4

L Journal of Applied Mathematics and Physics, 2025, 13(12), 4280-4295
Q“‘ Scientific . . .
https://www.scirp.org/journal/jamp
0 ’ Research
94¢% Publishing ISSN Online: 2327-4379

o,

ISSN Print: 2327-4352

Seismic Multiple Attenuation Method Based on
Spectral Subtraction and Convolutional Dual
Attention Mechanism

Mingming Fang!, Zhonghua Ma1.2*

!College of Science, Tianjin University of Technology and Education, Tianjin, China
“Lvliang Vocational and Technical College, Lvliang, China
Email: ¥2585336915@qq.com

How to cite this paper: Fang, M.M. and Abstract
Ma, Z.H. (2025) Seismic Multiple Attenua-
tion Method Based on Spectral Subtraction Multiple reflections in seismic exploration data severely degrade subsurface

and Convolutional Dual Attention Mecha- imaging accuracy and interpretation reliability. Traditional multiple attenua-

nism. Journal of Applied Mathematics and

Physics, 13, 4280-4295.
https://doi.org/10.4236/jamp.2025.1312237

Received: November 18, 2025
Accepted: December 15, 2025
Published: December 18, 2025

Copyright © 2025 by author(s) and
Scientific Research Publishing Inc.

This work is licensed under the Creative
Commons Attribution International
License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

tion methods exhibit limited performance under complex geological condi-
tions, while existing deep learning approaches struggle to simultaneously sup-
press high-energy multiples and preserve the structural continuity and ampli-
tude fidelity of primary reflections. This paper proposes an enhanced U-Net
architecture termed Seismic-CBAM-UNet, employing a two-stage cascaded
strategy of “frequency-domain preprocessing + attention-enhanced network”.
The method first applies spectral subtraction in the frequency domain to pre-
process raw seismic data, specifically targeting multiples concentrated in the
low-frequency band. Subsequently, Convolutional Block Attention Modules
are embedded within the network architecture, integrating both channel and
spatial attention mechanisms to enable adaptive focusing on geologically sig-
nificant reflection events. Experimental results demonstrate that our method
outperforms Wiener filtering and wavelet thresholding across multiple evalu-
ation metrics: achieving 1.62 dB SNR improvement, 61.3% multiple attenua-
tion rate, 92.10% primary preservation rate, and 0.798 structural similarity in-
dex. The proposed approach effectively suppresses multiple interference while
precisely maintaining geological structure continuity and amplitude charac-
teristics, providing reliable technical support for high-precision imaging in
complex seismic environments.
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1. Introduction

Seismic exploration, as a fundamental geophysical technique for hydrocarbon de-
tection [1] [2], mineral prospecting [3]-[5], and investigations of Earth’s deep
structure [6] [7], seeks to reconstruct subsurface geological architectures and lith-
ological distributions with high accuracy and resolution by analyzing the propa-
gation characteristics of artificially generated seismic waves through subsurface
media [8] [9]. However, during practical data acquisition, raw seismic records are
inevitably contaminated by strong multiple reflections resulting from complex
wavefield interactions [10]. These multiples arise from repeated reflections, re-
fractions, and diffractions of seismic waves between strong reflectors such as the
free surface, sea surface, and interfaces of high-velocity layers. Characterized by
complex propagation paths, high energy, broad spatial distribution, and substan-
tial overlap with primary reflections in the time-space domain, multiples present
major challenges for seismic interpretation [11]. Their presence not only gives rise
to “false horizons” or “ghost reflections” in seismic images—potentially leading
to serious misinterpretations of subsurface structures—but also interferes with es-
sential processing workflows such as amplitude variation with offset analysis and
inversion modeling, thereby significantly reducing the reliability of reservoir prop-
erty estimation. More critically, as coherent noise with high amplitude, multiples
inject spurious energy during seismic stacking and migration, severely degrading
both the signal-to-noise ratio and lateral resolution of the final image. This ulti-
mately constrains imaging fidelity and reduces exploration success rates. Conse-
quently, the effective identification and suppression of multiples have emerged as
pivotal technical bottlenecks in enhancing seismic data quality, ensuring the ac-
curacy of geological modeling, and mitigating uncertainty in hydrocarbon explo-
ration.

