-level
semantic information from the original signal, whereas the
amplitude spectrum preserves only some low-level statistical
content. In other words, for seismic data, the phase informa-
tion contains structural and tectonic details from the original
data, such as stratigraphic distribution and fault structures,
while the amplitude information reflects changes in other
characteristics of the seismic data, such as grayscale and
brightness.

Based on this characteristic, we propose an innovative
idea: incorporating the amplitude information from field data
into synthetic data to generate augmented data that closely
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Fig. 4. Examples of domain adaptation for synthetic data. The top row represents four different clean synthetic seismic volumes, while the bottom row shows
their corresponding results after domain adaptation. (a) Clean synthetic data. (b) Synthetic data after domain adaptation.

resembles the field data. The specific process is illustrated in
Fig. 3.

First, we apply mean—variance normalization to both data,
followed by a fast Fourier transform (FFT) on the synthetic
data (s1) to obtain its amplitude spectrum (A;) and phase
spectrum P, and on the field data (s;) to extract its amplitude
spectrum (A;), as shown in the following equation:

A1 = FFT'A(Sl)
P =FFT-P(s))
A, = FFT - A(s,).

Here, FFT-A and FFT-P represent the amplitude and phase
spectra obtained using the FFT, respectively. Then, by using a
balance weight computed from a radial basis function ¢(x), a
blend of the amplitude spectra of the synthetic and field data is
performed to obtain a new amplitude spectrum (As), as shown
in the following equation:

Az =A; x (1 =¢ (X)) + Ay X ¢ (x). 2

Here, the radial basis function ¢(x) is defined as ¢(x) =
e 05X((=D/w) 1o compute the fusion weights for the amplitude
spectra of the synthetic and field data at each frequency
point, where x denotes the sequence of frequency samples
obtained from the Fourier transform. Across the frequency
axis, ¢(x) forms a smoothly increasing curve from low to
high frequencies. It is important to emphasize that, for both
synthetic and field data, the low-order statistical properties
are primarily concentrated in the low-frequency region of the
amplitude spectrum. To control the curve shape, we introduce
a parameter w: increasing w raises the initial value of ¢(x)
at the low-frequency point, thereby assigning greater weight
to the field data in this region and embedding more field-
specific characteristics throughout the spectrum. In this study,

6]

we set w = 4.5 to achieve a more balanced weighting of the
two spectra at the low-frequency range. Once w is fixed, ¢(x)
becomes a deterministic frequency-dependent weighting curve
for each sample.

Finally, we retain the original phase spectrum P of the
synthetic data and combine it with the blended amplitude
spectrum (A3). We then perform an inverse FFT to obtain
a novel synthetic data (s3) (as expressed in the following
equation):

53 = 1FFT(A3,P) (3)
As illustrated in Fig. 3, the augmented data retains the struc-
tural composition of the original data while integrating the
characteristic style of the field data. Through this method,
we can generate a large volume of labeled synthetic data that
closely resembles field data. In Fig. 4, we provide additional
examples of domain adaptation. Fig. 4(a) presents four clean
synthetic data samples, while Fig. 4(b) shows their correspond-
ing results after domain adaptation. Visually, it is apparent
that after domain adaptation, the augmented data volumes [in
Fig. 4(b)] resemble the field data volume shown before [like
the one in Fig. 2(b)]. Furthermore, we extract texture features
from seismic data using the gray-level co-occurrence matrix
(GLCM) [60] and employ uniform manifold approximation
and projection (UMAP) [61] for dimensionality reduction to
visualize the distributional differences among synthetic, field,
and augmented datasets. As illustrated in Fig. 5, the synthetic
data (light blue) and field data (dark purple) exhibit a clear
separation in the domain space, highlighting a significant
domain gap. In contrast, the augmented data (light purple) not
only partially overlaps with the synthetic data but also shifts
toward and intersects with the field data distribution. This
demonstrates that the proposed method effectively reduces the
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Fig. 5. UMAP embedding of seismic image textures showing the distribution of three data domains: original synthetic data (light blue), field data (dark

purple), and augmented data (light purple).
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Fig. 6. Data augmentation methods for geophysical data. (a) Original data. (b) Data after random rotate. (c) Data after random flip. (d) Data after Gaussian

blur. (e) Data after random zoom and crop.

domain discrepancy and enhances the fidelity of the synthetic
data.