Traditional multiple attenuation techniques—such as predictive deconvolution
[12] [13], Radon transform [14]-[16], and 7-p domain filtering [17] [18]—are pre-
dominantly developed under specific physical assumptions, such as the periodic-
ity, linear trajectories, or hyperbolic moveout behavior of multiple reflections. Alt-
hough these conventional approaches have achieved notable success under ideal-
ized or geologically simple conditions, their performance deteriorates markedly
when encountering complex near-surface structures, highly nonlinear multiple
events, or data with low signal-to-noise ratios. The fundamental limitation of
these approaches lies in their strong dependence on accurate velocity models or
prior wavefield information, which are often difficult to obtain reliably in practical
exploration environments. Moreover, these methods are highly sensitive to pa-
rameter tuning and typically require extensive manual intervention and expert
knowledge, which severely constrain their degree of automation. Furthermore,
these traditional techniques generally exhibit limited generalization capability,
struggling to adapt to data variations across different survey areas or geological
contexts, thereby compromising the robustness and consistency of the entire pro-

cessing workflow.
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In recent years, the rapid evolution of artificial intelligence has introduced
transformative paradigms to seismic signal processing. Encoder-decoder fully
convolutional architectures, exemplified by U-Net [19], exploit their strong non-
linear modeling capacity and intrinsic end-to-end mapping capability to directly
learn complex wavefield separation patterns from large collections of paired noisy
and clean data, thereby eliminating the need for explicit physical modeling or la-
bor-intensive parameter tuning. Wang et al [20] propose a deep learning-based
method for multiple suppression, using a convolutional encoder-decoder neural
network trained with data augmentation to effectively reconstruct primaries and
attenuate multiples in marine seismic data. Hu et al [21] propose a lightweight
deep learning approach—Mobilenet-Unet with depthwise separable convolution—
for intelligent suppression of free-surface-related multiples in marine seismic
data, achieving efficient and robust multiple attenuation through data augmenta-
tion and synthetic training sets. Geng et al [22] propose a DC-LSTM method that
combines data correlation with LSTM networks to accurately suppress multiples
while preserving primaries in CMP gathers, outperforming the Radon transform
in both synthetic and real data tests. Wang et al [23] propose an unsupervised
deep learning method based on adaptive virtual events and ensemble learning to
suppress internal multiples without requiring labeled primary or multiple data,
effectively addressing the lack of training labels and demonstrating strong perfor-
mance on both synthetic and field data.

Although deep learning-based multiple attenuation techniques have achieved
remarkable progress in recent years, a critical challenge persists in complex seis-
mic environments: effectively suppressing high-energy multiples while simulta-
neously preserving the structural continuity and amplitude fidelity of primary re-
flections with high precision. To address this issue, this study proposes an en-
hanced U-Net-based architecture, termed Seismic-CBAM-UNet, which integrates
spectral subtraction with attention mechanisms. The proposed method first ap-
plies spectral subtraction in the frequency domain to pre-process the raw seismic
data, specifically attenuating multiple energy concentrated within the low-fre-
quency band. Subsequently, Convolutional Dual Attention modules are embed-
ded within the U-Net’s encoder-decoder framework, incorporating both channel
and spatial attention mechanisms. This design enables the network to adaptively
emphasize geologically significant reflection events while effectively suppressing
residual noise. Consequently, this strategy enhances the network’s sensitivity to
critical wavefield features and significantly improves the balance between multiple

suppression and primary signal preservation.

2. Method

The proposed method, Seismic-CBAM-UNet, adopts a two-stage cascaded strat-
egy— “frequency-domain preprocessing + attention-enhanced network”—to
achieve efficient multiple suppression and high-fidelity reconstruction of primary

reflections. First, before inputting the data into the network, spectral subtraction
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is applied in the frequency domain to preprocess the raw seismic records. This
step specifically attenuates the multiple energy concentrated in the low-frequency
band [8] [9] while preserving the original phase information to maintain wave-
form integrity. Subsequently, the preprocessed data is fed into a U-Net-based deep
convolutional network, in which a Convolutional Dual Attention module is em-
bedded within every encoder and decoder block. The CDA module integrates both
channel and spatial attention mechanisms, enabling the model to adaptively focus
on geologically significant reflection events and suppress residual noise. Through
this joint design, Seismic-CBAM-UNet achieves a fine-grained balance between
multiple attenuation and preservation of primary reflection structures within an

end-to-end learning framework.