III. DATA AUGMENTATION

In addition to the discrepancies between synthetic and
field data, the lack of diversity in synthetic data is another
significant factor affecting the neural network’s generalization
performance on field data. Therefore, we explore several
augmentation methods suitable for geoscientific data. Using
synthetic seismic data and fault labels as examples, as illus-
trated in Fig. 6, we present four augmentation techniques
tailored for geophysical data. Below, we provide a detailed
explanation of how each method is implemented.

A. Random Rotate

For a synthetic seismic volume, we apply arbitrary-angle
rotations along the time axis. By altering the rotation angle,
the orientation and position of the original data change accord-
ingly. This not only enriches the diversity of the dataset but
also aids the network in recognizing features of the same data
from different angles. Fig. 6(b) demonstrates an example of a
synthetic seismic volume rotated 30° counterclockwise along
the time axis.

B. Random Flip

We implement multiaxis flipping across all possible combi-
nations of its three primary axes to a synthetic seismic volume,
yielding seven distinct configurations. This approach preserves
the original fault geometry and stratigraphic relationships
while reorienting the spatial arrangement of seismic profiles.
Crucially, flipping avoids introducing geologically implausi-
ble features (e.g., unnatural fault trajectories) by maintaining
structural coherence. As demonstrated in Fig. 6(c), simulta-
neous flipping along the time and crossline axes exemplifies
this technique’s ability to expand data variability without
compromising geological realism.

C. Gaussian Blur

For a synthetic seismic volume, we select appropriate blur
factors and apply blurring along different axes. The chosen
blur factors range from 1 to 3. Fig. 6(d) illustrates the result
when a blur factor of 2.1 is applied. This method blurs and
sharpens the data details without disrupting the original data
structure and composition. It mimics the features in field
data that result from instrument limitations or insufficient
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Fig. 7. Comparative experimental design. Test A (teal flow lines): directly train a CNN with noise-free dataset; Test B (light blue flow lines): train a CNN
with dataset added random noise; Test C (peach flow lines): train a CNN with dataset applied domain adaptation; Test D (salmon red flow lines): train a CNN

with dataset applied domain adaptation and data augmentation.

resolution, enabling the neural network to learn how to handle
such information effectively.

D. Random Zoom and Crop

For a synthetic seismic volume, we first apply multiaxis
upsampling using adaptive zoom factors to amplify structural
details across spatial or temporal dimensions. We then perform
stochastic cropping on the upsampled volumes, extracting
subregions matching the original data dimensions [Fig. 6(e)].
This augmentation technique magnifies the features in local
regions and presents the synthetic data in various sampling
rates, enhancing the network’s ability to recognize patterns
under different resolutions.

IV. APPLICATION AND EVALUATION

By leveraging domain adaptation alongside four data aug-
mentation techniques, we propose a novel strategy designed to
simultaneously improve data diversity and realism. We validate

the efficacy of this approach for training neural networks in
geophysical applications, specifically through case studies on
fault detection and channel detection tasks.

A. Fault Detection

In the fault detection task, we employ a dataset of 400
synthetic 128 x 128 x 128 seismic volumes with annotated
fault labels [39]. We validate our method’s performance on
three field seismic volumes from distinct survey areas, encom-
passing diverse geological settings and fault types. Building
upon an established deep learning framework for seismic fault
detection, we conduct comparative experiments to rigorously
assess the efficacy of our proposed strategy.

As illustrated in Fig. 7, we conducted four comparative
experiments to evaluate the efficacy of our method.

1) Test A: Training the network on smoothed noise-free
synthetic data.
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2) Test B: Training with synthetic data augmented by ran-
dom Gaussian noise applied to the smoothed baseline.

3) Test C: Training with domain-adapted synthetic data,
integrating field data insights via domain adaptation
(building on Test A’s setup).

4) Test D: Training with synthetic data processed through
domain adaptation followed by targeted data augmenta-
tion (extending Test A’s configuration).

All four experimental groups employ 370 training samples
and use a shared validation set of 120 samples to maintain
experimental consistency and comparability. The validation
set is equally divided into three distinct categories: 1) data
with random noise injection; 2) data augmented via domain
adaptation; and 3) baseline (unprocessed) data.

The comparative training dynamics of the four experimental
configurations are visualized in Fig. 8(a) and (b). Distinct
patterns emerge across the tests, which are distinguished by
their preprocessing strategies and associated curve colors: teal
(Test A), light blue (Test B), peach (Test C), and salmon red
(Test D).

In the teal curves (Test A), pronounced overfitting mani-
fests through stagnating validation accuracy and elevated loss
values. This phenomenon stems directly from the use of
noise-free synthetic training data, which permits the network
to memorize superficial patterns rather than develop gener-
alizable representations. Consequently, a striking divergence
emerges between the teal training and validation curves,
exposing the model’s inability to extrapolate beyond the
training distribution. Building upon this baseline (Test A),
the light blue curves (Test B) reveal moderate improvement
in generalization through Gaussian noise injection. While
the training accuracy and loss curves maintain persistent
fluctuations during the convergence phase (as monitored via
the validation set), the network achieves superior validation
performance (higher accuracy and lower loss) compared to
Test A. This enhancement confirms that the introduced noise
disrupts memorization patterns, helping the network generalize
better. After incorporating domain adaptation to the noise-
free data (in Test A), a noticeable reduction in overfitting is
observed in the peach curves (Test C). Here, the validation
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Fig. 9. Fault detection results on field data. (Left, right) Outcomes from Test A, Test B, Test C, and Test D, while (a)—(c) correspond to individual seismic
field data volumes. Each row illustrates detection performance across all tests for a single volume. Arrows indicate areas where the detection results of Test D

outperform other tests.

curves closely follow the training curves, converging at similar
rates. The model’s performance improves further, demon-
strating that domain adaptation allows the model to better
generalize learned features to unseen data. Consequently, the
model achieves improved performance on validation, attaining
higher accuracy and lower loss compared to earlier tests. The
optimal performance emerges in the salmon red curves (Test
D), combining domain adaptation with data augmentation.
This dual approach minimizes the gap between training and
validation while achieving the highest accuracy and lowest loss
overall. Data augmentation complements domain adaptation
by exposing the model to a broader range of examples, further
boosting robustness and reducing overfitting.

To quantitatively assess performance, we evaluate four key
metrics (accuracy, dice coeflicient, intersection over union
(IoU), and recall) by systematically comparing fault detection
outcomes from the four experimental groups against ground-
truth fault annotations. As illustrated in the metric score
comparison [Fig. 8(c)], our proposed strategy (Test D) consis-
tently outperforms the other three methods across all evaluated
benchmarks. These results highlight its superior robustness and
enhanced accuracy in fault identification relative to alternative
methodologies.

Additionally, to enable intuitive evaluation of experimental
outcomes, fault detection is applied to 120 validation sam-
ples [as shown in Fig. 8(d)]. All four experimental groups

demonstrate effective fault identification in noise-free seismic
volumes. However, when tested on seismic volumes con-
taminated with random noise, distinct performance variations
emerge. Test A exhibits significant performance degrada-
tion, with results heavily affected by noise interference and
fragmented fault delineations. Test B displays partial fault
omissions, failing to detect specific fault segments, while Test
C generates discontinuous fault identifications. In contrast,
Test D achieves comprehensive fault detection without omis-
sions, maintaining robustness under noisy conditions. When
detecting faults in seismic volumes after domain adaptation,
Tests A and B show further deterioration in performance, with
notably reduced detection accuracy. Tests C and D, however,
preserve robust fault detection capabilities, accurately identi-
fying all faults. Notably, Test D outperforms all other methods
by producing continuous fault traces with superior clarity and
precision across both noise-contaminated and domain-adapted
scenarios.