2.1. Spectral Subtraction Preprocessing

Spectral subtraction is a well-established technique for noise reduction in the fre-
quency domain. The fundamental principle involves subtracting an estimate of
the noise spectrum from the magnitude spectrum of the noisy signal within the
frequency domain, thereby approximating the spectrum of the clean signal. This
method assumes that the noise and the desired signal are statistically independent
in the time domain. Under the assumption of short-time stationarity, the noise
power spectrum can be estimated from segments where the signal is absent.

Let the original noisy seismic signal be represented by x(¢), which can be for-

mulated as:
x(t):s(t)+n(t) (D

where s(t) represents the primary reflection and n(¢) accounts for multiples
or random noise. By applying the Short-Time Fourier Transform (STFT) to x(7),

its complex spectrum is obtained as follows:
X(k,m):S(k,m)+N(k,m) 2)

where k refersto the frequencybinindex,and m corresponds to the time frame
index.

Spectral subtraction operates exclusively on the magnitude spectrum, while the
original phase is preserved to prevent waveform distortion. The estimated magni-

tude spectrum is expressed as:
A, (kym) = max {| X (k,m)| - 4, (k). B-|X (k,m)} 3)

where |X (k,m)| is the magnitude spectrum of the noisy signal; zzln (k) is an
estimate of the noise magnitude spectrum; a >1 is an over-subtraction factor
used to enhance noise suppression and prevent residual noise; [ e [0, 1] is a spec-
tral floor factor that prevents excessive subtraction and mitigates the occurrence of
“musical noise”; and the max () operation ensures a non-negative output.

The final enhanced signal is reconstructed via the inverse STFT (ISTFT):
§(1)=ISTFT{4, (k,m)-¢" "} 4)
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where £X (k,m) is the original phase spectrum of the noisy signal.

2.2. Seismic-CBAM-UNet Architecture

The Seismic-CBAM-UNet employs the classic U-Net architecture as the baseline
model. The U-Net architecture is a symmetric encoder-decoder structure that has
been widely employed in tasks such as image segmentation and seismic wavefield
separation. The encoder progressively extracts multi-scale features via stacked
convolutions and downsampling operations, whereas the decoder incrementally
restores spatial resolution through upsampling, simultaneously integrating fine-
grained low-level details through skip connections to achieve pixel-wise mapping.
This architecture provides robust end-to-end learning capabilities, effectively pre-
serving the structure of primary reflections.

To further augment the network’s capacity to capture critical wavefield struc-
tures, this work integrates the Convolutional Block Attention Module (CBAM)
within the standard U-Net framework. Without substantially increasing compu-
tational overhead, as shown in Figure 1, CBAM enables fine-grained reweighting
of feature maps by sequentially stacking the Channel Attention Module (CAM)
and the Spatial Attention Module (SAM), thereby refining feature representations
along two complementary dimensions: channel importance and spatial saliency.

The CAM is designed to model the relative importance of feature responses

across different channels. By adaptively learning channel-wise weights, CAM
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Figure 1. The structure of the CDA module.
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enhances the responses of task-relevant channels while effectively suppressing re-
dundant or noisy ones. Specifically, given an input feature map F', the module
first applies Global Average Pooling (GAP) and Global Max Pooling (GMP) op-
erations along the spatial dimensions to generate two distinct channel descriptors:

F;, =GAP(F)e R (5)

avg

Fy =GMP(F)eR“™ (6)

max

These two pooling operations capture the global semantic information of chan-
nel features from complementary perspectives: the “mean channel response” and
the “peak channel response,” respectively. This, in turn, provides complementary
statistical representations. To capture nonlinear inter-channel dependencies, the
two pooled results are subsequently fed into a shared-parameter Multilayer Per-
ceptron (MLP). The MLP typically consists of two fully connected layers, with a
dimensionality-reduction bottleneck in the intermediate layer, aimed at reducing

computational complexity and enhancing cross-channel interaction:

W, =MLP(F, ) 7)

avg avg

w :MLP(F‘) (8)

max max

Finally, the channel feature vectors output by the two MLP branches are ele-
ment-wise summed and subsequently normalized using a Sigmoid activation

function to generate the final channel attention weight map:

M, (F)=o(MLP(Fy,)+MLP(Fy, )) e RO )

avg max

where o represents the Sigmoid function, with an output range of (0, 1), and is
employed to adaptively rescale the original feature map along the channel dimen-
sion:

F'=F®M,_(F) (10)

This design enhances the sensitivity of the channel attention mechanism to di-
verse feature patterns by integrating complementary information from both aver-
age and max pooling, thereby improving the model’s ability to discriminate and
select critical channels. Meanwhile, the shared MLP structure effectively captures
complex inter-channel dependencies without introducing excessive parameters,
thereby reflecting the module’s lightweight design and efficiency.

The SAM is designed to model the distribution of importance across various
spatial locations in the feature map. By generating a spatial attention mask, SAM
directs the network’s focus towards more discriminative regions, thereby enhanc-
ing the spatial awareness of the features. Given the intermediate feature map
F' e R output from the Channel Attention Module, SAM first applies GAP
and GMP along the channel dimension to produce two 2D spatial descriptor

maps:
IxHxW
F:if/g = AVgPOOlchannel (F') € R (1 1)
s IxHxW
Fmax = MaXP()Olchanncl (F’) € R (12)
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These operations extract spatial saliency cues from the perspectives of “mean
channel response at each spatial location” and “maximum channel response at
each spatial location,” respectively, while preserving the spatial structure of the
original feature map and reducing the channel dimension to 1. This results in
compact input representations, which are used for subsequent spatial attention
modeling. The two spatial descriptor maps are then concatenated along the chan-

nel dimension to form a two-channel spatial feature map:

F :Concat(FS F )ERZXHXW (13)

cat avg? " max

This concatenation effectively integrates the complementary spatial infor-
mation captured by the two pooling strategies, thereby enhancing the model’s
ability to represent diverse spatial patterns. Subsequently, a standard convolu-
tional layer is applied to the concatenated feature map to model the spatial con-

text, resulting in a single-channel spatial attention map:

M (F")= O'(COHV7X7 (F,'y )) e RV (14)

cat

where o represents the Sigmoid activation function, normalizing the output
values to the range (0, 1), thereby yielding an attention weight distribution across
spatial locations. Finally, this weight map is applied to the input feature map F’
via element-wise multiplication, achieving adaptive rescaling along the spatial di-

mension:

F"=F'®M_ (F') (15)

This design dynamically identifies and enhances semantically critical regions
while suppressing background noise and irrelevant areas by integrating spatial
statistics from both average and max pooling, coupled with a standard convolu-
tional layer for local context modeling. The selection of the convolution kernel
size effectively balances the preservation of local details with a sufficiently large
receptive field, thereby enhancing the robustness and generalization capacity of
the spatial attention mechanism.

As shown in Figure 1, the Convolutional Dual-Attention (CDA) module is de-
signed as a unified composite block that integrates feature extraction and atten-
tion-based refinement. Specifically, the CDA module represents the complete se-
quence of two consecutive 3 x 3 convolutional layers, each followed by batch nor-
malization and ReLU activation, and is immediately followed by the CBAM atten-
tion mechanism. In this architecture, the standard double-convolution block of
the original U-Net is entirely replaced by the CDA module. The input feature map
is first processed by the dual convolutions to extract high-level representations,
which are then adaptively recalibrated by the CBAM before being passed to the
subsequent downsampling or upsampling stage. CBAM adaptively recalibrates
feature weights along both the channel and spatial dimensions, allowing the net-
work to dynamically emphasize important features while suppressing irrelevant
information. The convolutional layers are implemented without bias terms, in-

stead relying on batch normalization for bias correction. Additionally, 3 x 3 con-
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volutional kernels with unit padding are employed to maintain the spatial dimen-
sions of the feature maps. By integrating an attention mechanism into conven-
tional convolutional feature extraction, this module enhances the model’s sensi-
tivity to critical information and improves the effectiveness of feature representa-

tion. Given an input feature map X, the CDA module is computed as:

X, = Convl, , (BN(ReLU(X))) (16)
X, =Conv2,, (BN(ReLU(X,))) (17)
X, = CBAM(X, ) (18)

where Convl,; and Conv2,, denote the first and second convolutional oper-
ations, BN and ReLU represent batch normalization and ReLU activation, and
Xout

the subsequent pooling or upsampling operations.