The effectiveness of fault prediction models must ulti-
mately be validated using real-world field data. To assess
performance, we apply the four models from our comparative
experiments (Tests A-D) to field seismic volumes for fault
detection. The results, illustrated in Fig. 9, reveal significant
disparities in their capabilities. The Test A model performs
poorly on field data, generating fragmented and unreliable
fault predictions with substantial noise. While the Test B
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model shows marginal improvement (detecting major faults),
its outputs remain inconsistent, plagued by false positives,
undetected faults, and discontinuous identifications. The Test
C model delivers more robust results, producing cleaner and
more coherent fault detections with reduced noise. How-
ever, the Test D model outperforms all others, achieving
remarkably continuous and precise fault identifications. It
successfully resolves fragmentation in regions where Tests
A—C fail (highlighted by orange arrows in Fig. 9), suppressing
noise effectively.

By conducting thorough qualitative and quantitative anal-
yses of synthetic and field data, we demonstrate that the
proposed strategy (combining domain adaptation and data
augmentation) markedly improves synthetic dataset diversity,
effectively integrates characteristics of field data, and sig-
nificantly reduces the disparity between synthetic data and
field data. In this way, our strategy enhances the network’s
capability to precisely identify and learn seismic data features,
thereby addressing the generalization challenges inherent in
models trained solely on synthetic data, which often lack
sufficient diversity and realism.

B. Channel Detection

To evaluate the versatility of our strategy in geophysical
applications, we test it on a different task of channel detection.
For training, we employ a dataset of 240 synthetic 128 X
128 x 128 seismic volumes annotated with channel labels
(see in [43]). Validation is performed using three field seismic
volumes from distinct survey areas, covering diverse geologi-
cal settings and channel types, to comprehensively evaluate
the robustness of the models. Mirroring the methodology
in prior experiments, we establish four experimental groups,
each trained on 220 volumes and evaluated against a shared
validation set of 60 volumes to maintain consistency and
reliability in comparative analysis.

Fig. 10 presents key experimental results from our channel
detection task. As evidenced by the accuracy and loss curves
[Fig. 10(a) and (b)], our strategy of domain adaptation and
data augmentation (Test D) achieves optimal performance,
yielding the highest accuracy and lowest loss on the shared
validation set. To further validate robustness, we quantified
results using additional metrics, including Dice coefficient,
IoU, and recall. Fig. 10(c) highlights that Test D outperforms
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right) correspond to individual seismic field data volumes. Each column illustrates detection performance across all tests for a single volume. Arrows indicate
areas where the detection results of Test D outperform other tests. Specifically, the detection results in the first column are displayed after horizon extraction

(see in [62]).

comparative methods across all metrics, confirming its quan-
titative superiority. Finally, Fig. 10(d) visualizes channel
detections of three synthetic seismic volumes from the
validation set. Test D delivers the most coherent channel
delineation and demonstrates exceptional robustness against
noise artifacts, outperforming alternatives in both precision and
interpretability.

Fig. 11 compares the channel detection performance of the
four models on 3 field volumes, while Fig. 12 visualizes their
detections on time slices. Among all models, Test D emerges
as the top performer, notably achieving continuous and dis-
tinct channels. Crucially, Test D resolves fragmentation issues
persisting in Tests A—C (as annotated by arrows in Figs. 11
and 12) and concurrently suppresses noise interference.

Generally, consistent with findings from fault detection
experiments, our integrated strategy significantly improves
detection accuracy and generalization in channel detection
tasks. Qualitative and quantitative analyses (Figs. 10-12)
collectively validate the method’s superiority, highlighting its
broad versatility in complex geological scenarios and practical
utility for geophysical interpretation workflows.

V. ABLATION

As described in Section II, the radial basis function is
employed to construct the fusion weights between the ampli-
tude spectra of synthetic and field data. To evaluate the impact
of the parameter w on downstream model performance, we
conducted an ablation study. Specifically, we tested three
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Fig. 12. Time-slice visualization of channel detections on the 3-D field seismic volumes (in Fig. 10). Arrows indicate areas where the detection results of

Test D outperform other tests.

TABLE I

PERFORMANCE COMPARISON UNDER DIFFERENT w PARAMETERS IN THE
ABLATION STUDY

Parameter(®) ‘ Accuracy Dice Recall IoU
w=238 97.75 68.94 69.59 54.70
w=45 98.12 73.34 72.73 58.69
0=06.0 98.09 72.89 72.27 58.10

configurations (w = 2.8, w = 4.5, and w = 6.0) using the
same datasets and training procedures. In each case, the fused
data served as input for model training and evaluation on the
same task.

Fig. 13 illustrates the fusion weight curves generated using
different values of w. While all curves exhibit a smooth
increase from low to high frequencies and asymptotically
converge to unity, their shapes vary significantly with the
choice of w.

1) With w = 2.8, the initial weight at the low-frequency
point is too small, resulting in insufficient integration of
field-specific characteristics. Consequently, the domain
adaptation effect is limited.

2) With w = 4.5, this setting achieves a relatively balanced
weighting between the synthetic and field spectra in the
low-frequency range. It preserves the structural fidelity
of the synthetic data while effectively incorporating the
statistical properties of the field data, leading to the best
validation performance.

3) With w = 6.0, the initial weight is excessively large,
leading to an overemphasis on field data, causing a slight
degradation in performance.

Table I summarizes the quantitative results for different w
values, confirming that w = 4.5 achieves the most favorable
performance. Overall, these findings suggest that w = 4.5 pro-
vides a reasonable tradeoff at the low-frequency end, though
the optimal selection of w may vary depending on specific
application scenarios.

Blending Weight
o
?

0.4 — 0=2.8
w=4.5
©®=6.0

0.2 T T T T T

0 50 100 150 200 250 300

Frequency Point

Fig. 13. Comparison of blending curves ¢(x) for different values of the
parameter w.

VI. DISCUSSION
A. Other Choices of Fourier-Based Data Augmentation

Yang and Soatto [54] were among the first to introduce
a Fourier-domain data augmentation strategy in the field of
computer vision. Our proposed domain adaptation method is
fundamentally different from the spectral transfer approach
they described in [54]. Specifically, spectral transfer adaptively
injects low-order statistical features from the target domain
into the source domain by replacing the low-frequency ampli-
tude components of the source with those of the target [a
process commonly referred to as amplitude swapping (AS)].
The corresponding formulation is

Aps = Asource X (1 - Mﬁ) + ATa.rget X Mp’- 4

Here, Asource and Aqger denote the amplitude spectra of the
source and target domains, respectively, while Mg is a mask
function that defines the low-frequency region and controls the
proportion of target amplitudes introduced. The exchange ratio
is determined by the hyperparameter 8, and the phase spectrum
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Fig. 14. Fault detection results of Test A, Test D, and Test E on the validation dataset. Test A corresponds to training on clean synthetic data without any
processing. Test E introduces data augmentation only. Test D combines augmentation with domain adaptation.

TABLE I

COMPARISON BETWEEN AS [54] AND THE PROPOSED
DOMAIN ADAPTATION METHOD

Parameter() ‘ Accuracy Dice Recall IoU
Ours 98.12 73.34 72.73 58.69
AS-partial 97.68 64.79 63.37 50.38
AS-full 98.09 72.62 71.77 57.71

remains unchanged. This operation can be regarded as a
frequency-domain analog of CutMix: target-domain amplitude
features are injected within a designated frequency band, while
source-domain features are retained elsewhere.

In this study, we conducted a comparative evaluation
between the AS method and our proposed domain adaptation
strategy under identical datasets and experimental settings.
Following [54], we considered two settings: swapping only
the first 30% of the frequency band (8 = 0.3, denoted as AS-
partial) and swapping the entire band (8 = 1.0, denoted as
AS-full). As summarized in Table II, our method consistently
outperforms AS across all major evaluation metrics. These
results indicate that, compared to the block-wise replacement
strategy in the frequency domain, our smooth weighting
approach better preserves spectral continuity, more effectively
incorporates the low-frequency statistical characteristics of
field data, and avoids excessive perturbations. Consequently,
it achieves more stable and superior domain adaptation per-
formance.