denotes the final output of the CDA module, which serves as the input for

As shown in Figure 2, Seismic-CBAM-UNet employs a symmetric encoder-
decoder architecture. In the encoder, the input layer first passes through a CDA
module with 64 channels, followed by four successive max-pooling operations for
progressive downsampling. After each downsampling step, the number of chan-
nels progressively doubles (64 > 128 > 256 > 512 > 1024), with a CDA module
applied at each stage to perform feature extraction and attention weight compu-
tation. The encoder progressively captures high-level semantic features of seismic
signals, concurrently reducing spatial resolution. In the decoder, reconstruction
begins at the deepest layer with 1024 channels and progresses through four up-
sampling operations to gradually restore spatial resolution. After each upsampling
step, the number of channels is halved (1024 > 512 > 256 > 128 > 64), with a
CDA module similarly applied to ensure high-quality feature reconstruction. The
primary role of the decoder is to recover fine-grained seismic signal structures
from abstract representations. Between the encoder and decoder, four skip con-
nections are established, linking feature maps at corresponding resolution levels.
These connections fuse low-level detail information from the encoder with high-

level semantic information from the decoder, effectively mitigating potential

64 64
Input — - - - — Output
l 128
- - 128
l 256
—) —) 256
1 512 == CDA Module
- - 512 1 Maxpool
l UpSample
L d 1024 Skip Connection

Figure 2. The structure of the Seismic-CBAM-UNet.
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information loss during downsampling, and playing a crucial role in preserving

the fine structures of seismic reflection events.

3. Experiments

3.1. Dataset and Implementation Details

The model was trained and evaluated using a private seismic dataset consisting of
500 paired samples. Each seismic section was cropped to a spatial resolution of
512 x 512 pixels. The implementation was carried out using the PyTorch frame-
work on an NVIDIA 4090 GPU.

For the training strategy, we employed the Adam optimizer with an initial
learning rate of 1 x 107* and a weight decay of 1 x 107 to ensure stable conver-
gence and mitigate overfitting. The batch size was set to 16, and the network was
trained for a total of 200 epochs. To further optimize the training process, we uti-
lized the ReduceLROnPlateau scheduler to dynamically adjust the learning rate

when the validation loss ceased to decrease.

3.2. Loss Function

This paper employs a combination of Mean Squared Error (MSE) and L1 loss as

the objective function, formulated as follows:

L=1L,;+0.1xL, (19)
1 A \2
Lyse :WZ(% _yi) (20)
im1

(21)

1 & .
Ly, :szji )i
i1

where y, denotes the ground-truth primary-wave seismic trace, J, represents

the network’s predicted output, and N is the total number of samples in the data.

3.3. Evaluation Metrics

This paper employs the Primary Preservation Rate (PPR), SNR Improvement,
Structural Similarity Index (SSIM), and Multiple Attenuation Rate (MAR) as eval-

uation metrics, which are calculated as follows:

PRP:[I— y_yclean zJ (22)
yclmn 2 t+é
ASNR = SNR (.)’)3 yclean ) - SNR (ydirty > yclean ) (23)
2
X
SNR (%, ) =10-log, | — 12— (24)
' ”x—x,e/. ,tE

(2,leuy +C )(2o-xy +G, )
(,uf+,uﬁ+Cl)(0'x2+0'i+C2)

SSIM (x,y) = (25)
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"y - yclean

MAR =|1-
||ydirty = Vetean

2 (26)
te

where J is the network’s predicted output, y,,. isthe ground-truth primary-

wave label, y,, isthe inputimage, and &= 10" is a numerical stability term.

4. Results

To evaluate the effectiveness of the proposed method, comparative experiments
were conducted against wavelet thresholding and Wiener filtering. The experi-
mental results are summarized in Table 1. As shown in Table 1, the proposed
method consistently achieves the best performance across all four core evaluation
metrics, demonstrating its clear superiority as a preprocessing strategy for seismic
multiple attenuation. Specifically, the ASNR attains +1.62 dB, corresponding to a
net gain of 0.69 dB relative to Wiener filtering. This improvement not only indi-
cates that the energy distribution of the model output more closely approximates
that of the true primary wave, but also signifies a fundamental shift in the pro-
cessing paradigm—from “introducing distortion” to “effectively enhancing” sig-
nal fidelity. Moreover, the MAR attains 61.3%, indicating that Seismic-CBAM-
UNet, when trained with spectral subtraction preprocessing, can effectively sup-
press the energy of multiples embedded in the raw data. Furthermore, the Primary
Preservation Rate (PPR) increases to 92.10%, and the Structural Similarity Index
(SSIM) attains 0.798, confirming that the model effectively preserves the ampli-
tude, phase, and continuity of primary reflections while suppressing noise—
without introducing common artifacts such as over-smoothing or structural dis-
continuities. The foundation of this comprehensive performance gain lies in the
strong correspondence between the spectral subtraction mechanism in the fre-
quency domain and the physical characteristics of seismic multiples. In marine
and shallow-land seismic surveys, multiples are typically concentrated within the
low-frequency band, exhibiting high energy and relatively stable time-frequency
distributions, with spectral energy predominantly residing in the 5 - 20 Hz range.
By contrast, useful primary reflections are primarily distributed within the mid-
to-high frequency range (20 - 80 Hz). By applying the STFT to project the signal
into the time-frequency domain, spectral subtraction adaptively attenuates each
frequency bin according to an estimated noise spectrum, thereby enabling precise
“peak clipping” of multiple energy—particularly in the low-frequency region.

Crucially, this method preserves the original phase spectrum and modifies only

Table 1. Quantitative comparison of multiple attenuation performance among different
methods.

Method PRP (%) ASNR (DB) SSIM MAR (%)
Wiener filtering 91.62 +0.93 0.789 52.4
wavelet thresholding 91.85 +1.35 0.791 58.7
Ours 92.10 +1.62 0.798 61.3
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the magnitude spectrum, thereby maximally maintaining the temporal waveform
integrity during reconstruction. This effectively prevents phase-induced distor-
tions, such as alignment warping or travel-time shifts—factors that are critical for
subsequent geological interpretation and horizon delineation.

Figure 3 illustrates the superior performance of Seismic-CBAM-UNet in sup-
pressing seismic multiples. The original noisy data contains strong and chaotic
interfering waves that severely obscure weak yet geologically significant reflection
events in the background. In particular, in the first and second rows, the noise
energy is so dominant that the primary geological structures are almost com-
pletely obscured. After processing with the proposed method, the noise is sub-
stantially suppressed. Compared with the original noisy data, the background be-
comes markedly cleaner, and the signal-to-noise ratio is greatly improved. Con-
tinuous and coherent reflection events representing true geological interfaces—
previously buried beneath noise—such as the curved reflector in the first row and
the horizontal and dipping reflectors in the second and third rows, are now clearly
revealed. Furthermore, when compared with the ideal ground-truth data, the pro-
posed method not only effectively removes noise but, more importantly, accu-
rately identifies and preserves geologically meaningful information without intro-
ducing perceptible artifacts. This finding clearly demonstrates the model’s excep-

tional capability in maintaining structural fidelity.

PR EED RGO B G ETLus
IAAssARARARS A RRENY 3 p INARANAANAANR RN RSN Y

g B, T 3, |

ARAALAARARARA AR A A AR AR RARARARAY

ALRARRALRRRNRARY ULUDERVURRVATANY] O T R v ey

Dirty Clean Ours

Figure 3. Comparison of denoising performance on seismic data sections.

Figure 4 compares the original multiple-wave data, data processed by three dif-
ferent preprocessing methods, and the primary-wave target data. In the original
multiple-wave data, dense arc-shaped multiples are clearly visible in the upper

section, forming distinct “false reflectors” that severely obscure the underlying
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valid reflections. In the middle and lower sections, although the reflectors are gen-
erally continuous, they suffer from intense amplitude fluctuations and local dis-
continuities due to multiple interference. After spectral subtraction preprocessing,
the energy of the arc-shaped multiples in the upper section is significantly atten-
uated—nearly eliminated—allowing the deeper reflectors beneath to become clearly
visible. The reflection structures in the middle and lower sections are well pre-
served, with stabilized amplitudes and restored continuity of reflectors. Overall,
the image “cleanliness” is greatly enhanced, closely resembling the primary-wave
target. Following wavelet-threshold preprocessing, the suppression of multiples is
slightly less effective than spectral subtraction: faint band-like artifacts remain in
the upper section, though their intensity is substantially reduced. The middle and
lower reflectors remain well-defined with sharp edges, particularly excelling in
preserving high-frequency details. After Wiener filtering preprocessing, the image
appears smoother overall. Multiples in the upper section are partially attenuated
but not as thoroughly as with the previous two methods. Reflectors in the middle
and lower sections become slightly blurred, especially at steeply dipping inter-

faces, where edge sharpness is compromised.