B. Effects of Four Spatiotemporal Data Augmentation
Strategies
To further evaluate the effectiveness of the four spatiotem-

poral data augmentation strategies, we designed an additional
experimental group, Test E, in which the network was trained

TABLE III

PERFORMANCE COMPARISON ACROSS TESTS A—E SETTINGS
ON FAULT DETECTION

Parameter(m) ‘ Accuracy Dice Recall ToU
Test A 93.6 36.5 46.3 26.1
Test B 97.4 65.3 67.1 50.3
Test C 98.2 73.8 73.6 59.2
Test D 98.3 77.3 82.1 63.8
Test E 96.1 39.8 41.7 30.5

on synthetic data with all four augmentation operations
applied, but without domain adaptation. The results of Test
E were compared against those of Test A and D on the shared
synthetic validation set for the fault detection task.

As shown in Table III, Test E achieved noticeable improve-
ments over Test A across most evaluation metrics. The
visualized fault detection results on the validation set (Fig. 14)
also revealed clearer and more coherent fault structures, with
reduced spurious noise. These findings suggest that data aug-
mentation enhances training sample diversity and improves
model robustness.

However, the performance gains remain limited. Specifi-
cally, Test E underperforms compared to Test B and Test C,
which apply random noise perturbation and domain adaptation
independently. A likely explanation is that the synthetic data
used in training are noise-free and therefore fail to capture fault
patterns embedded within the complex, nonstationary textures
of field data. As a result, the model still struggles to identify
faults in synthetic samples with realistic noise artifacts (see
last row in Fig. 14).

When domain adaptation is further incorporated on top of
the augmented training data in Test E, the model exhibits a
substantial improvement in fault detection, as demonstrated by
Test D. This comparison underscores that, although data aug-
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mentation alone is beneficial, its effect is inherently limited.
Achieving significant generalization in seismic fault detection
requires both enhancing data diversity and reducing domain
discrepancies.

C. Scalability and Limitations

The proposed domain adaptation and data augmentation
framework is lightweight and training-free, which makes it
highly scalable to larger datasets and applicable to diverse
seismic interpretation tasks. Since the spectral blending only
requires a Fourier transform and a frequency-dependent
weighting curve, the computational cost is negligible com-
pared with deep adversarial adaptation frameworks, enabling
efficient application to large-scale seismic volumes. Moreover,
the strategy is not restricted to fault detection, as demonstrated
by the additional channel identification results, and can be
extended to other geophysical tasks where data scarcity and
domain discrepancies are critical challenges.

Although the proposed domain adaptation method demon-
strates consistent improvements in our experiments, several
limitations remain. First, the method assumes that effective
adaptation can be achieved by blending amplitude spectra
while preserving the synthetic phase spectrum. In practice,
however, amplitude and phase are often coupled, and the
spectral blending process may disrupt this coupling, poten-
tially affecting features that rely on their consistency. Second,
although the parameter w exhibited robustness in our experi-
ments, its optimal selection for other datasets requires further
investigation. These issues will be systematically examined in
future work.

VII. CONCLUSION

We introduce an integrated strategy that combines domain
adaptation with various data augmentation techniques, specif-
ically designed to overcome the shortcomings of realism and
diversity in existing training datasets. Our approach bridges
the gap between synthetic and field data while enhancing
dataset variability, enabling neural networks to deliver superior
performance in geophysical tasks.

Through rigorous validation across diverse seismic datasets,
our strategy demonstrates effectiveness in enhancing model
generalization and detection accuracy. Its robustness and versa-
tility are further underscored by consistent success in multiple
tasks, such as fault detection and channel identification. By
simultaneously addressing limitations in data authenticity and
diversity, our approach unlocks the potential of deep learning
in geophysics, providing a practical solution for scenarios
constrained by limited data diversity and realism.
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