IR ERE R LIRRLERIAARRREY LRLLLALAAAARARR . LRRAAARARAARIRRY . LLLRRLLRRRRLLLY

AREBRRL R R ALY AR RANARANAA) AN \ AN A ARLT AR AR

Wavelet Wiener Spectral

. o . Cl
Thresholding  Filtering  Subtraction ean

Dirty
Figure 4. Comparison of multiple suppression results using different preprocessing methods.

Figure 5 displays the improvement maps, which quantify the performance
gains of each preprocessing method over using the raw data directly, using a blue-
to-red colormap. The improvement map corresponding to spectral subtraction is
almost entirely dominated by deep blue: the vast majority of pixels—from top to
bottom and left to right—show significant positive enhancements. Particularly in
the upper region where multiples are most energetic, the blue saturation is ex-
tremely high, indicating that this method achieves its strongest noise suppression
precisely where it is most needed. This localized superiority substantially exceeds
improvements in other areas and strongly corroborates spectral subtraction’s sta-
tus as the optimal preprocessing approach.

While this study primarily benchmarks against traditional signal processing
methods to validate the fundamental efficacy of the proposed architecture, it is
valuable to contextually compare the Seismic-CBAM-UNet with existing deep
learning paradigms cited in the introduction [20]-[23].

Unlike standard encoder-decoder models [20] or lightweight architectures like
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Figure 5. Improvement maps showing the performance gain of different preprocessing
methods.

MobileNet-Unet [21] which rely purely on data-driven feature extraction, our
method explicitly integrates domain knowledge and attention mechanisms. The
spectral subtraction step incorporates the physical characteristic of low-frequency
multiple concentration, acting as a physics-guided prior that simplifies the map-
ping task for the network. Furthermore, compared to sequence-based models like
DC-LSTM [22], the embedded Convolutional Dual Attention modules allow our
network to capture long-range spatial dependencies and subtle structural details
more effectively in the 2D image domain. Although unsupervised methods [23]
offer advantages when labels are scarce, our supervised strategy, enhanced by the
dual-attention and frequency-domain preprocessing, ensures superior amplitude

fidelity and structural preservation when high-quality training data is available.

5. Discussion

Despite the superior performance demonstrated in the experiments, the proposed
Seismic-CBAM-UNet has potential limitations. A primary constraint arises from
the spectral subtraction preprocessing stage, which relies on the assumption that
multiple energy is predominantly concentrated in the low-frequency band (5 - 20
Hz) while primary reflections occupy higher frequencies.

In geological environments with significant frequency overlap—such as deep
reservoirs where primary signals are naturally attenuated to lower frequencies—
the spectral subtraction step might inadvertently suppress useful primary energy
alongside the multiples. Although the subsequent Convolutional Dual Attention
mechanisms are designed to recover and focus on structural details using spatial

features, the initial loss of spectral information could potentially limit the final
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reconstruction fidelity in such extreme scenarios. Future iterations of this method
could explore adaptive spectral weighting or end-to-end architectures that learn

frequency decomposition implicitly to mitigate this dependency.

6. Conclusions

This paper presents Seismic-CBAM-UNet, a novel seismic multiple attenuation
method that integrates spectral subtraction with convolutional dual attention
mechanisms to effectively address the fundamental challenge of balancing multi-
ple suppression and primary signal preservation in complex seismic environments.
Experimental results demonstrate superior performance compared to traditional
methods across key metrics including SNR improvement, multiple attenuation
rate, primary preservation rate, and structural similarity. The method’s core ad-
vantages include: 1) Leveraging the physical characteristic that seismic multiples
concentrate in low-frequency bands through targeted spectral subtraction prepro-
cessing, effectively attenuating dominant multiple energy; 2) Embedding CBAM
attention mechanisms to enable adaptive recognition and enhancement of geo-
logically significant reflection features while suppressing residual noise; and 3)
Preserving original phase information to avoid waveform distortion and ensure
reliable seismic interpretation.

The method demonstrates excellent performance not only on synthetic data but
also shows strong generalization capability on real seismic data, providing an ef-
ficient and robust solution for seismic data processing workflows. Future work
will explore the application of this approach to three-dimensional seismic data
processing, further optimize the network architecture for more complex geologi-
cal scenarios, and investigate unsupervised or weakly-supervised learning strate-

gies to reduce dependency on large volumes of labeled training data.
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